
Advanced Learning-based Visual Content
Analysis for Computer Vision

VEENA MURTHY SRINIVASA DODBALLAPUR

SID: 470430501

Supervisor: A/Prof. Weidong Cai

This thesis is submitted in fulfillment of
the requirements for the degree of

Doctor of Philosophy

School of Computer Science, Faculty of Engineering
The University of Sydney

Australia

This research reported in this thesis was supported by the award of a Research Training
Program scholarship to the PhD Candidate.

9 April 2024



Student Plagiarism: Compliance Statement

I certify that:

I have read and understood the University of Sydney Student Plagiarism: Coursework Policy

and Procedure;

I understand that failure to comply with the Student Plagiarism: Coursework Policy and Pro-

cedure can lead to the University commencing proceedings against me for potential student

misconduct under Chapter 8 of the University of Sydney By-Law 1999 (as amended);

This Work is substantially my own, and to the extent that any part of this Work is not my own

I have indicated that it is not my own by Acknowledging the Source of that part or those parts

of the Work.

Name: Veena Murthy Srinivasa Dodballapur

Signature: Date:

ii



Abstract

This thesis tackles the challenges in deep neural networks by introducing advanced learning-

based methods for visual content analysis tasks for computer vision. Historically, there has

always be an interest to understand digital image or sequence of images to draw out useful

information to aid in decision making for various real-world computer vision applications. The

earlier technologies focussed on using hand-crafted features and this progressed to more robust

features using deep neural networks (DNN). The DNN network has shown significant improve-

ment in computer vision applications such as object detection and classification, counting and

segmentation. The success of deep neural network models depends on good quality data en-

compassing different conditions such as backgrounds, occlusions, cameras, poses, morpholog-

ical features and accurate annotations. However, we see that it is challenging, expensive and

tedious to obtain annotated datasets which cover diverse conditions. While some applications

can get-by with the coarse bounding-box annotations, pixel level annotation plays an important

part in object detection accuracy, so that the noise from the background can be filtered out.

The quest for improved deep learning solutions is ongoing. Computer vision applications

use techniques such as classification, object detection, segmentation and counting both widely

and extensively. However, these applications have challenges such as domain variability, poor

generalization, inadequate localization, and incomplete and weakly annotated datasets which

need to be addressed to obtain better application accuracy. Hence, there is a need for advanced

solutions which address these challenges. In the thesis, which we have divided into two parts,

we tackle these challenges within both fully supervised and weakly supervised settings, con-

textualizing them in various applications.

In the first part of our thesis, we develop sophisticated deep learning techniques for com-

puter vision applicable to a fully supervised context. We present methods aimed at enhancing

model generalization and refining object localization. We have studied the use these advanced

deep learning methods in classification and object detection to demonstrate the effectiveness of

our algorithms.
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We address the challenge of poor generalization using automatic and adaptive dropout

for object classification scenarios. Existing regularization methods using dropout, use hyper-

parameters to specify a dropout rate. Alternatively, they rely on structural changes to the net-

work, addition of noise, ensemble of networks or sparsity of weights. These alternatives are

more expensive to implement and cannot be easily adapted in existing deep learning models.

We propose two novel and improved dropout methods, which provide better generalization of

deep learning models without requiring any hyper-parameters. Our methods provide an auto-

matic and adaptive approach of determining a dropout rate using the distribution of the neuron

activations, and achieves better performance across popular datasets and deep learning net-

works. Our method can be used as a drop-in replacement for any deep neural network with

standard dropout and does not rely on structural changes to the network.

Our second method proposes a dual-stage deep learning framework based on Mask R-CNN

for better localization of objects, thus improving detection accuracy. Furthermore, we extend

our method to automatically generate pixel-level masks for weakly annotated datasets. We

demonstrate the advantage of our method on two cell datasets with morphological variations,

by improving the detection accuracy.

The fully supervised approaches provide promising results, but rely on fully annotated

datasets. Training robust deep learning models require datasets that encompass all types of

variations in data, including pixel-level annotations. Preparing and obtaining such datasets is

expensive and impractical. Weakly supervised methods provide an advantage over fully super-

vised methods to address the lack of full annotation. In the second part of our thesis, we extend

our fully supervised approaches to handle incomplete datasets where the major challenges are

domain gap and weak annotations, and apply it to object detection, person re-identification, and

cell counting.

Domain gap is a major challenge to overcome in both object detection and person identi-

fication scenarios. In the case of object detection, we build on the approach developed in the

first part of our thesis to solve both domain gap and localization challenges. In this approach,

we apply adversarial training strategy at image and instance level to a dual-stage domain adap-

tive deep neural network to overcome the domain shift caused by different staining conditions

in histopathology images. Furthermore, we extend our method to predict accurate pixel-level
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masks in a cross-domain setting for weakly annotated datasets. We demonstrate improved de-

tection accuracy for datasets with small cells, achieved through better instance localization,

using the masks generated in a cross-domain setting.

In yet another approach, staying on the theme of domain variance, we develop a self-

supervised domain adaptive method for generating robust pseudo-labels and apply it to person

re-identification. Our approach uses region-specific spatio-temporal features to generate robust

pseudo-labels, which are used for self-supervised training using a dataset with no annotations.

We demonstrate the robustness of our approach in handling challenges such as pose, camera

and background variability between different domains, by achieving state-of-the-art results.

Finally, we build on the approaches developed in the first part of the thesis (which dealt with

fully annotated datasets), to tackle weakly annotated datasets. We consider the cell counting

scenario for this. Weak annotation typically occurs in counting scenarios, as there are numerous

objects to count and is difficult to precisely annotate all occurrences. We study cell counting

using weakly supervised learning, by automatically generating and selecting good quality ex-

emplars using a novel cross-domain training strategy. We exploit the cell structure similarity

to achieve cross-domain knowledge transfer, to generate exemplars automatically, thus elim-

inating the need for manual annotation by a human. To the best of our knowledge, this is

the first time a method has been proposed to define exemplars for counting using domain dis-

entanglement. We demonstrate the improved cell counting accuracy by predicting density maps

using a small fraction of auto-generated exemplars on datasets with only weak dot annotations

for cells.
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1.1 Visual recognition tasks in computer vision: (a) "Image Classification" involves

assigning categorical class labels to an image; (b) "Object Detection" not only

predicts categorical labels but also localizes each object instance via bounding

boxes; (c) "Semantic Segmentation" aims to predict categorical labels for each

pixel, without distinguishing between object instances; (d) "Instance Segmentation"

represents a specialized form of object detection that distinguishes different object

instances through pixel-level segmentation masks (Wu et al., 2020). 2

1.2 Popular approaches to image segmentation: (a) Fully convolutional networks

(FCN) applied for pixel-wise semantic segmentation (Long et al., 2015a); (b)

SegNet architecture based on VGG-16, followed by the deconvolution network

(Badrinarayanan et al., 2017); (c) U-Net architecture which is able to achieve precise

segmentation with fewer training samples (Ronneberger et al., 2015); (d) The

Segmentor predicts class predictions per pixel and the adversarial network takes a

label map as input, and outputs a label, which predicts whether the image is ground
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1.3 A neural network with standard dropout (Srivastava et al., 2014). (Left): A

standard neural network with two hidden layers, one input and output layer. Note the
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is the dropping out of one or more neurons in the hidden layers, and as a result their
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1.4 Modern augmentation strategies (Yun et al., 2019): (a) Original image; (b) Mixup

augmentation; (c) Cutout or random-erase augmentation; (d) CutMix augmentation. 10

1.5 A generic pseudo-labeling method, where a network is trained with both labeled
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1.8 Density-map based Crowd Scene Counting Method (Zhang et al., 2015). In this

method patches on images containing people, are used to train a CNN with two

training objectives: (1) counting the crowd in the patch; (2) generating a density map

for the patch. The multi-task training proposed here improves the overall accuracy

of the crowd counting. 20
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1.11 Mitosis Cells and its mimics (Li et al., 2018a): (a) The first three rows, are mitosis
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2.1 Automatic dropout rate determination at the three layers of a neural network. The

distribution of neuron activations is approximated as a Gaussian with the determined

standard deviation. The dropout rate for each layer is determined from this Gaussian

distribution. The dropped neurons are shown with a red cross against them. The

standard deviation of activations at layer N − 1 is determined as 0.9, and for layer N,

the dropout rate is sampled from a Gaussian distribution with SD = 0.9. Similarly,

for layer N + 1, the dropout rate is sampled from Gaussian with SD = 0.4. 45

2.2 Adaptive dropout based on clustering working in combination with automatic
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2.3 Sample images from (Left) CIFAR-10 dataset (Krizhevsky et al., 2009) and

(Right) Fashion-MNIST dataset (Xiao et al., 2017). CIFAR-10 dataset has 10
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3.1 A three-stage process of mitosis detection. In the first stage, RGB images are

transformed to other color spaces and specific color channels are selected using

histogram analysis. In the second stage, a blue ratio image is determined which is

useful in differentiating nuclei from background. In the third stage, morphological

and statistical features are computed to train a classification model for mitosis

classification (H.Irshad, 2013). 62

3.2 Mask R-CNN is a flexible and general framework for object detection and

instance segmentation. It belongs to the family of region-proposal networks and an

extension of Faster R-CNN. Objects in an image are detected, while simultaneously
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predicting high-quality segmentation mask at pixel-level, for each detected object.
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3.4 Illustration of mask generation using Mask R-CNN: (a) The image shows the

High Power Field image with ground truth annotation in yellow; (b) The image

shows masked mitosis cells in green, predicted by Mask R-CNN. The manually
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mitosis cells. Other non-marked cells are hard negatives mitosis cells which are false

positives. 67
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mitotic or non-mitotic. Hand-crafted features extracted from the masks generated
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3.7 Sample image patches from the Mitosis 2012 and 2014 dataset showing mitosis

cells. The first two rows correspond to Mitosis 2012 dataset and the last two rows

are from the Mitosis 2014 dataset. Structural similarity can be noticed in the cells

from the two datasets, but the overall appearance differs due to non-standard staining

and tissue preparation process. 72

3.8 Masks generated for sample image patches from the weakly annotated ICPR 2014

Mitosis dataset by our Mask R-CNN model trained on ICPR 2012 dataset. The first

row contains the image patches, and the second row has the corresponding masks
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4.1 Effect of non-standard tissue preparation and staining. (Left), a whole slide image

from ICPR 2012 dataset and (right) a whole slide image from ICPR 2014 dataset. In
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4.2 Domain Adaptive Mask Generation: the last layer of the ResNet-50 backbone
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A gradient reversal layer has been introduced to the Mask R-CNN network to
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framework. 87
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4.4 Sample whole slide images from ICPR 2012 and 2014 datasets: (a) ICPR 2012

using Aperio scanner; and (b) ICPR 2012 dataset using Hamamatsu scanner, (c)

ICPR 2014 dataset using Aperio scanner. 90

4.5 Examples of masks predicted by the domain adaptive Mask R-CNN (DA)

compared against ground-truth images from the ICPR 2012 dataset (scanner H).
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Visually, it can be seen that masks generated by domain adaptive Mask R-CNN

closely resemble ground-truth in both shape and size when compared to non-domain

adaptive Mask R-CNN (non-DA). 93

4.6 Examples of the domain adaptive mitosis detection stage (second stage) results on

the ICPR 2012 dataset (scanner H) by both domain adaptive (DA) and non-domain

adaptive (non-DA) models. When predictions are compared against the ground-truth,
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5.1 Cross-domain exemplar generation and selection framework: (a) Two Faster

R-CNN networks are trained with RGB, and background subtracted images,

respectively. The detections which are bounding boxes predicted by the Faster

R-CNN network are merged based on overlap and confidence scores; (b) Candidate

bounding boxes from (a) are clustered based on features extracted from a ResNet-50
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CHAPTER 1

Introduction

Computer vision encompasses visual content analysis tasks, to extract and interpret visual in-

formation from images and videos of the real world. It involves algorithms, techniques, and

systems, which enable computers to develop an understanding of the world, from digital im-

ages. Over the years, technology for computer vision applications, such as classification, seg-

mentation, object detection, and recognition, have advanced from using hand-crafted features,

to machine-learned features. The early algorithms relied on sophisticated methods to obtain the

most appropriate hand-crafted features for visual content analysis tasks, such that classification,

segmentation, and object recognition could be accomplished accurately.

Techniques, such as Scale Invariant Feature transform (SIFT) (Lowe, 2004), its variants such

as PCA-SIFT (Ke and Sukthankar, 2004), Histogram of Gradients (HOG) (Dalal and Triggs,

2005), colour features, and gradient features, have been applied successfully for a variety of

tasks, ranging from, classification, face recognition, and image segmentation, to medical image

analysis used in cancer detection and cell and tumour classification. Early learning-based tech-

niques, such as the Viola Jones (Viola and Jones, 2001) detector, have been applied for object

detection and face detection tasks. The Viola Jones detector uses integral images, Haar-like

features, and cascade classifiers to solve detection tasks. Histogram of Gradients (HOG) (Dalal

and Triggs, 2005), which detects object shapes at various scales, has been successfully applied

to pedestrian detection, in conjunction with Support Vector Machines (SVMs) (Sotelo et al.,

2006), (Papageorgiou and Poggio, 2000).

However, in the last decade, deep learned features using neural networks including convolu-

tional neural networks (CNNs), have achieved state-of-the-art performance on a variety of vi-

sual content analysis tasks, and have overtaken hand-crafted features and early machine learn-

ing methods. A deep neural network (DNN) has multiple layers of interconnected nodes or

neurons, arranged in a hierarchical fashion. The term, "deep", indicates the existence of two

1
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or more hidden layers between the input and output layers. A convolutional neural network

(CNN) is a type of DNN which is designed to work with image data to perform visual content

analysis tasks. Deep learning techniques learn efficient and complex representations directly

from image data (pixels), which can then be applied to a variety of visual analysis tasks, in-

cluding classification, detection, segmentation, and object counting.

In the following sections, we provide an overview of various deep learning algorithms, data

supervision methods and their applications to solving computer vision tasks, as relevant to this

thesis. We discuss supervised learning and its applications, weakly supervised learning, and

unsupervised learning with domain adaptation. We will also explore their respective challenges

in training robust deep learning models and model generalization.

1.1 Supervised Learning

FIGURE 1.1: Visual recognition tasks in computer vision: (a) "Image Classi-
fication" involves assigning categorical class labels to an image; (b) "Object
Detection" not only predicts categorical labels but also localizes each object
instance via bounding boxes; (c) "Semantic Segmentation" aims to predict cat-
egorical labels for each pixel, without distinguishing between object instances;
(d) "Instance Segmentation" represents a specialized form of object detection
that distinguishes different object instances through pixel-level segmentation
masks (Wu et al., 2020).
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One of the most key areas of focus in machine learning research, is the extraction of useful in-

formation from past experience. Past information is represented as training data, and is used to

train a machine learning model, which is then used to predict outcomes from unseen data. The

branch of machine learning which uses this technique is called supervised machine learning.

Supervised deep learning techniques require a large amount of human-annotated training data,

to learn a generalized model.

Supervised learning has been applied to visual content analysis tasks, such as image classifica-

tion (Russakovsky et al., 2015), object detection, and recognition (Zhang et al., 2013), (Ever-

ingham et al., 2010), as well as semantic segmentation (Russakovsky et al., 2015). Specifically,

image classification focuses on recognizing the semantic categories of objects within an image

as shown in Figure 1.1 (a). Object localization involves identifying the location of the objects

within an image using a bounding box, or a polygon. Object detection goes a step further, by

predicting both object categories, as well as the precise location of each object using bounding

boxes, as shown in Figure 1.1 (b). Semantic segmentation as shown in Figure 1.1 (c), on the

other hand, predicts classifiers on a pixel-by-pixel basis, assigning specific category labels to

each pixel, and thereby offering a more comprehensive and fine grained classification of an im-

age. However, unlike object detection, semantic segmentation does not differentiate between

multiple objects of the same category. "Instance segmentation" as shown in Figure 1.1 (d), is

an emerging technique, combining object detection and semantic segmentation, to distinguish

objects and allocate each of them, a distinct, categorical pixel-level mask. Thus, instance seg-

mentation is a specialized form of object detection, emphasising pixel-level localization, rather

than bounding-box localization.

As discussed above, supervised learning has thus been applied successfully to several visual

content analysis tasks. However, there continues to be many challenges in the field of visual

recognition. Examples of challenges include requirement of large, annotated datasets, pixel-

level annotations for segmentation tasks, and model generalization.
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(a) (b)

(c) (d)

FIGURE 1.2: Popular approaches to image segmentation: (a) Fully convolu-
tional networks (FCN) applied for pixel-wise semantic segmentation (Long
et al., 2015a); (b) SegNet architecture based on VGG-16, followed by the decon-
volution network (Badrinarayanan et al., 2017); (c) U-Net architecture which is
able to achieve precise segmentation with fewer training samples (Ronneberger
et al., 2015); (d) The Segmentor predicts class predictions per pixel and the ad-
versarial network takes a label map as input, and outputs a label, which predicts
whether the image is ground truth or synthetic (Luc et al., 2016).

1.1.1 Semantic Segmentation

Image segmentation is a key field of study within supervised learning, with wide-ranging ap-

plicability to visual recognition tasks. Image segmentation can be formulated as the problem

of classifying pixels with semantic labels (semantic segmentation) or partitioning of individual

objects (instance segmentation). Semantic segmentation performs pixel-level labelling with a

set of object categories (e.g., human, car, tree, sky) for all image pixels; thus, it is generally

a more demanding task when compared to whole-image classification, which predicts a single

label for the entire image.

The motivation for semantic segmentation comes from the need for visual understanding sys-

tems, where images are partitioned into multiple regions and objects (Szeliski, 2022). It plays

a central role in a broad range of vision-based applications (Forsyth and Ponce, 2002), in-

cluding medical image analysis, such as tumour cell localization and tissue measurement, as



1.1 SUPERVISED LEARNING 5

well as autonomous vehicles and video surveillance. Instance segmentation extends the initial

idea of semantic segmentation, by detecting each object of interest in the image, separately

(e.g. individuals). Numerous image segmentation algorithms have been developed in the liter-

ature, from the earliest methods, such as thresholding (Otsu, 1979), histogram-based bundling,

region growing (Nock and Nielsen, 2004), K-means clustering (Dhanachandra et al., 2015),

Watershed methods (Najman and Schmitt, 1994), to more advanced algorithms, such as active

contours (Kass et al., 1988), graph cuts (Boykov et al., 2001), Conditional and Markov random

fields (Plath et al., 2009), and Sparsity-based (Starck et al., 2005) methods.

More recently, deep learning models have led to advancement in image segmentation, with

CNN-based models achieving the highest accuracy rates on popular benchmarks. Several CNN

architectures have been proposed for performing image segmentation. "Fully Convolutional

Network" (FCN) (Long et al., 2015a), a deep learning approach, depicted in Figure 1.2 (a), is

an architecture based on convolutional layers only. FCN predicts a segmentation image, whose

size is the same as that of the input image and has been applied successfully to a variety of

segmentation problems (Wang et al., 2018), (Yuan et al., 2017), (Liu et al., 2016a), (Li et al.,

2017c). Semantic segmentation using a deconvolution network consisting of deconvolution

and un-pooling layers (Noh et al., 2015) has been proposed to better handle objects at different

scales. A similar approach, namely SegNet (Badrinarayanan et al., 2017), depicted in Figure 1.2

(b), uses an encoder-decoder architecture. SegNet is similar to a deconvolution network, in that

the core, trainable segmentation part of SegNet, is an encoder, structurally identical to the 13

convolutional layers of the VGG16 network. The corresponding decoder network is followed

by a pixel-wise classification layer.

"U-Net" (Ronneberger et al., 2015), shown in Figure 1.2 (c), is a segmentation architecture,

comprising of two parts, a contracting path to capture context, and a symmetric expanding path

that enables precise localization. U-Net has been shown to be very efficient in segmenting

biological microscopy images. Multi-scale image analysis is a well-known technique within

computer vision and has made its way into various neural network architectures, such as the

Feature Pyramid Network (FPN) (Lin et al., 2017). More recently, Generative Adversarial

Networks (GANs) have been applied to a wide range of tasks in computer vision, including

image segmentation. The study (Luc et al., 2016), proposes an adversarial training approach

for semantic segmentation, depicted in Figure 1.2 (d), in which they trained a convolutional
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semantic segmentation network, along with an adversarial network, that discriminates between

ground-truth segmentation maps, and those generated by the segmentation network. Figure 1.2

illustrates the most important and representative architectures used for semantic segmentation

as described in this section.

1.1.2 Object Detection

Object detection and recognition, as an important field of study in computer vision, has nat-

urally emerged from object classification and image segmentation approaches. The task of

generic object detection (Zhang et al., 2013), can be defined as follows: when presented with

an image, the objective is to determine whether there are occurrences of objects belonging to

pre-defined categories. If any of the instances are identified, the aim is then to provide spa-

tial location and size of the detected object. Hence, the broader problem of object detection

involves identifying and localizing all the objects present in an image, encompassing the chal-

lenges of both image segmentation and classification (Everingham et al., 2010), (Russakovsky

et al., 2015), (Andreopoulos and Tsotsos, 2013).

Object detection research is primarily focused on highly structured objects with definite shape

and texture characteristics, such as cars, faces, bicycles, aircraft, humans, and animals, as op-

posed to unstructured objects, such as the sky, grass, and clouds. The spatial location and

size of an object can be roughly defined using a bounding box (this is an axis-aligned rectan-

gle that tightly encloses the object) (Russakovsky et al., 2015), (Everingham et al., 2010), a

precise pixel-wise segmentation mask (Zhang et al., 2013), or a closed polygon defining the

object boundary (Lin et al., 2014), (Russell et al., 2008). Currently, the use of bounding boxes

is predominant in all object detection algorithms ((Russakovsky et al., 2015), (Everingham

et al., 2010), (Opelt et al., 2006). However, as recent advances have been made in pixel-wise

object segmentation, we anticipate that future challenges will lie in improving the accuracy of

pixel-level classification (Lin et al., 2014). There are several challenges associated with generic

object detection. While the goal of object classification, shown in Figure 1.1 (a), is to determine

the presence of an object within an image, there is no need for precise localization. However, in

the case of object detection, precise localization makes it a more challenging task when com-

pared with classification. To achieve good accuracy, pixel-wise annotations become important

while training object detection models. Figure 1.1 (c), which depicts generic object detection,
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FIGURE 1.3: A neural network with standard dropout (Sri-
vastava et al., 2014). (Left): A standard neural network with
two hidden layers, one input and output layer. Note the con-
nections between neurons of the two layers. Every neuron in
a layer is connected to every other neuron in the layer below
and above it. (Right): The effect of dropout is the dropping
out of one or more neurons in the hidden layers, and as a re-
sult their connections are also dropped. The dropped neurons
are shown as dotted circles with a cross in it.

is closely related to semantic image segmentation, which aims to assign each pixel in an image

to a semantic class label. Unlike semantic segmentation, object instance segmentation, depicted

in Figure 1.1 (d), aims to distinguish different instances of the same object class.

1.1.3 Dropout

Deep neural networks can suffer from overfitting due to their large number of parameters and

the complexity of the learned features. This is especially so, when training with small datasets.

As a result, the networks do not generalize well to work with unseen data. One obvious way to

prevent overfitting, is to use a large training dataset. However, it is very time-consuming and

expensive to create large, annotated datasets for supervised learning tasks.

Several approaches have been proposed to improve the performance of deep learning in the

face of limited datasets. One approach is to average the weights of several networks to cre-

ate a regularized model. However, this approach is computationally expensive as it requires

many networks to be trained. Several other techniques like L1 and L2 regularization (Tian

and Zhang, 2022), early stopping (Prechelt, 2002), augmentation (Shorten and Khoshgoftaar,

2019), batch normalization (Ioffe and Szegedy, 2015), and dropout (Srivastava et al., 2014),

have also been proposed to solve overfitting. Of these, dropout methods have shown a lot of
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promise in generalizing the models, using a simple and effective approach. As a result, they

are now, well-integrated into all deep learning networks, as one or more dropout layers.

In dropout methods, the general concept while training, is to drop the neurons with a specified

probability in the hidden layers of the network. The standard dropout, shown in Figure 1.3,

was introduced by (Hinton et al., 2012). Dropout methods reduce co-adaptation and introduce

sparsity, which help to generalize the model (Labach et al., 2019). As an example, if there are

n neurons, then it is akin to training 2n thin networks, since each neuron can be dropped with

a uniform probability during the training phase. Hence, dropout can be seen as a stochastic

regularization method. Dropout can also be conceptualised as adding noise to the network,

while training (Vincent et al., 2008). This can be conceptualized as expanding the dataset by

marginally adding noise. Adding noise to the dataset using a distribution obtained from the

exponential family of function (Maaten et al., 2013) is another example of the noise-based

approach. Gaussian dropout technique introduces Gaussian noise to the training set (Wang

and Manning, 2013), (Srivastava et al., 2014). Bayesian models can also be approximated to

dropout methods and the study (Gal and Ghahramani, 2016), provides theoretical evidence to

link dropouts to Gaussian processes, and thus models uncertainty in deep learning.

1.1.3.1 Structural Changes

Some dropout methods involve structural changes, which include, dropping individual neu-

rons, changing the connections between neurons, dropping a group of neurons, and applying

Bayesian approaches or adaptive approaches (Li et al., 2022). Fast dropout (Wang and Man-

ning, 2013), approximates the outputs from the dropout layers by sampling from a Gaussian

distribution. Variational dropout (Kingma et al., 2015) and Monte Carlo dropout (Gal and

Ghahramani, 2016) methods use the Bayesian approach of dropout. DropConnect (Wan et al.,

2013), reduces the connectivity between the neurons rather than dropping the neurons. All

these methods result in increasing the sparsity of the weights and biases in the network. Max-

out method (Goodfellow et al., 2013) renders several outputs, out of which, the maximum

value of the neurons is chosen. The adaptive approaches, such as jumpout (Wang et al., 2019c)

and AS-dropout (Chen and Yi, 2021), obtain dropout parameters adaptively from a distribution,

and an activation function, respectively. Another strategy uses auxiliary networks (Ba and Frey,

2013) to determine the dropout rate.
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While the above methods deal with approaches to drop specific neurons for CNN networks,

dropping groups of neurons has been shown to provide better regularization. For the CNNs, the

regularization of the weights can be achieved by altering the network topology, or by removing

the highly correlated blocks of features (Lee and Lee, 2020), (Ghiasi et al., 2018). Spatial

dropout and DropBlock approaches, drop feature maps in CNN networks (Tompson et al.,

2015), (Wu and Gu, 2015b). Spatial dropout also demonstrates that the information lost due

to pooling can be recovered to some extent. Max-pooling dropout (Wu and Gu, 2015a), drops

groups of neurons, before the information is passed to the pooling layer. In one study (Huang

et al., 2016), layers of the network are removed during the training phase, thus modifying

network topology. SwapOut (Singh et al., 2016), drops neurons by considering their residual

connections, as well as their outputs and inputs.

1.1.3.2 Input Image Changes

Rather than making changes to the network to improve generalisation in the face of small

datasets, an alternative is to expand the dataset through a technique known as augmentation.

Typically, in these approaches, blocks of input images are erased, or noise added to them.

Whilst augmentation can be 1-dimensional (1-D), 2-dimensional (2-D) or more, for computer

vision applications, 2-D approaches are used. During the training phase, Cutout (DeVries and

Taylor, 2017) and random erasing (Zhong et al., 2020) remove square and rectangular regions

of the input image, respectively, while Hide and Seek method (Kumar Singh and Jae Lee,

2017) cuts out many regions in the same image. Mixup and Manifold Mixup (Verma et al.,

2019), (Zhang et al., 2018) augment the image by interpolating the data at a feature level.

Finally, combination methods, such as CutMix (Yun et al., 2019), combine Cutout methods

with Mixup and (Walawalkar et al., 2020) combines Cutout with noise. In these methods, the

pixels are removed and replaced with pixels from another image. The Figure 1.4 shows the

effect of some of the augmentation strategies on the input image.

In dropout methods, there is a need to set the hyper-parameter for dropout, namely, the "dropout

rate". The structural methods are complex and may lose some valuable information and cannot

be easily adapted into existing networks. The augmentation methods increase the dataset but

may not generalize well in all scenarios, as one requires domain knowledge of where and how

to perform the augmentation.
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(a) (b) (c) (d)

FIGURE 1.4: Modern augmentation strategies (Yun et al., 2019): (a) Original
image; (b) Mixup augmentation; (c) Cutout or random-erase augmentation; (d)
CutMix augmentation.

1.2 Data-Efficient Deep Learning

The most successful supervised machine learning algorithms discussed so far, including deep

learning algorithms depend on large annotated datasets to achieve the required level of perfor-

mance. There are many application scenarios where large amounts of fully annotated data is

either not available or require an expensive and time-consuming process to create. This has mo-

tivated the research into data-efficient machine learning models which can achieve comparable

results to fully supervised models with less training data and weaker supervision. Specifically,

data-efficiency takes several forms: (1) weak supervision where the extent of data annotation is

less comprehensive (2) unsupervised algorithms (3) generation of data for data-poor domains

based on small examples (4) transfer of knowledge in the learned feature space rich-data do-

mains into poor-data domains. In the following sections, we discuss the algorithms that have

been proposed in the literature for data-efficient deep learning.

1.2.1 Weakly Supervised Methods

The lack of fully annotated large datasets to learn deep learning models, has led to the de-

velopment of weakly supervised methods. These methods can be further classified as incom-

plete, inexact, and inaccurate supervision methods (Zhou, 2018). In the incomplete supervision

method, only a small part of the dataset is labeled, while the rest remain unlabeled. In the inex-

act supervision, the data does not have detailed annotation. In inaccurate supervision, the data

may have incorrect annotation (Zhou, 2018), (Nashaat et al., 2021).
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In the inexact supervision method, the data annotations are coarsely specified. A well-known

example of weakly supervised learning is "Multi-Instance Learning" (MIL) (Carbonneau et al.,

2018). In the case of MIL, rather than annotating each image or instance of training data, a

group of instances are labeled together. This group is called a bag of instances, and each bag is

assigned a label. MIL can be conceptualized as a binary classification (or multi-class) problem

at a bag level, rather than at an instance level, within the bag. Hence, regardless of the labels

of individual instances within a bag, if there exists at least one instance with a positive label,

then the bag is classified as positive. Another example of inexact supervision occurs in cell

annotation, where each cell is annotated by a single dot, which can appear anywhere within the

image of the cell1.

In the inaccurate supervision method, the data annotations are sometimes wrong. This situation

occurs in many common applications. For instance, crowd-sourcing may be used to annotate

large datasets (Palotai et al., 2014). Due to either lack of domain knowledge, or human error,

data may be inaccurately labeled. This type of error is called label noise, and several methods

have been proposed to weed out this noise (Song et al., 2022). Most real-world datasets will

contain some label noise. Hence, to address this problem, ensemble methods have been pro-

posed to identify noisy labels. In one such method (Chen et al., 2018b), different classifiers

vote on the noisy labels and using a weighted majority voting scheme, noisy labels are identi-

fied. Graph based methods (Muhlenbach et al., 2004) on the other hand, exploit the relationship

between training data to remove noisy labels.

Since creating large, annotated datasets is an expensive exercise, and at times, impractical as

well, methods using incomplete supervision have gained attention. A dataset used in incom-

plete supervision is only partially annotated. A sub-class of incomplete supervision which uses

a human in the loop called active learning, aims to select the most appropriate samples from an

unlabeled dataset, and pass it to a human annotator for labelling (Ren et al., 2021). The goal is

to reduce the cost of labelling while maintaining optimal system performance. Deep learning

algorithms have been quite successful in learning feature representations in various application

scenarios but need significant amount of annotated data. Therefore, an obvious approach is

to combine deep learning and active learning, as this will greatly expand their combined ap-

plication potential by optimizing the process of querying the human for labelling unlabeled

1Mitos and Atypia 14 https://mitos-atypia-14.grand-challenge.org/Dataset/
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data. Uncertainty based strategies (Wang et al., 2016a), rely on an uncertainty ranking by the

learner of the unlabeled data, and select the subset with the highest uncertainty. The Cost-

Effective Active Learning (CEAL) (Wang et al., 2016a), during the training phase, feeds the

human, unlabeled samples based on uncertainty of prediction. In the Bayesian Active Learn-

ing strategy (Tran et al., 2017), a separate Bayesian Convolutional Neural Network (Gal and

Ghahramani, 2015) is used to determine the entropy of the learner’s prediction. The density-

based approaches (Geifman and El-Yaniv, 2017) try to find an optimal subset to label which is

representative of the entire unlabeled dataset.

Semi-supervised methods rely on some important assumptions such as generative models, clus-

tering, manifold, co-training, and low-density separation assumptions, as specified in (Yang

et al., 2022). The semi-supervised methods provide good predictions, based on the distribution

of the unlabeled data. If the position of the unlabeled data is ambiguous within the labeled

data, then the result from this method will be poor. Semi-supervised learning can be achieved

using generative models, consistency regularization, graph methods, and pseudo-label methods

(Yang et al., 2022). In the generative model (GAN) approach, training data is used to gener-

ate synthetic data with the same distribution as the input data. The newly generated data can

be used as additional data, either for training, or classifier regularization (Yang et al., 2022).

A number of GAN solutions have been proposed for semi-supervised classification, such as,

CCGAN (Denton et al., 2016) and CatGAN (Chen et al., 2022). Consistency regularization is

another method used for semi-supervised learning. In this approach, the consistency regular-

ization, which is based on the manifold assumption, is applied to the loss function. An example

of this is the teacher-student network, where the prediction consistency is maintained between

the teacher and the student networks (Tarvainen and Valpola, 2017).

Although the semi-supervised methods discussed so far have achieved promising results, they

only consider the unlabeled examples in isolation but ignore the associated relationships be-

tween these examples. Graph-based methods have been proposed in the literature to consider

the underlying structure of the unlabeled dataset. If the unlabeled data were to be represented

as a graph, then the nodes represent the individual samples of unlabeled data, and the edges

represent the consistency of labels between nodes. Some methods (Luo et al., 2018) utilize the

underlying structure of the data by building such a graph in the feature space, learned by the

network. Then the network is expected to generate similar features for nodes from the same
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class, while generating dissimilar features for nodes from different classes. The Reliable Edge

Mining method (Chen et al., 2020) extends this idea further by constructing a graph, where

each edge has two attributes: usefulness and certainty. During training, the certainty value is

used to select the most reliable edges, which leads to faster training convergence. In another

method (Iscen et al., 2019), label propagation is performed to classify unlabeled data by con-

structing a nearest neighbour graph in the embedding feature space. Additionally, the method

uses a certainty score per image and per class during training with unlabeled data.

Pseudo-label methods, shown in Figure 1.5, can be either disagreement methods or self-training

methods. In the disagreement methods (Dong-DongChen and WeiGao, 2018), many networks

are trained simultaneously, so that the unlabeled data can be labeled. The generation of pseudo-

labels by self-training has shown promise in the disagreement methods. In the pseudo-label

generation methods, pseudo-labels (Pseudo-Label, 2013), (Noroozi et al., 2018) are generated

from unlabeled data and added to the network as training data. In both these cases, after obtain-

ing the pseudo-label predictions on the unlabeled data, these are used for supervised training.

The noisy-student approach uses an extension of pseudo-label methods with knowledge distil-

lation in a teacher-student network (Xie et al., 2020).

Self-supervised approaches based on representation learning from a pre-task network (Kolesnikov

et al., 2019), such as image rotation, develop a high-level semantic understanding, which is then

used in downstream classifiers. A student-teacher network, where pseudo-labels generated by a

teacher network are used to teach a student network has also been proposed (Pham et al., 2021).

The authors call these meta pseudo-labels, since the teacher network is updated based on the

feedback received from the student network. Semi-supervised training, with self-training, has

been proposed to train an ensemble of robust classifiers (Wang et al., 2020). In this approach, a

self-training network is trained using spatial and non-spatial transformations, to achieve effec-

tive feature representation.

Despite their advantages over fully supervised methods, weakly supervised methods still have

challenges to overcome. Weak supervision, by definition, leads to less precise models com-

pared to models trained with fine-grained supervision. Complex representations are difficult

to learn and, as a result, the models may not generalize well on unseen data. Thus, domain

knowledge is necessary to supplement weakly supervised learning, to overcome lack of precise

or noisy labels.
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unlabeled data
pseudo-labels

labeled data

FIGURE 1.5: A generic pseudo-labeling method, where a network is trained
with both labeled and unlabeled data and pseudo-labels are assigned to the unla-
beled data, based on learned feature representations. The pseudo-labels are then
used for future training phases for fully supervised training (Yang et al., 2022).

1.2.1.1 Unsupervised Learning

The field of unsupervised learning is a separate topic by itself, which includes diverse tech-

niques such as, clustering (Xu and Wunsch, 2005), association of data (Cios et al., 2007),

self-supervision (Ren et al., 2023), and dimensionality reduction (Sorzano et al., 2014). Fur-

thermore, there has been lot of work in unsupervised DNNs. In the context of weakly super-

vised methods, there are instances, for example, in unsupervised domain adaptation, where

there is full supervision on the labeled dataset and no supervision on the unlabeled dataset.

Hence, in this example, there is a combination of both supervised and unsupervised learning.

Hence, methods in which there is incomplete supervision, can be conceptualised as weakly

supervised methods (Ren et al., 2023). The following section further discusses unsupervised

domain adaptation.

1.2.2 Domain Adaptation

The supervised DNN models are robust when trained with large, annotated datasets. However,

models that have been trained with the data collected in one domain, perform poorly when the

target data is from a different domain with a different data distribution. For instance, if the

model has been trained to detect vehicles using a dataset collected at daytime, such a model

will not perform well under low-light conditions, such as late evening or night. One way

to solve this problem is to gather more annotated training data from the target domain; in

the example provided, night-time data. However, creating annotated datasets to cover target

domains, encompassing all scenarios, can be both tedious and often impractical. Hence, domain
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FIGURE 1.6: The proposed architecture includes a deep feature extractor
(green) and a deep label predictor (blue), which together form a standard feed-
forward architecture. Unsupervised domain adaptation is achieved by adding a
domain classifier (red) connected to the feature extractor via a gradient rever-
sal layer that multiplies the gradient by a certain negative constant during the
backpropagation-based training (Ganin et al., 2016).

adaptation techniques are very useful to overcome this domain-shift problem. There are both

weakly supervised, and unsupervised techniques for domain adaptation.

The domain adaptation methods proposed for unsupervised methods also work with weakly

supervised methods, where only part of the target domain is annotated. Weakly supervised

techniques use a labeled source dataset and a small percentage of a labeled target dataset. The

rest of the target dataset is either unlabeled or may have inexact labels. For example, in one

approach, a network is trained with weak, cross-domain supervision, where the source domain

has instance-level annotations, and the target domain has image-level annotations (Inoue et al.,

2018). In this method, the network learns to predict instance-level classification for the target

domain using pseudo-labels.

Within the class of solutions which use domain adaptation, domain adversarial techniques

(Ganin et al., 2016), (Saito et al., 2019), (Sindagi et al., 2020) have been applied success-

fully to bridge the domain gap. This technique has a label predictor to predict the source labels,

and the domain discriminator to differentiate between source and target domains. The gradient

reversal layer (GRL) (Ganin and Lempitsky, 2014) used in the network, is trained to obtain

domain-invariant features. Figure 1.6 shows how a gradient reversal layer is incorporated into
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an existing neural network. The domain adaptation using GRL, works on three components,

the domain classifier, the label predictor, and the feature extractor. The goal of using gradi-

ent reversal is to align the learned-feature distributions of the source and target domains. As

shown in the Figure 1.6, the features are extracted from the backbone network (Ganin et al.,

2016). The feature extractor has two pathways. The first, is through the label predictor. The

goal of the label predictor is to minimize the classification loss of the source dataset, in this

case, minimizing the loss function ∂Ly

∂θy
. The second pathway is through the domain classifier.

The domain classifier is a binary classifier which distinguishes between source and target using

the loss function ∂Ld

∂θd
. Hence, the strategy, as given by equation Eq. (1.1), is to maximise the

domain classifier loss ∂Ld

∂θd
, while simultaneously minimizing the label classification loss ∂Ly

∂θf
.

This will guide the network to learn domain-invariant features by an adversarial training ap-

proach. This is obtained by arriving at a saddle point for the parameters in the below equation

Eq. (1.1) (Ganin et al., 2016).

N∑
i=1,di=0

Liy(θf , θy)− λ
N∑
i=1

Lid(θf , θd). (1.1)

In the context of stochastic gradient descent, this saddle point can be achieved by introducing

a gradient reversal layer between the feature extractor and the domain classifier (Ganin et al.,

2016). The gradient reversal layer has no parameters except λ. In the forward pass, the gradi-

ent reversal layer performs an identity function, and during back-propagation, the gradient is

multiplied by −λ, which is a constant multiplier. Thus, the gradient reversal layer helps the

network to learn domain adaptive features, though it may not be ideal when the domain gap is

large. It also has the risk of overfitting to domain-specific features.

The self-supervised approaches, which are a type of unsupervised learning, (Liu et al., 2021a),

(Jaiswal et al., 2020) seek to learn from the unlabeled data, automatically, without any supervi-

sion. Though pseudo-label, self-training approaches have been used in semi-supervised learn-

ing, recently, they have also been used in unsupervised approaches as well (Zou et al., 2019).

These approaches generate pseudo-labels from the unlabeled dataset and apply the labels for su-

pervised training. Several approaches (Pham et al., 2021), (Inoue et al., 2018), (RoyChowdhury

et al., 2019) have been proposed for self-supervised training using pseudo-labels. A common

strategy followed by these methods is to use a source domain dataset, which is labeled, and as
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the training progresses, generate pseudo-labels for the target domain. The pseudo-labels are

then used as input in training along with the labeled data for performing supervised training.

These methods have the drawback of introducing noisy labels in the training. There are several

methods introduced to mitigate this noise (Liu et al., 2021b), (Zou et al., 2019).

Furthermore, there are domain adaptation methods described in the literature (Rodriguez and

Mikolajczyk, 2019), (Zhang et al., 2019) in which, target images are translated so that they are

similar to the source images. The generative adversarial methods (GANs) are adapted in the

literature to obtain this translation. Some of these methods are also used in conjunction with

other methods, such as those obtaining domain invariant features (Zhang et al., 2019). The

GAN methods provide a translation from the source domain to the target domain. However,

sometimes, these translations are not robust. Hence, there are methods which transform source

domains to several intermediate domains, to achieve domain invariance. For instance, in one

such method (Kim et al., 2019), Faster R-CNN is trained using three datasets, namely, source

domain, target domain, and the transformed intermediate domains of the source domain. The

intermediate-styled domains are derived with the right constraints from the source domain,

in such a way that the model can be generalized. In a similar manner, the study (Rodriguez

and Mikolajczyk, 2019) uses an intermediate-style approach, by training a styled network.

Intermediate domains are complex, and if not aligned accurately, may introduce additional

noise. Furthermore, GANs are difficult to train and suffer from mode collapse.

Graph-based approaches and multi-task learning approaches have also been proposed for do-

main adaptation. Graph-based approaches try to model inter- and intra-object relationships

during training. The Mean Teacher with Object Relations (MTOR) (Cai et al., 2019) method,

explores a novel student teacher network, using a region proposal network as the base, where

the teacher and the student are trained with different augmentations of the same image. Dur-

ing training for object detection, a graph is constructed using the region proposals from both

the teacher and student, based on the feature similarity of pairs of regions between the two

networks. Along with the supervised detection loss, the method proposes three consistency

regularizations, at region-level to align region-level predictions, at graph-level to match graph

structure between teacher and student, and within a graph to enhance the similarity between

regions of the same class. The consistency regularization helps the network learn invariant

features across domains. The Deep Reconstruction-Classification Network (DRCN) (Ghifary
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FIGURE 1.7: (left) The state-of-the-art dual stage Mask R-CNN network which
is based on Faster R-CNN (He et al., 2017), (right) single-stage monolithic net-
works YOLO and SSD (Liu et al., 2016b).

.

et al., 2016), uses a technique similar to multi-task learning for learning domain invariant fea-

tures. The goal of multi-task learning is that, learning auxiliary tasks can help the main task be

learned better. In this spirit, the authors of this study hypothesize that, domain adaptation can

be achieved by learning the label distribution in the source domain and the data distribution in

the target domain, and hence, the authors propose a convolutional network that jointly learns

supervised source label prediction and unsupervised target data reconstruction.

1.3 Applications

1.3.1 Computer Vision Applications

Over the years, in the field of computer vision, several important application domains have

emerged, such as generic object detection, object counting, face recognition, action and activity

recognition, and human pose estimation. However, the application areas relevant to this thesis,

namely, person re-identification, object detection and object counting, are described briefly.

1.3.1.1 Object Detection Frameworks

Detecting a wide variety of objects, and determining their exact location within a complex

scene, has many applications. As different detection tasks have different objectives and con-

straints, their difficulties may vary. Some common challenges in computer vision tasks include
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objects under different viewpoints, illuminations, and intraclass variations. Additional chal-

lenges in object detection include, but are not limited to, object rotation and scale changes (e.g.

small objects), accurate object localization, dense and occluded object detection, and speed-up

of detection. These varying objectives have led to the development of different object detection

frameworks with different applications and use cases.

Object detection frameworks can be classified into dual-stage, region-based frameworks, and

unified, single-stage pipelines. In two-stage methods, category-independent region proposals

are first generated from an image. Region-based CNN (R-CNN) (Girshick et al., 2014), pro-

poses a method of generic object detection using CNNs. R-CNN integrates AlexNet (Krizhevsky

et al., 2012) with a region proposal, based on selective search (Uijlings et al., 2013). R-CNN

has several drawbacks. Chief among them, is that each stage of the multi-stage training pipeline

needs to be individually trained and optimized. The drawback of RC-NN has led to further in-

novations, leading to a number of improved detection frameworks such as SPPNet (He et al.,

2015), Fast R-CNN (Girshick, 2015), Faster R-CNN (Ren et al., 2015), and Mask R-CNN (He

et al., 2017), which train the two-stage pipeline in an integrated fashion. Mask R-CNN com-

bines generic object detection with semantic image segmentation which results in prediction of

pixel-level masks for individual object instances found in the image.

In contrast, unified pipelines refer to architectures that directly predict class probabilities and

bounding box offsets from full images. They employ a single, feed-forward CNN in a mono-

lithic setting, which does not involve region proposal generation, post classification, or feature

resampling, encapsulating all computation in a single network. Since the whole pipeline is a

single network, it can be optimized end-to-end, directly, on detection performance. "You Only

Look Once" (YOLO) (Redmon et al., 2016) is a unified detector which predicts bounding boxes

and associated class probabilities, directly from the image. Single Shot Detector (SSD) (Liu

et al., 2016b), achieves real-time speed without sacrificing detection accuracy, and is faster than

YOLO with an accuracy comparable with region-based detectors, such as Faster R-CNN. SSD

effectively combines ideas from region proposal networks (RPN) Faster R-CNN, YOLO, and

multi-scale convolutional features (Lin et al., 2017), to achieve fast detection speed, while still

retaining high detection quality. Like YOLO, SSD predicts a fixed number of bounding boxes

and scores, followed by a non-max suppression (NMS) step, to produce the final detection.

Figure 1.7 depicts Mask R-CNN, YOLO, and SSD frameworks.
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FIGURE 1.8: Density-map based Crowd Scene Counting Method (Zhang et al.,
2015). In this method patches on images containing people, are used to train
a CNN with two training objectives: (1) counting the crowd in the patch; (2)
generating a density map for the patch. The multi-task training proposed here
improves the overall accuracy of the crowd counting.

1.3.1.2 Object Counting

Object counting in machine learning provides an automatic way of estimating the number of ob-

jects in images or video. This is useful in many applications, such as microscopy cell counting,

people or crowd counting for surveillance, and counting wild-life or trees with aerial imaging

(Ranjan et al., 2021). Counting has many challenges, such as high-density objects, occlusions,

size variability, overlapping objects, difficult lighting conditions, and distracting backgrounds.

The approaches in counting can be either class-specific or class-agnostic. Furthermore, these

approaches can be regression-based or detection-based. In class-specific counting, knowledge

of the object to be counted is required. In these methods, extracted feature representations are

used for counting (Chan et al., 2008), (Chen et al., 2012) or by using appearance of objects by

considering large patches around them (Mundhenk et al., 2016). Regression-based approaches

use a density map for counting objects. Figure 1.8 shows the use of a density map for crowd

counting (Zhang et al., 2015), (Lempitsky and Zisserman, 2010). In these approaches to crowd

counting, an integral of the pixel weights of the image is determined to count the objects in the

image patch. Similarly, (Zhang et al., 2015) proposes a multi-task solution, where the network

learns both the crowd density as well as crowd count. Furthermore, there are regression-based

approaches, where fewer object annotations (weakly supervised) are used for counting (Wang

et al., 2019a), (Chen et al., 2021). Focus on positive labels and label propagation is used by

(Wang et al., 2019a) for handling incomplete labels. Self-attention methods, using transformer

have recently been applied for crowd-counting (Liang et al., 2022) while, (Meng et al., 2021)

proposes a mean teacher-student network to predict a density map and estimate its uncertainty.
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In a more recent study on crowd counting, a density-based approach using pseudo-labels with

multi-task learning has been proposed (Zhu et al., 2023).

The detection-based approaches by (Amato et al., 2019), (Laradji et al., 2018), (Ciampi et al.,

2018) use detection or segmentation (He et al., 2017) to detect and count the objects. Instance

segmentation or bounding box-detection methods are used for detecting the objects. The study

(Hsieh et al., 2017), uses a region proposal approach with spatial weights to locate and count the

objects. Counting-DETR (Nguyen et al., 2022) and region-proposal counting method (Ranjan

and Nguyen, 2022), use an object or instance detection method to predict bounding boxes with

uncertainty estimation. This uncertainty calculation is required, as pseudo-bounding boxes are

generated from the first detection stage.

There are also class-agnostic methods of object counting. In the class-agnostic methods, gen-

erally an exemplar is selected in the image, for which the count is obtained. In object counting,

the representative object that is to be counted in the image, is called an exemplar. These can be

conceptualised as few shot methods, as the methods also work with unknown classes. These

methods may use detection or regression approaches for object counting. Sometimes, exem-

plars are defined outside the image, separately (Xu et al., 2023). The objects in the image are

matched against the exemplars and counted. GMN (Lu et al., 2019), uses this approach of

density or detection-based counting with a domain-adaptive network. FamNet (Ranjan et al.,

2021) matches the exemplar features with the feature correlation matrix of the image. LaoNet

(Lin et al., 2021) learns both intra- and inter-relations and incorporates multi-scale feature ag-

gregation. A zero-shot counting approach (Xu et al., 2023) provides an exemplar-free method

to count objects, by using density maps to ascertain the quality of the exemplars.

The disadvantages of regression-based methods are that they lack the ability to identify the

location of individual objects. Weakly supervised methods perform poorly, if the features of

the exemplars are similar to other similar objects in the image. Furthermore, if the objects are

overlapping, then it is difficult for the method to distinguish the objects. Also, they perform

poorly if the objects are of different shapes and sizes. The detection-based methods using

instance segmentation, rely on per-pixel annotation, which is time-consuming and expensive.

But if the annotation is coarse (e.g. bounding box instead of pixel-level), then it suffers from the

same disadvantage as the regression-based techniques. Hence, counting techniques still have
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FIGURE 1.9: Person ReID representation learning from images captured from
multiple cameras and matching a query image of a specific person with a gallery
(Ye et al., 2021).

major challenges to overcome when there is a high density of objects, presence of overlapping

objects, and changes in conditions such as lighting or other environmental factors.

1.3.1.3 Person Re-Identification

In the last two decades, there has been an acute need for public safety, which has led to an

increase in the number of surveillance cameras. This has led to a unique class of applications

involving detection of persons across non-overlapping camera views. This is called person re-

identification, (ReID) and is a challenging problem in itself. Solving the person ReID problem

is imperative in intelligent surveillance systems, and has led to significant research activity, due

to its practical importance. Hence, person ReID has been studied quite extensively, and this has

led to many advances in the field of deep learning.

Person ReID can be conceptualised as finding whether a person of interest in one camera view,

has appeared at a different or at the same time, in another camera view. It can be cast as a

specific, person-retrieval problem, across non-overlapping cameras (Chen et al., 2017), (Zheng

et al., 2016b). Given a person-of-interest, namely, the query, the goal of ReID is to determine

whether this person has appeared in another place at a distinct time captured by a different

camera, or even the same camera at a different time (Gheissari et al., 2006). This set of images

is termed as a "gallery". Figure 1.9 illustrates the overall Person ReID process. The query can

be represented by an image (Almazan et al., 2018), (Zheng et al., 2015), (Martinel et al., 2019),
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a video sequence (Wang et al., 2014b), (Zheng et al., 2016a), or even a text description (Li

et al., 2017b).

Before the application of deep learning for person ReID, Metric learning has been extensively

studied by learning either a Mahalanobis distance function (Koestinger et al., 2012), (Zheng

et al., 2011) or a projection matrix (Liao and Li, 2015). With the advances of deep learning,

person ReID approaches in a fully-supervised setting, now use global feature representation

learning. The supervised ReID approaches use DNNs, which were initially designed for clas-

sification tasks (Simonyan and Zisserman, 2014), (He et al., 2016) to learn these feature rep-

resentations. All supervised ReID learning approaches, use one of identity loss (Zheng et al.,

2017a), verification loss (Varior et al., 2016), (Deng et al., 2018), or triplet loss (Yi et al., 2014),

to train deep neural networks to learn discriminative feature representations. Identity loss treats

the training process of person ReID as an image classification problem, where each identity is

a distinct class. Triplet Loss treats the ReID model training process as a retrieval ranking prob-

lem. The basic idea behind triplet loss is that the distance between the positive pair (images of

same identity) should be smaller than the negative pair (image of different identities) by a pre-

defined margin. Verification loss optimizes the pairwise relationship, either with a contrastive

loss (Varior et al., 2016), (Deng et al., 2018) or a binary verification loss (Li et al., 2014),

(Zheng et al., 2017b). The verification is often combined with the identity loss to improve the

performance (Li et al., 2014), (Zheng et al., 2017b), (Chen et al., 2018a).

Attention schemes have also been widely studied in literature to enhance representation learn-

ing (Yang et al., 2019). Attention can be within a person’s image using pixel-level attention (Li

et al., 2018b), spatial information (Chen et al., 2019a), and multiple person images with intra-

and inter-sequence attention (Si et al., 2018). Unsupervised domain adaptation (UDA) trans-

fers the knowledge on a labeled source dataset to the unlabeled target dataset (Ma et al., 2013).

Due to the large domain shift and full supervision in the source dataset, it is another popular

approach for unsupervised ReID where target dataset is unlabeled. The success of UDA has

led to unsupervised ReID receiving increasing attention in recent years. Using GANs to trans-

fer the source domain images to target-domain style is a popular approach within UDA ReID

[(Wei et al., 2018), (Chen et al., 2019b), (Wei et al., 2018), (Li et al., 2019)]. There are also

approaches in the literature based on use of pseudo-labels and ensemble of networks [(Ge et al.,

2020a), (Fu et al., 2019), (Wang et al., 2022), (French et al., 2017), (Ge et al., 2020b), (Dai et al.,
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2021)]. Despite the advances in person ReID, there still remain many challenges, including re-

identification in cross-domain setting, handling occlusions, different camera configurations and

pose changes.

1.3.2 Medical Image Applications

Cancer continues to be a major cause of death in the world (Torre et al., 2015). Thus, fighting

against it is a challenge faced by the research community as well as clinicians (Siegel et al.,

2021). Among cancers, Breast cancer is among the top three, according to World Health Or-

ganization2. Medical imaging is a very important technique for early cancer detection and

diagnosis. However, manual interpretation of images is tedious, time-consuming and prone to

human bias and errors. Hence, in the last few decades, computer-based systems have been as-

sisting doctors in interpreting medical images (Doi, 2007). Analysis of medical images require

tackling some fundamental problems such as detection and classification (e.g. mitosis cells,

tumors) (Ludovic et al., 2013) and well counting cells (e.g. blood cells in leukaemia) (Suryani

et al., 2015). With the advances in machine learning and deep learning, medical image analysis

has shifted towards use of CNNs for different medical application scenarios. In the context of

this thesis, this section describes medical applications, relevant to mitosis cell detection and

classification in histopathology images, as well as cell counting in microscopy images.

1.3.2.1 Mitosis Cell Recognition

FIGURE 1.10: Different phases of Mitosis Cells (left to right): Prophase,
Metaphase, Anaphase, and Telophase (Beevi et al., 2019). Note that the shape
of a nucleus varies as the cell goes through the 4 stages, and in the last phase
where there are two divided nuclei, the count of cells is still one. These mor-
phological variations in the cell nucleus poses a great challenge for automatic
cell counting.

2https://www.who.int/news-room/fact-sheets/detail/breast-cancer
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In digital pathology, whole slide scanners are used for analyzing tissue images. Analysis (Doi,

2007)of cells in whole-slide images is used for cancer grading and prognosis. This is done

by recognizing and counting the mitotic cells. The tissue biopsy to be analyzed, is stained,

fixed and also sectioned differently. Hence, there is a lot of variability demonstrated in texture,

structure, and background in the cells. Cell detection is also very tedious and time-consuming.

Mitotic cells closely resemble other cells (mimics), as depicted in Figure 1.11, which makes

it very difficult to identify them. Mitotic cells also have four different phases, as depicted in

Figure 1.10. Each phase has a different cell morphology, and hence makes it challenging to

identify (Wilkins and Holliday, 2009). Additionally, these cells are sparsely present.

Traditional methods, using hand-crafted features, which analyze the textural, morphological,

and structural aspects of the cells (H.Irshad, 2013), (Thiran and Macq, 1996), (Choi et al.,

1997), do not perform very well due to variability in tissue preparation. These methods do

not accurately distinguish the mitotic cells from their mimics. Hence, deep learning solutions

provide an advantage over these traditional methods.

Stain normalization converts an image into another, so that the visual characteristics of the

image are better for analysis (Salvi et al., 2021). Some methods focus on separating the colour

from pixel intensity, and perform stain normalization by transferring mean colour information

or colour histogram information, from source to target images (Macenko et al., 2009), (Ruifrok

et al., 2001). In deep learning, stain normalization has been done using GANs, transfer of RGB

colour from source to target, and adaptive colour normalization and distribution (Cho et al.,

2017), (Shaban et al., 2019), (Bug et al., 2017), (Zheng et al., 2019). In many DNNs, stain

normalization has been used (Veta et al., 2014), as it provides better accuracy (Salvi et al.,

2021).

Deep learning mitosis cell detection and classification can be broadly classified into pixel-

based, region-based, and cascade approaches. Pixel-based approaches, consider patches across

the whole image with a fixed bounding box around the mitosis cell (Cireşan et al., 2013). This

method is computationally expensive. Region-based approaches can be single-phase (Sebai

et al., 2020) or two-phase. Two-phase approaches use region-proposal networks (Li et al.,

2018a), where the first step is used for detection, and the next, to eliminate false positives (Li

et al., 2018c), (Chen et al., 2016), (Li et al., 2018a). Extending the two-phase region-proposal

network, a hybrid approach has been proposed using a combination of learned deep features and
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FIGURE 1.11: Mitosis Cells and its mimics (Li et al., 2018a): (a) The first three
rows, are mitosis cells and the third row are cells undergoing telophase and have
two nuclei; (b) Mimics of mitosis cells are in the fourth row. They are similar to
mitosis cells in appearance.

hand-crafted features (Saha et al., 2018), (Wang et al., 2014a). The region-based approaches

require good quality bounding-box annotation. Furthermore, the cascade methods rely on two-

step processes, which are time-consuming. Segmentation networks (Li et al., 2018a) have

also been used to generate masks for weak labels. To cater for different stains, as shown in

Figure 1.12, cross-domain deep learning methods have been used, as described in the above

section.

Even though there are a lot of advances in mitosis detection and classification for cancer di-

agnosis, many challenges remain, including, different staining methods, distinguishing mitotic

cells from mimics, and morphological differences in mitotic cells.

1.3.2.2 Microscopy Cell Counting

Microscopy cell counting has been useful for medical condition diagnosis, in understanding

the impact of drugs on cell number, type and structure changes, and in biological studies and

experimentation (Mukherjee et al., 2017). Cell counting is very challenging, due to their large

numbers as seen in DCC (Marsden et al., 2018), and MBM (Paul Cohen et al., 2017), or some-

times being very sparse like mitotic cells (Roux et al., 2013), differentiability with their mimics,
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FIGURE 1.12: Breast tissue samples stained with hematoxylin and eosin from
the Tumor Proliferation Assessment Challenge (TUPAC) dataset (Tellez et al.,
2018). The images come from different laboratories and as a result have differ-
ent staining.

changes in morphology, and different staining conditions and tissue preparation. Additionally,

cells may be overlapping and have diffuse boundaries.

In the literature, cell-counting methods are categorized into two main groups, regression meth-

ods (Paul Cohen et al., 2017), (Jiang and Yu, 2020), (Xie et al., 2018), (Rad et al., 2019), and

detection methods (Chen and Chefd’Hotel, 2014), (Liu and Yang, 2017), (Yusro et al., 2023),

(Rad et al., 2018). In detection methods, instance segmentation and bounding box prediction

methods are used. The segmentation methods require pixel-level annotations, which is a very

time-consuming and tedious process, though it has the advantage of better localised regions.

The bounding-box detection methods require weak annotations, such as dot annotations. These

detection methods are coarser but have the advantage of a less expensive annotation process.

However, this process suffers from decreased counting accuracy. These detection methods have

a major disadvantage, as the detection performance is affected by occlusions and cell morpho-

logical changes.

Regression-based cells approaches do not rely on detections in the image. They provide an

estimate of the cell count by using density maps, which are obtained by the sum of the pixel

values. The regression-based methods require only dot annotation. The regression methods

of cell counting can be further classified into supervised and weakly supervised methods. The

weakly supervised method reduces the annotation overhead but relies on domain knowledge

for label propagation from the labeled to the unlabeled dataset.
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Cell counting methods rely on exemplars, which are objects, representative of a specific class,

which is used for counting. Exemplars can be defined externally, or within the image. This can

be manually selected by a human, or automatically determined. These exemplars should en-

capsulate cell morphological and texture variations and should have an uncluttered background.

The quality of the exemplars play an important role in cell counting accuracy. Microscopy cell

counting still has many unresolved challenges, such as impracticality of creating fully anno-

tated datasets and lack of objective methods for defining good quality exemplars, when using

weakly annotated datasets.

1.4 Evaluation Metrics

The effectiveness of the advanced learning-based methods for computer vision applications

is measured using metrics which depend on the underlying learning task. As relevant to this

thesis, the fundamental learning tasks which we have studied are: (1) binary classification,

(2) object detection, (3) object counting, and (4) person re-identification. In this section, we

describe the metrics used to evaluate the machine learning tasks as described in the literature,

which are relevant to this thesis.

1.4.1 Metrics for Binary Classification

TABLE 1.1: Confusion Matrix.

Predicted
Positive Negative

Actual Positive True Positive (TP) False Negative (FN)
Negative False Positive (FP) True Negative (TN)

For binary classification problems, the evaluation uses a confusion matrix as shown in Table 1.1

(Naidu et al., 2023). True Positive (TP) represents correct positive classifications, False Pos-

itive (FP) represents incorrect positive classifications, False Negative (FN) represents missed

positive classifications, and True Negative (TN) represents correct negative classifications. The

row of the table represents the predicted class, while the column represents the actual class.
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Based on the definition of the confusion matrix, the following metrics are defined:

Precision(P ) =
TP

TP + FP
, (1.2)

Recall(R) =
TP

TP + FN
, (1.3)

Accuracy(acc) =
TP + TN

TP + FP + TN + FN
, (1.4)

F1 =
2× P ×R
P +R

. (1.5)

The Precision(P ) is measure of correct positive predictions by a classification model as de-

fined by the equation Eq. (1.2). A higher precision value indicates fewer false positives

and better accuracy in identifying true positive instances among the predicted positives. The

Recall(R) measures a classification model’s ability to identify all positive instances correctly

as given by equation Eq. (1.3). A higher recall value indicates that false negatives are min-

imized and true positives are maximised. Accuracy(acc) is a classification model’s overall

performance in terms of the correctness of both positive and negative predictions as given by

equation Eq. (1.4). Accuracy is a reasonably good metric to use for datasets which are bal-

anced, i.e. there are approximately an equal number of positive and negative samples in the

dataset. Finally, the F1 Score as shown in equation Eq. (1.5) considers the harmonic mean of

precision and recall and is a good indicator of classification accuracy (Powers, 2020).

1.4.2 Metrics for Object Detection

The key metrics used for evaluating the accuracy of object detection models are Average Preci-

sion (AP) and Mean Average Precision (mAP) (Everingham et al., 2010). For object detection

models, the outputs are a bounding box, a classification category for the bounding box, a con-

fidence score, and optionally an instance segmentation mask. In this context, a true positive

(TP) is a correct detection of a bounding box, a false positive (FP) is a bounding box which

is not enclosing any object, and a false negative (FN) is an undetected object. Note that the
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concept of true negative does not exist in the case of object detection. To determine whether a

detection is a correct one or not, an Intersection Over Union (IOU) is used, which is based on

the Jaccard Index (Zhong et al., 2017), a measure of similarity between two sets of data. The

IOU is defined as follows:

IOU =
area(Bp ∩Bg)

area(Bp ∪Bg)
, (1.6)

whereBg is the ground truth bound box and theBp is the predicted bounding box. Furthermore,

the IOU is compared with a pre-determined threshold t and a bounding box is classified as a

correct if IOU ≥ t and if IOU < t the detection is considered as incorrect. Following on

from the definition of IOU , a detection is determined to be one of a true positive (TP), a false

positive (FP) or a false negative (FN). This will allow the calculation of both precision (P) and

recall (R) as given by the equations Eq. (1.2) and Eq. (1.3) respectively. In object detection

tasks, for each detection, a confidence score is also predicted by the model. Precision and recall

values at different confidence thresholds can be used to plot a precision-recall curve. The area

under the precision-recall curve is a measure of model performance and is known as Average

Precision (AP). Average Precision is applicable to object detection tasks where there is only

one object category to predict. A further metric known as Mean Average Precision (mAP) is

used for multi-class object detection tasks. The mAP is the mean of APs determined for each

object category. The Average Precision (AP) is defined as follows:

AP =
1

11

∑
R∈{0,0.1,·,0.9,1}

Pi(R), (1.7)

where

Pi(R) = max
R:R≥R

P (R̃). (1.8)

In the above definition of AP as defined by equations Eq. (1.7) and Eq. (1.8), the maximum

precision Pi(R) whose recall value is greater than or equal to R is considered. Furthermore,

the maximum precision is determined at 11 different equally spaced recall values.
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The mAP follows from the definition of AP by considering AP over all object categories and is

defined as follows:

mAP =
1

N

N∑
i=1

AP c, (1.9)

where APc is the average precision of the cth class, and N is the total number of classes.

As part of object detection, if instance segmentation is also performed, then pixel-level masks

are predicted for each detected objects. In this case, another metric called the DICE coeffi-

cient (Dice, 1945) becomes relevant for evaluating such models. In the field of medical image

analysis the DICE metric is widely used. It is defined as follows:

DICE =
2× |Mp ∩Mg|
|Mp|+ |Mg|

, (1.10)

where Mp is the pixel-level mask that is predicted and Mg is the pixel-level ground truth mask.

Furthermore, |M | represents the cardinality, which in this case corresponds to number of pixels.

1.4.3 Metrics for Person Re-Identification

In the context of person re-identification (ReID), the Cumulative Matching Characteristic (Zheng

et al., 2016b) (CMC) is one of the evaluation metrics used to assess the effectiveness the ReID

model. The CMC metric evaluates the system’s ability to correctly match a query image with

a set of gallery images, by determining the ranks of the matching gallery images. CMC can

also be conceptualized as the probability of a correct match within top-k gallery images. The

top-k matches are determined using a distance measure such as Euclidean distance or a cosine

distance.

Associated with CMC is the CMC curve, which plots the cumulative matching rate against

the rank, where the x-axis is the rank (starting from rank-1, 2, 3 etc.), and the y-axis is the

probability of finding the correct match within that rank. Thus, the curve can be used to report

RANK-1, RANK-5 and RANK-10 (or other similar ranks) probabilities.
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The CMC metric when retrieving top-k gallery images for a given query image (CMCk), is

defined as follows:

CMCk =
1

Q

Q∑
i=1

f(bi, k), (1.11)

where bi is ith query image, Q is the total number of query images, and f(bi; k) is an indicator

function which equals to 1 when there is at least one matching gallery image within the top-k

rank, and 0 otherwise.

From the equation Eq. (1.13), RANK-1, RANK-5, and RANK-10 metrics can be determined.

In addition to CMC, the Mean Average Precision (mAP) (Zheng et al., 2015) has also been used

to evaluate person ReID models. Firstly, the AP (APq) for each query image is determined,

following which mAP (mAPreid) is obtained as follows:

APq =
1

Ng

N∑
k=1

P (k)×R(k), (1.12)

mAPreid =
1

Q

Q∑
i=1

APi, (1.13)

where for a given query image q, P (k) is the precision at a particular rank k, R(k) is the recall

indicator which is 1 if the kth gallery image matches the query image q, Ng is the number of

gallery images that match the query image as per the ground truth, and Q is the total number of

query images.

1.4.4 Metrics for Object Counting

For object counting (especially cell counting) in medical image analysis, the Mean Absolute

Error (MAE), Mean-Squared Error (MSE) and Root Mean-Squared Error (RMSE) are the three

commonly used metrics (Ranjan et al., 2021), (Chai and Draxler, 2014). When these metrics

are used, the object counting is typically cast as a regression problem.
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The metrics are defined as follows:

MAE =
1

n

n∑
i=1

|yi − ŷi|, (1.14)

MSE =
1

n

n∑
i=1

(yi − ŷi)2, (1.15)

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2, (1.16)

where yi is the number of actual objects (e.g. cells) in the ith image, ŷi is the number of pre-

dicted objects in the ith image, and n is the number of objects. Note that both MAE (equation

Eq. (1.14)) and RMSE (equation Eq. (1.16)) are in the same units as the object count, whereas

MSE (equation Eq. (1.15)) is a squared-error.

1.5 Challenges

The existing supervised and weakly supervised methods have shown lot of promise and have

achieved state-of-the-art performance in many applications. However, there are many chal-

lenges that remain unsolved, including imprecise localisation, lack of inadequate source and

target alignment, lack of adaptive generalization ability, and datasets having weak or incom-

plete annotation. In the following four sections, we briefly summarise these challenges in

learning deep learning models for visual content analysis tasks.

1.5.1 Imprecise Localisation

In the Sections 1.1.2 and 1.1.1, we described methods for detecting and localising objects using

bounding boxes, as well as instance-level masks. The instance-based segmentation methods,

such as Mask R-CNN (He et al., 2017), provide a good localisation and have outperformed

bounding-box based methods, such as Faster R-CNN (Ren et al., 2015) and YOLO (Redmon

et al., 2016). This is because detection approaches without masks, do not provide accurate lo-

calisation, as they do not capture the morphology of the object. Additionally, a bounding-box
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might include parts of other objects and background, forming an inexact annotation. As a result,

existing methods that rely on weaker bounding box annotations, lead to inaccuracies in local-

ization. These inaccuracies have a cascading effect on further stages of the training pipeline,

such as object classification. For example, an improperly localised region can make the learned

feature representations noisy. This, in-turn, reduces the accuracy of detection and classification.

Instance segmentation methods also have further challenges due to lighting changes, cluttered

background, and object morphological variations between training and testing datasets. Finally,

preparing datasets with pixel-level annotations, is complex in scenarios where there are small

and overlapping objects. Such scenarios are common in medical applications dealing with cell

detection.

1.5.2 Lack of Adaptive Generalization

Neural networks typically have a large number of parameters. One of the problems with hav-

ing a large number of parameters, is overfitting. This means that the trained models do not

generalize well, and hence, will perform poorly on unseen data. Dropout is a popular and well

understood regularization technique used for reducing co-dependence of the neurons leading

to a more generalized deep learning model. Standard dropout requires hyper-parameter turning

for each dropout layer in the network. This can quickly become unwieldy. As mentioned in

Section 1.1.3 and 1.1.3.1 there are many improvements proposed for standard dropout such as

(Hinton et al., 2012), (Wang et al., 2019c), (Ba and Frey, 2013), (Zolna et al., 2017). However,

the techniques proposed often require complex structural changes to the network, the need to

train an ensemble of networks, or additional hyper-parameters. Hence, implementing these

improved techniques is expensive and precludes easy adaptation into existing neural network

architectures and pipelines. Data augmentation methods described in Section 1.1.3.2, as regu-

larization techniques, are similar to dropout, and require input image changes at training time.

They either remove blocks of information in the input image or add noise to the images. These

methods have the drawback of requiring domain knowledge, so that the right information is

dropped or added appropriately.

1.5.3 Inadequate Alignment of Source and Target Domain

A classic problem faced by all deep learning models is that the model trained on a dataset from

one domain will perform poorly on datasets from another domain. For example, a model trained
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to detect pedestrians using a dataset captured on a sunny day will perform poorly on a dataset

captured on a rainy day. The learned feature representations of the datasets captured under dif-

ferent conditions have different distributions and hence are not aligned. Thus, models trained

in this manner are not generalized to work for any dataset. Hence, one of the obvious strate-

gies in supervised learning is to train the model with a dataset containing representative data

from all domains. However, this approach is expensive and impractical. Hence, alternative ap-

proaches have been proposed where a deep learning model is trained in a cross-domain manner,

where the source domain is labeled and the target domain is unlabeled. In this training method,

we say that the source domain is supervised, and the target domain is unsupervised. There

are lots of methods [(Pham et al., 2021), (Inoue et al., 2018), (RoyChowdhury et al., 2019),

(Ganin et al., 2016), (Saito et al., 2019), (Sindagi et al., 2020), (Rodriguez and Mikolajczyk,

2019)] to achieve domain invariance, which has been discussed in Section 1.2.2. Broadly, the

methods can be classified as, GAN-based methods, feature transfer methods, and methods with

intermediate styles.

However, none of these methods provide domain alignment of features for small objects with

different backgrounds and with different morphological characteristics, in applications such

as mitotic cells, or in general medical applications involving cell counting. Furthermore, the

methods perform poorly in applications including person ReID, which have challenges such

as different camera configurations, different poses, and occlusions. The existing methods also

perform poorly when the domain gap is large.

1.5.4 Weak and Incomplete Dataset Annotation

Annotating data is an expensive and time-consuming operation and is also error prone. Hence,

there are a growing number of methods to learn models from un-annotated data, by transferring

knowledge from annotated data. The unlabeled data could be incomplete, inexact or inaccurate,

which means the data may not be labeled, partially labeled or incorrectly labeled, respectively.

In the context of cell counting, weakly annotated data, is cell data labeled with dot annotations,

only, rather than with bounding boxes or instance-level, per-pixel annotations. Datasets where

labels are not used in cross-domain scenarios, are incompletely labeled datasets. Though there

are many methods, as discussed above in the Section 1.2.1, to handle weakly supervised data, it

still has challenges to overcome. In inexact annotations, including dot annotations, the dot may
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appear anywhere in the cell. This poses a challenge in accurate localization of the cells. There

may be a large difference in the distributions of labeled and unlabeled data, or the distributions

may not adhere to model or domain assumptions. This makes the domain knowledge transfer

from source domain to a target domain, a challenge. This results in the model not generalizing

well on the unlabeled target dataset. Additionally, data with noisy background and overlapping

objects, also pose a challenge in training a robust model.

1.6 Thesis Contributions and Organization

Despite the rapid advancement in deep learning algorithms, there are still a lot of challenges for

visual content analysis tasks, as identified in previous sections. We consider these challenges

in the context of their applications and propose novel solutions to address them. To address the

problem of imprecise localization, we propose a framework to improve localization by auto-

matically predicting masks and bounding boxes. To address the issue of lack of generalization

techniques, we introduce a method of automatic and adaptive dropout which is both hyper-

parameter free, and free of any structural changes to the network. In our proposed method,

the dropout rate is automatically determined and also made adaptive, during the training phase.

We address the challenge of domain gap by transferring knowledge from the source domain to

the target domain in two different ways. In the first instance, this is achieved by introducing

a domain adaptive component with a gradient reversal layer to learn domain-invariant features

at both instance and image level. In the second instance, this is achieved with self-supervised

training using robust pseudo-labels generated by training a ReID network with region-specific

augmentation. In both these techniques, knowledge from the source domain is transferred to

the target domain where the labels are unavailable.

The localisation and domain adaptive approaches also address the lack of fully annotated

datasets, as the target dataset is unlabeled. Our improved localisation methods automatically

generate masks for datasets with weak annotations, thus improving overall accuracy. For the

application of cell counting, we use incomplete datasets and weak annotations in the form of

dots to label entire cells. We automatically generate good exemplars for such datasets using

cross-domain training, which is then used to train a network to count cells by predicting a

density map.
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In this thesis, we have introduced two parts to group the solutions into fully supervised and

weakly supervised advanced learning-based methods to handle the challenges described above.

These solutions are provided in the context of various applications to provide better accuracy

for detection, classification, counting and identification. In the first part of our thesis, we in-

troduce sophisticated deep learning approaches for computer vision applicable within a fully

supervised context. We present methodologies aimed at enhancing model generalization and

refining object localization. We have explored the use the advanced deep learning methods

in classification and object detection to demonstrate the effectiveness of our algorithms. The

fully supervised approaches provide promising results, but rely on fully annotated datasets. In

the second part of our thesis, we extend our fully supervised approaches to handle incomplete

datasets where the major challenges are domain gap and weak annotations, and apply it to

object detection, person re-identification, and cell counting scenarios.

1.6.1 Advanced Learning-based Fully Supervised Methods

In Chapter 2, we address the challenge of overfitting and model generalization, described in

Section 1.5.2, to achieve better generalization using an automatic and adaptive dropout method.

We propose two methods to address this issue. In the first method, we automatically determine

the dropout rate for each layer, from the distribution of the activations from the previous layer.

We further introduce an adaptive method where we cluster activations from the previous layer,

and for each cluster, apply different dropout rates, adaptively. Our paper (Dodballapur et al.,

2020a) descries this method, which eliminates the need to tune dropout rates while also avoid-

ing structural changes to the networks.

In Chapter 3, we tackle the challenge of imprecise localization, described in Section 1.5.1, with

a multi-task cascade prediction network architecture. In our architecture, we introduce a cas-

cade method, using region proposals. In the first step, we use Mask R-CNN, a region proposal

network, to predict masks and tight bounding boxes for the cells. The prediction of masks with

the bounding boxes helps to provide better localization of the cells. Thus, the localized cells,

obtained, help provide better quality features. We further exploit the improved localisation by

obtaining hand-crafted features, which aid in capturing morphological and textural features.

The hand-crafted features are used with deep learned features, which together, provide spatial

features. We extend the architecture to predict pixel-level masks for datasets which have weak
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bounding-box annotations. In the second stage, we use a deep CNN network to reduce the false

positives and improve the accuracy of detection. The content of this chapter is based on the

paper (Dodballapur et al., 2019).

1.6.2 Advanced Learning-based Weakly Supervised Methods

In Chapter 4, we introduce an approach to address the issue of the domain gap between the

source and the target domain data as described in Section 1.5.3. In particular, in this chapter,

we propose a method applicable to histopathology images, where different stains and tissue

preparation, result in variations in different datasets. In this method, we use a dual-stage,

cascade, domain-adaptive network for mitosis cell detection to address the issue of domain

gap. In both stages, a gradient reversal layer in the domain adaptation component, is used to

bridge the domain gap. This method is an extension of Chapter 3, to provide an integrated,

domain adaptive and better localization solution. In the first stage, we provide instance-level

domain adaptation. In the second stage, we provide image-level domain adaptation. The first

stage uses Mask R-CNN region proposal network to generate masks and bounding boxes for

better localisation. In the second stage, false positives are filtered out to detect the mitotic cells.

Additionally, in this approach, only the source dataset is labeled, while the target dataset is

unlabeled. This addresses the issue described in Section 1.5.4. As Mask R-CNN is used in the

first stage, the network helps provide better localisation to solve the problem stated in Section

1.5.1. The content of this chapter is based on the paper (Dodballapur et al., 2020b).

In Chapter 5, we introduce an approach to the automatic generation of good exemplars for cell

counting, building on the fully-supervised localization approach introduced in first part. This

approach addresses the problem of incomplete or weak annotation, discussed in Section 1.5.4,

which, in turn, gives poor quality exemplars. Cross-domain exemplars are harnessed by taking

advantage of the structural similarity of the cells between different domains. In this approach,

we exploit the cell structure similarity, to achieve cross-domain knowledge transfer. The archi-

tecture comprises two domain-adaptive Faster R-CNN networks trained on RGB microscopy

images and background-subtracted images. Based on the merged-confidence scores from these

networks, the exemplars are selected and clustered. Good quality exemplars are then selected

from the clusters, based on their appearance variability. A density map-based counting method

is then used to count the cells based on a fraction of the selected exemplars. By choosing good



1.6 THESIS CONTRIBUTIONS AND ORGANIZATION 39

quality cross-domain exemplars, the method is able to obtain improved counting accuracy with

a limited dataset, when compared to state-of-the-art methods. The content of this chapter is not

available online as the corresponding paper has been submitted to International Symposiom of

Biomedical Imaging 20243, and is currently under review.

In Chapter 6, we continue with the theme of domain adaptation and propose an approach to

address the issue of domain gap for person re-identification as described in Section 1.5.3. In

particular, in this chapter, we address this issue for person re-identification, where the same

person will need to be identified across different cameras. We propose a ReID learning frame-

work, where we use guided feature learning using region-specific augmentation. Additionally,

we use a self-supervised technique to generate pseudo-labels, obtained from region-specific

features, combined both temporally and spatially. This pseudo-labeled, self-supervised method

helps to align the features of the source and target domains. In our case, the spatio-temporal,

region-specific features help to align the region features better, leading to less label noise. Fur-

thermore, by training with labeled and pseudo-labeled data, domain invariant features are more

readily learnt. This solution also addresses the problem of incomplete or unavailable annotated

datases, as mentioned in Section 1.5.4. The content of this chapter is not available online, as

the corresponding paper has been submitted to IEEE International Conference on Multimedia

and Expo4, and is currently under review.

1.6.3 Conclusions and Future Work

In Chapter 7, we summarize our contributions and propose future directions for further study.

Our contributions are broadly applicable to the domain of deep learning with a focus on visual

content analysis tasks. In this thesis, we have explored broad topics such as model general-

ization techniques and domain adaptation both of which have wide applicability in computer

vision. Additionally, we have made contributions to practical applications such as person re-

identification and medical image analysis. For future study, we have identified topics related to

incremental improvements over our current contributions as well as more green-field topics by

drawing upon other emerging areas within the field of machine learning.

3ISBI https : //biomedicalimaging.org/2024/
4ICME-2024 https : //2024.ieeeicme.org



Part 1

Advanced Learning-based Fully Supervised

Methods



CHAPTER 2

Automatic Dropout for Deep Neural Networks

Neural networks typically have a large number of parameters, which leads to overfitting. Hence,

the trained models do not generalize well, and perform poorly on unseen data. Dropout is a well

understood regularization technique used for reducing co-dependence of the neurons leading to

a more generalized deep learning model. Standard dropout requires hyper-parameter tuning for

each dropout layer in the network which can become unmanageable as the layers increase. As

described in Section 1.1.3 several improvements have been studied for standard dropout which

require complex structural changes to the network, training ensemble of networks, additional

hyper-parameters, or domain knowledge for augmentation. These techniques are complex, ex-

pensive and precludes easy adaptation into existing neural network architectures and pipelines.

In this chapter, we introduce a method of sampling a dropout rate from an automatically deter-

mined distribution. We further build on this automatic selection of dropout rate, by clustering

the activations, and adaptively applying different rates to each cluster. We show that our meth-

ods outperform standard dropout across all datasets and neural networks. The content of this

chapter is related to the publication (Dodballapur et al., 2020a).

2.1 Introduction

Deeper and wider convolutional neural networks (CNNs) have been gaining popularity over the

last few years in the quest for better feature representation. This has resulted in neural networks

with a greater number of network parameters. It is well known that such networks are typically

prone to overfitting. Hence, in practice, regularization methods have been proposed to improve

generalization, and ultimately network performance. A number of regularization methods have

been proposed, such as L2 regularization, early stopping, data augmentation, and dropout, to

achieve better model generalization, and prevent model overfitting.

41
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Of all the regularization techniques, the standard dropout (Hinton et al., 2012) and its proposed

improvements (Labach et al., 2019) have been prolific in the advancement of neural network

performance since the application of standard dropout in 2012 to win the Large Scale Visual

Recognition Challenge (Krizhevsky et al., 2012). The popularity of dropout has also been

helped by advances in the theoretical understanding of why dropout works. According to the

seminal paper (Hinton et al., 2012), dropout is one of the regularization methods, which works

by reducing co-adaptation of the neurons.

A limitation of the dropout method is that it typically requires a dropout rate hyper-parameter,

which defines the probability of a neuron being dropped or retained during training. This pa-

rameter, if set too high, results in many neurons being dropped, affecting the convergence of

training, and if set too low, does not generalize the model well. Additionally, most of the deep

network implementations have a fixed dropout rate for all layers of the network. In the original

dropout implementation (Hinton et al., 2012), the dropout rate was set to 0.5. Usually, the op-

timal dropout rate for a network is determined through cross-validation. However, determining

an optimial dropout rate for each dropout layer of the network quickly becomes unwieldly. The

following section summarizes the related work in this field.

2.1.1 Related Work

There have been several approaches (Keshari et al., 2019), (Singh et al., 2016), (Wang et al.,

2019c) proposed in the literature, which improve on standard dropout, by focusing on improv-

ing regularization, and rate of convergence during training (Tompson et al., 2015), (Wang and

Manning, 2013). The proposed methods are broadly categorized into adaptive and stochastic

dropout approaches (Labach et al., 2019). Whilst some adaptive dropout techniques are based

on structural changes to the network (Keshari et al., 2019), other adaptive techniques have ex-

plored the use additional networks (Zolna et al., 2017) during training. The Gaussian dropout

method (Srivastava et al., 2014) is a stochastic technique which achieves the dropout effect by

adding a predetermined Gaussian noise to the neurons, rather than dropping the neurons. A

further extension of this method, automatically learns the parameters of a Gaussian noise dis-

tribution, as part of the network training process, by learning a variational objective (Kingma

et al., 2015). This, in essence, leads to learning a dropout rate for each layer of the network. A

more recent stochastic approach, named jumpout (Wang et al., 2019c), proposes a method of
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sampling the dropout rate from a Gaussian distribution with a pre-determined standard devia-

tion.

Fast dropout (Wang and Manning, 2013) proposes a method for faster training convergence,

by showing that activations during training with dropout, can be approximated as a Gaussian

distribution. Variational dropout (Zhuo et al., 2015) extends Fast dropout by introducing a

Bayesian feature noising model to infer dropout noise for neurons. Targeted dropout (Gomez

et al., 2019) proposes a method of dropping a certain proportion of low-valued weights, to

reduce degradation of performance due to dropout, towards the end of training. Curriculum

dropout (Morerio et al., 2017) proposes a method of varying dropout, to make learning more

difficult as the network training progresses.

Rather than dropping neurons from a specific dropout layer, Stochastic Depth (Huang et al.,

2016) proposes dropping entire network layer of a deep neural network during training, while

retaining the entire network depth during testing. SwapOut (Singh et al., 2016) generalizes on

both dropout and stochastic depth, where activations are randomly assigned the values zero,

input value, output value, or sum of input and output values. There is also a family of adap-

tive dropout techniques that rely on additional neural networks or neural network elements.

Standout (Ba and Frey, 2013) is an adaptive method, where a deep belief network and a deep

neural network (DNN) with shared parameters, are trained jointly, to obtain the dropout rate

adaptively across all layers. In Fraternal dropout (Zolna et al., 2017), the network is trained

to be invariant to dropout, by training two identical networks with shared parameters, but with

different dropout masks.

2.1.2 Contributions

In this chapter, we tackle the challenge of overfitting and poor model generalization, outlined

in Section 1.5.2. Our proposed advanced methods overcomes the limitations of changes sug-

gested in Section 1.1.3 which require complex structural changes to the network, the need to

train an ensemble of networks, additional hyper-parameters, or require domain knowledge for

augmentation. The effectiveness of our methods, though demonstrated for object classifica-

tion, in a fully supervised setting, is applicable to any deep neural network. Our proposed two

methods for improving the performance of the neural networks using automatic and adaptive

dropout are as follows:
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• In our first method, we automatically determine the dropout rate to be used for a layer,

by using the distribution of neuron activations from the previous layer;

• In our second method, we cluster the activations using K-means, and apply different

dropout rates to activations in each cluster.

Our methods are widely applicable to a variety of neural networks such as autoencoders, deep

neural networks for classification and segmentation, where dropout is used for model regu-

larization. Our methods do not rely on making structural changes to the network or additional

network elements during training. Unlike the standard dropout, we eliminate the need to search

the hyper-parameter space, for an optimal dropout rate. Compared to the most recent devel-

opment, jumpout (Wang et al., 2019c), our method differs by estimating the parameters of the

Gaussian automatically from the activations of each network layer.

Standard dropout (Hinton et al., 2012) requires a hyper-parameter for every layer with dropout

function enabled but our method removes the need for this hyper-parameter. Unlike methods

such as (Ba and Frey, 2013) and (Zolna et al., 2017), our method does not introduce any struc-

tural changes to the network, or need an additional network during training. Unlike DropCon-

nect (Wan et al., 2013), our method does not apply sparsity to weights and biases of neurons.

Furthermore, unlike Bayesian methods such as the Fast dropout (Wang and Manning, 2013)

and Variational dropout (Kingma et al., 2015), our method does not involve modelling of noise

for each neuron. Finally, all of the above methods need a hyper-parameter, which is either in

the form of a dropout rate, or parameters of a Gaussian for their respective implementation.

Our automatic dropout rate method is inspired by jumpout (Wang et al., 2019c), in that we too

sample a dropout rate from a Gaussian distribution but unlike jumpout, which requires cross-

validation to establish the parameters of the Gaussian distribution, our proposed automatic

dropout rate selection method determines it from the activation of the neurons at each individual

layer. Our second method that adapts dropout rates to clusters of activations is inspired by a

recent method called Guided dropout (Keshari et al., 2019). Our method, instead of learning

the strength of a neuron as they do in (Keshari et al., 2019), applies clustering to the activations

at training time, and applies different dropout rates to each cluster. In our implementation, we

modify the dropout rate determined automatically, in accordance with the cluster centre of each

cluster.
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Layer N-1

Layer N+1

Layer N

SD=0.9

SD=0.4

SD=0.51

FIGURE 2.1: Automatic dropout rate determination at the three layers of a neural network. The distribution
of neuron activations is approximated as a Gaussian with the determined standard deviation. The dropout
rate for each layer is determined from this Gaussian distribution. The dropped neurons are shown with a red
cross against them. The standard deviation of activations at layer N − 1 is determined as 0.9, and for layer
N, the dropout rate is sampled from a Gaussian distribution with SD = 0.9. Similarly, for layer N + 1, the
dropout rate is sampled from Gaussian with SD = 0.4.
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2.2 Method

We propose two methods of choosing a dropout rate automatically, eliminating the need

to choose a hyper-parameter for dropout for every given layer of the network. In our

first method, we choose a dropout rate for a layer by analysing the distribution of neuron

activations from the previous layer. We further enhance this method by clustering activa-

tions and applying an adaptive dropout for the activations based on their membership to a

cluster. Both these methods are described in more detail in the following sections.

2.2.1 Automatic Dropout

As observed by existing studies (Wang et al., 2019b), (Wang et al., 2016b) and (Raghu

et al., 2017), a DNN which uses ReLU activations can be thought of as piecewise linear

weight function which divides the input plane into regions. For non-zero bias terms which

are usually the case with neural networks, the regions form a convex polyhedra. The

shape of the polyhedra is based on the activation patterns, each represented by a set of

linear constraints.

Our automatic dropout rate method relies on finding smooth approximations to such con-

vex polyhedra. Since ReLU is a cheap and efficient activation function used in state-

of-the-art deep networks, our research is focused on improving the performance of such

deep networks. Dropping out some activations changes the polyhedral accordingly. Thus,

the dropout mechanism trains a family of DNNs, each represented by a slightly different

polyhedron. A constant dropout rate can be considered as the average distance between

the polyhedra created by dropout. So, the weights of the final model can be thought of as

an average of these individual polyhedral regions created as a result of dropout. To obtain

good generalization performance, the resulting averaging should result in locally smooth

regions. However, with fixed dropout, it can only be achieved when the dropout rate is

low.

As in jumpout (Wang et al., 2019c), we sample the dropout rate from a Gaussian dis-

tribution which ensures that the probability of dropping out more activations reduces as

the number of units dropped out increases. We further extend the work of jumpout (Wang
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et al., 2019c) by automatically choosing a Gaussian distribution based on the spread of the

activated neurons. This ensures that the probability of obtaining a smooth polyhedra not

only increases but it is also locally optimized by sampling from a Gaussian distribution of

an appropriate shape.

In our method, we automatically determine the dropout rate for a dropout layer based on

the standard deviation of the distribution of activations of the neurons from the earlier

layer. We then sample a dropout rate from this distribution and determine a dropout mask

based on the dropout rate. To ensure that during the training phase neither too many

activations are dropped out nor too few activations are dropped out, we further truncate

|p| so that |p| ∈ [smin, smax], where 0 ≤ smin < smax ≤ 1. We note that the standard

deviation σ will have a lower value if the activations are all similar to one another when

compared to the case where there is a large variation in the magnitude of the activations.

The details of the automatic dropout rate method are illustrated in Algorithm 1. In our

implementation, this algorithm is implemented in a separate custom dropout layer into

which the activations aj from the previous jth layer are input. Hyper-parameters smin,

smax are set such that the sampled dropout rate is clipped to be within acceptable bounds.

Algorithm 1 Automatic Dropout (M1).

Input aj , smin, smax where aj are activations of the jth layer.

Compute the mean of the activations.

aave = (
∑
aj)/n

Compute standard deviation of activations.

astd =
√
(
∑

(aj − aave)2)/(n− 1)

Compute dropout probability.

N(0, astd), ptrunc = min(smin + p, smax)

Apply dropout to activations with a rate ptrunc.

The details of automatic dropout rate algorithm are also illustrated in Figure 2.1, where

a part of a neural network with 3 layers, N -1, N and N + 1 is shown. For each layer,

during training, we determine the standard deviation of the activations. In this example,
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for layer N -1 the computed standard deviation is 0.9, for layer N it is 0.4 and for layer

N + 1 it is 0.51. The computed standard deviation is used to determine the parameters of

the Gaussian distribution to sample a dropout rate from. In all our experimental results,

we refer to this method by name as M1.

2.2.2 Adaptive Dropout

Inspired by (Keshari et al., 2019), we hypothesize that varying dropout rates based on

the activation itself would allow the network to generalize better. Thus, we propose an

enhancement over standard dropout to adaptively dropout neurons based on the strength of

the activation. Our adaptive dropout strategy is based around the clustering of activations

and applying varying levels of dropout rates for each cluster. The details of the adaptive

dropout based on clustering are illustrated in Algorithm 2. In our implementation, this

algorithm is implemented in a separate custom dropout layer along with the automatic

dropout method to which the activations aj from the previous jth layer are input. Hyper-

parameters smin, smax are set to values so that the sampled dropout rate is clipped to be

within acceptable bounds.

Algorithm 2 Adaptive dropout using clustering (M2).

Input aj ,smin,smax where aj are activations of the jth layer.

Compute the mean of the activations.

ck = kmeans(aj)

for k = 1 to 3 do
Determine the cluster with the highest mean.
cmax = max(ck)

end for

Compute ptrunc according to either algorithm M1 or use a fixed dropout rate.

for k = 1 to 3 do
Compute dropout probability for each cluster k.
pk = ptrunc ∗ (ck/cmax)

end for

Apply dropout pk to activations belonging to cluster k.
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In (Keshari et al., 2019), a separately learned parameter called strength of a node, a scalar

value indicating the importance of the node/neuron, is learned during training. In our

method, we simplify this formulation by using the magnitude of the activation as a proxy

for the strength. Further, we perform K-means clustering of the activations at training

time and group the activations into N clusters. We then order the clusters in descending

order of the cluster mean, and apply a dropout rate, which is inversely proportional to the

cluster mean (details later in this section). The intuition underlying this dropout strategy

is as follows. We want to progressively decrease the dropout rate as the strength of activa-

tion decreases. Similar to (Keshari et al., 2019), we argue that by dropping higher strength

activations at a higher dropout rate, the network generalizes better by relying on activa-

tions of a lower strength. Note that this method can use a fixed dropout rate (dropout as a

hyper-parameter), as well as the automatically determined dropout rate proposed earlier,

and progressively adapt to different clusters of activations.

We rely on the study (Mianjy et al., 2018) to provide a theoretical understanding of why

the adaptive dropout using clustering works. The process of dropout as a regularization

method can be understood by considering a neural network with input x ∈ Rd2 . Let

y ∈ Rd1 be the output feature vector obtained by the neural network represented by

the matrix M . Then, y = Mx for some M ∈ Rd1×d2 . Now, if we assume that the

neural network has two hidden layers with respective weight matrices U ∈ Rd1×r and

V ∈ Rd2×r, the goal of learning is to determine the weight matrices corresponding to the

hidden layers U, V such that the following objective in Eq. (2.1) is minimized:

f(U, V ) = E[‖ (y − UV Tx) ‖2]. (2.1)

In the presence of dropout, Eq. (2.1) can be rewritten as follows:

f(U, V ) = E[‖ (y − 1

θ
Udiag(b)V Tx) ‖2], (2.2)

where b ∈ Bernoulli(θ), which means the indicator function b is sampled from Bernoulli

trials. In (Mianjy et al., 2018), Lemma A.1 is used to show that Eq. (2.2) can be rewritten
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as follows:

f(U, V ) = l(U, V ) + λ
∑
‖ ui ‖2‖ vi ‖2, (2.3)

where ui, vi are the columns of the matrices U, V respectively and λ is a regularization

constant equal to 1−θ
θ

. The term λ
∑
‖ ui ‖2‖ vi ‖2 increases in value, hence increasing

the overall loss f(U, V ) when higher activations are dropped. This allows the network

to rely on activations of a lower magnitude to improve their contribution to the overall

network generalization. A similar principle is used in (Keshari et al., 2019) with the

strength parameter.

The details of the adaptive dropout based on the clustering algorithm are illustrated in

Figure 2.2. A key feature of this method is to use the magnitude of a neuron activation

as a guide to regularizing the network. We argue that just as using large weights leads to

network overfitting, large activations also contribute to overfitting. The adaptive dropout

through clustering addresses this issue.

As illustrated in Figure 2.2, we cluster the activations for each layer independently. In our

implementation, we use three clusters which map to low, medium, and high strength ac-

tivations. We adaptively apply the dropout rate to each cluster as follows. For the cluster

with the largest centroid, we apply the dropout rate determined according to either Algo-

rithm 1 or using fixed dropout rate. For the next highest cluster, we reduce the dropout

rate by an amount ck/cmax where ck is the cluster mean and cmax is the maximum cluster

mean. This process is repeated for all the clusters. This allows the network to not overly

rely on higher strength activations during training and leads to better generalization. In all

our experimental results, we refer to this method by name as M2. For the ablation study,

we also design a variation of this method, where we adaptively apply the dropout rate

with the highest dropout rate assigned to the cluster with the lowest centroid. In all our

experimental results, we refer to this method as M2
min. When this method is evaluated

independently of the automatic dropout rate method, we use a fixed dropout rate as input.
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Layer N-1

Layer N

C1 (0.25) C2 (0.3) C3 (0.4)

SD=0.6

0.3

SD=0.3
0.4

C1 (0.15) C2 (0.2) C3 (0.3)

FIGURE 2.2: Adaptive dropout based on clustering working in combination with automatic dropout rate
selection. The clustering of activations allows different dropout rates to be applied selectively to activations
within a cluster, based on the strength of the activation. At each layer, as illustrated, three clusters are
determined, based on the neuron activations. Different dropout rates are applied to each cluster, based on the
strength of the activation of each cluster. For determining the strength of activation, the cluster centroid’s
activation is used. The adaptive dropout rate applied is derived from an empirically determined fixed dropout
rate or from a distribution of activations of the previous layer. As an example, for layer N , there are three
clusters with centroids 0.15, 0.2 and 0.3, and the dropout rate of 0.3 is adaptively applied to each cluster. This
rate is sampled from a Gaussian of SD = 0.6.
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2.3 Experiments and Results

2.3.1 Datasets

We chose Fashion-MNIST (Xiao et al., 2017), CIFAR-10 (Krizhevsky et al., 2009), and

CIFAR-100 (Krizhevsky et al., 2009) datasets, which are image classification datasets,

for our experiments. Sample images from CIFAR-10 and Fashion-MNIST datasets are

shown in Figure 2.3.

CIFAR-10: This is an image classification dataset consisting of 60,000 tiny RGB images.

Each image is of size 32 × 32. There are 50,000 images in the training set and 10,000

images in the testing set. There are 10 mutually exclusive classes in the dataset. Hence,

in the training set, there are exactly 5000 image per class. Similarly, in the test set there

are 1000 images per class.

CIFAR-100: Similar to CIFAR-10, this is also an image classification dataset. In CIFAR-

100, there are 100 classes which are used as fine labels of the images. These 100 classes

belong to 20 super classes which are used to specify the coarse labels of an image. CIFAR-

100 dataset consists of 60,000 tiny RGB images, where each image is of size 32 × 32.

There are 50,000 images in the training set and 10,000 images in the testing set. Thus, in

the training set, there are 500 images per fine label class, and in the test set, 100 images

per fine label class.

Fashion-MNIST: This dataset consists of 70,000 tiny grey scale images from the Za-

lando’s article image collection1. There are 60,000 images in the training set and the rest

in the testing set. Fashion-MNIST is a drop-in replacement for the MNIST2 dataset and

has exactly 10 classes. The image size is 20× 28.

1Zalando collection https://jobs.zalando.com/en/tech/
2MNIST Dataset https://yann.lecun.com/exdb/mnist/
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2.3.2 Implementation and Results

To measure the improvement provided by using dropout and its variants, we kept data aug-

mentation to a minimum. We ran the evaluation of each method for each dataset and net-

work 3 times and reported the median result in each case. All our experiments were per-

formed using two NVIDIA GeForce GTX 1080 Ti GPUs and the Keras/TensorFlow pro-

gramming platform. We used Wide residual network (Zagoruyko and Komodakis, 2016)

(Wide ResNet) and v3 network3 as the baseline. We chose Wide ResNet (Zagoruyko and

Komodakis, 2016) because it has demonstrated state-of-the-art results over other popular

networks. The variants of Wide ResNet, namelywidth = 8, depth = 16 andwidth = 10,

depth = 28 of Wide ResNet, have fewer parameters than ResNet but have performed bet-

ter on CIFAR (Krizhevsky et al., 2009). In our experiments involving Wide ResNet and

CIFAR datasets, we used stochastic gradient descent (SGD) with Nesterov momentum

and cross-entropy loss. The initial learning rate was set to 0.1, weight decay to 0.0005,

dampening to 0, and momentum to 0.9. We trained the network for 200 epochs, where

the learning rate was dropped by 0.2 at 60, 120, and 160 epochs. In our experiments in-

volving the Fashion-MNIST dataset and Wide ResNet, the initial learning rate was set to

0.001, weight decay to 0.0005, dampening to 0, and momentum to 0.9. We used a time-

based learning decay of 1e-5. We trained the network for 50 epochs. For both CIFAR and

Fashion-MNIST experiments, mini-batch size was set to 64, and horizontal flip was the

only data augmentation used. The training protocol was very similar to (Zagoruyko and

Komodakis, 2016).

We also performed experiments on a simpler network similar to VGG called the v3 net-

work. This was to apply our methods to a very different architecture when compared to

Wide ResNet. For our experiments with the v3 network, we used SGD with an initial

learning rate of 0.01 and momentum of 0.9. We trained the network for 50 epochs, where

we dropped the learning rate by 0.5 and used momentum decay of 0.05 every 10 epochs.

This training protocol is similar to the implementation of v3 network.

For standard dropout, we empirically determined the best performing dropout (= 0.3) for

Wide ResNet across all datasets, and used this value for all the layers of Wide ResNet

3The “v3” network from https://github.com/ jseppanen/cifa_lasagne
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across all our experiments. For the proposed automatic dropout rate, we limited the auto-

matically determined dropout rate such that it always lay in the interval [0.01, 0.6]. We

compared our implementation with the standard dropout (Hinton et al., 2012) as well as

jumpout (Wang et al., 2019c). For the v3 network, we have compared our method with

the standard dropout only, since the jumpout method did not converge for the datasets we

experimented with.

2.3.3 Ablation Experiments

To get a better understanding of our proposed methods, we performed several ablation

experiments by combining our two proposed methods and introducing variations on our

proposed methods. For these ablation experiments, we used the three variants of Wide

ResNet, namely, width = 8, depth = 16, width = 10, depth = 28, and width = 4,

depth = 40. We chose these variants because they explore the network architecture

both in terms of width and depth. We considered a simple training protocol with no

data augmentation, an initial learning rate of 0.01, SGD with Nesterov momentum, cross-

entropy loss, and time-based learning rate decay of 1e-5. We trained for 50 epochs. We

chose to use no data augmentation to measure the regularization effect of our methods

alone.

Table 2.1 shows the classification accuracy results of our method using the CIFAR-10,

CIFAR-100, and Fashion-MNIST datasets for the two variants of the Wide ResNet we

evaluated on. We used the same augmentation method and training protocol (Zagoruyko

and Komodakis, 2016) for all methods and hence can compare the relative performance

of our proposed methods against both standard dropout and jumpout. We note that across

both variants of Wide ResNet networks tested, our methods outperform the standard

dropout and jumpout for the CIFAR-10, CIFAR-100, and Fashion-MNIST using the auto-

matic dropout rate method. The combination of the first and second methods gave a small

improvement over the first method alone.

Table 2.2 shows the classification accuracy results on the v3 network. For the v3 network,

we ran experiments for dropout and our proposed methods only. We note that, as in the

case of Wide ResNet, our automatic dropout rate method, as well as the combination
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TABLE 2.1: Results comparing our method with the state-of-the-art
method jumpout, and the standard dropout, for different variants of Wide
ResNet (width = 18, depth = 8 and (width = 28, depth = 10) and pop-
ular datasets. CIF10, CIF100 and FASHN refer to the CIFAR-10, CIFAR-
100, Fashion-MNIST datasets, respectively. The result forM1 outperforms
the state-of-the-art for both Wide ResNet variants, and M1 +M2 outper-
forms M1 and state-of-the-art.

Method Wide ResNet:16_8 Wide ResNet:28_10

Dropout

Jumpout

M1

M1 +M2

CIF10 CIF100 FASHN

0.945 0.762 0.911

0.939 0.752 0.912

0.949 0.769 0.925

0.951 0.771 0.931

CIF10 CIF100 FASHN

0.949 0.776 0.910

0.926 0.735 0.921

0.953 0.780 0.921

0.956 0.785 0.932

TABLE 2.2: Results our method compared with standard dropout for the
v3 network and popular datasets. CIF10, CIF100 and FASHN refer to the
CIFAR-10, CIFAR-100, Fashion-MNIST datasets, respectively. The result
for M1 outperforms the standard dropout, and M1 +M2 outperforms M1

and the standard dropout.

Method CIF10 CIF100 FASHN

Dropout 0.845 0.481 0.920

M1 0.874 0.495 0.923

M1 +M2 0.884 0.565 0.932

of automatic dropout rate and adaptive dropout with clustering, outperform the standard

dropout.

Table 2.3 and Table 2.4 show the classification accuracy results of our ablation experi-

ments. Firstly, we note that the results across different datasets are slightly lower than

the state-of-the-art because data augmentation, and highly tuned learning rates, were not

used. Here, we show that, across all networks and datasets, our first method (M1) out-

performs the standard dropout as well as jumpout (Wang et al., 2019c). Furthermore,
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combining the first and second methods (M1 + M2) performs better than the first method

alone. However, we note that introducing M2, slows down training performance by a fac-

tor of 5, when compared to M1 alone because the K-means algorithm is computationally

expensive. We hope to address this in future work. We also note that, in some instances,

our second method (M2) with a carefully chosen dropout rate performs as well as the first

and second methods combined (M1 +M2). This confirms the utility of both methods in

their own right. Finally, the variation on the second method as described earlier (M2
min),

on its own and in combination with first method (M1) performs worse but is still compa-

rable to jumpout for Fashion and CIFAR-10 datasets, confirming our original hypothesis

about dropping high strength activations more often, for better generalization.
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TABLE 2.3: Results of the ablation experiments comparing our method
in different settings with jumpout and the standard dropout, using Wide
ResNet variants (width = 18, depth = 8 and (width = 28, depth = 10)
and popular datasets. CIF10, CIF100 and FASHN refer to the CIFAR-10,
CIFAR-100, Fashion-MNIST datasets, respectively. The result for M1 +
M2 or M2 alone outperforms all other methods including state-of-the-art.
Method M2

min performs worse than M2.

Method Wide ResNet:16_8 Wide ResNet:28_10

Dropout

Jumpout

M1

M1 +M2

M2

M1 +M2
min

M2
min

FASHN CIF10 CIF100

0.910 0.856 0.549

0.910 0.834 0.548

0.925 0.874 0.632

0.932 0.878 0.641

0.934 0.870 0.600

0.920 0.870 0.600

0.915 0.858 0.589

FASHN CIF10 CIF100

0.910 0.810 0.612

0.920 0.820 0.623

0.920 0.850 0.636

0.932 0.889 0.644

0.929 0.886 0.649

0.929 0.870 0.607

0.929 0.862 0.575

TABLE 2.4: Results of the ablation experiments on Wide ResNet:40_4
(width = 40, depth = 4) using popular datasets, comparing our method
in different settings, and comparing it with jumpout and standard dropout.
CIF10, CIF100 and FASHN refer to the CIFAR-10, CIFAR-100, Fashion-
MNIST datasets, respectively. The result for M1 +M2 outperforms the all
other methods including state-of-the-art. Method M2

min performs worse
than M2.

Method FASHN CIF10 CIF100

Dropout 0.910 0.780 0.591

Jumpout 0.920 0.830 0.592

M1 0.920 0.862 0.612

M1 +M2 0.923 0.870 0.618

M2 0.921 0.868 0.611

M1 +M2
min 0.920 0.844 0.547

M2
min 0.918 0.833 0.546
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FIGURE 2.3: Sample images from (Left) CIFAR-10 dataset (Krizhevsky et al., 2009) and (Right) Fashion-
MNIST dataset (Xiao et al., 2017). CIFAR-10 dataset has 10 random images per row for each of the 10
classes in the dataset. Fashion-MNIST dataset has 3 rows of images per class and has 10 classes in the
dataset.
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2.4 Summary

In this chapter, we have proposed two methods for improving dropout. Our methods

do not require structural changes or ensembles. Our first method removes the need for

choosing a dropout rate hyper-parameter. Our second method applies dropout rate adap-

tively to activations based on clustering. We have demonstrated that both our methods

outperform standard dropout, when applied individually, as well as when combined. We

have demonstrated the versatility and applicability of our methods, by evaluating on well-

known datasets such as CIFAR and Fashion-MNIST using three variants of Wide ResNet,

and a substantially different network such as the v3 network. We have demonstrated

the effectiveness of this fundamental generalization method in this chapter. This dropout

method has wide applicability across many deep neural networks, especially with many

layers, where the dropout rates have to be set adaptively and automatically.



CHAPTER 3

Mask-Driven Mitosis Detection in Histopathology Images

Object detection and localization methods described in Sections 1.1.2 and 1.1.1, propose

bounding box methods such as Faster R-CNN (Ren et al., 2015) and instance-based meth-

ods such as Mask R-CNN (He et al., 2017). Detection approaches without masks, do not

provide accurate localisation, as they do not capture the morphology of the object and

may include additional noise of other objects and background, forming an inexact anno-

tation which will have an effect on object classification accuracy, due to noisy learned

feature representations. Instance-based segmentation provides an advantage with better

localization, but have further challenges due to lighting changes, cluttered background,

and object morphological variations. Furthermore, preparing datasets with pixel-level an-

notations is expensive in scenarios where there are small and overlapping objects. This

chapter addresses these challenges in the context of mitosis cell detection.

The count of mitosis cells in histopathology images is an indication of the progression of

cancer. However, pathologists find this task laborious, as there are a number of cells which

are similar to mitosis cells. Additionally, the shape of the cells varies depending upon

the phase of cell division. Several pixel-based or region-based deep learning solutions

have evolved over the recent years to address this problem. Pixel-based solutions are

accurate but computationally expensive. Region-based methods do not localize the cells

effectively, hence having an effect on mitotic count accuracy. The solutions are designed

to use both hand-crafted and learned deep features, work on pre-processed images only.

In this chapter, we introduce a cascade, mask-driven approach, which helps to localize the

cells better, and hence achieve a greater accuracy of mitosis cell detection. Our method

predicts masks for cells automatically and uses the generated masks for mitotic detection.

In the first stage of processing, we use the Mask R-CNN network to predict the masks

for the cells, and also classify the cells with a high recall rate and low precision. These

60
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cells, detected in the first stage, are processed further in a second stage, to eliminate false

positives. In the second stage, the cell candidates are classified as mitotic or non-mitotic,

using a combination of both hand-crafted features, and learned deep features obtained

from a CNN, pre-trained on ImageNet. We have evaluated our method on the public

ICPR 2012 and ICPR 2014 mitosis datasets and obtained improved performance over

fully-supervised segmentation methods, as well as those using a combination of hand-

crafted and learned deep features. We also show that masks learned from the small ICPR

2012 dataset can be effectively transferred to the ICPR 2014 dataset, which lacks mask

annotations for cells. The content of this chapter is related to the publication (Dodballapur

et al., 2019).

3.1 Introduction

Technological advances in fast-slide scanners have had a cascading effect in the health

industry for improved diagnosis of diseases such as cancer (Webster and Dunstan, 2014).

Cancer is one of the leading causes of death in the world today (Ferlay et al., 2015). Mito-

sis detection and counting are used as the primary diagnostic factors for cancer detection

and grading (Veta et al., 2015). Mitosis detection is challenging because of its hyper-

chromaticity, and close resemblance to other cells. Additionally, it has other confounding

factors, namely, sparsity, and morphological changes caused by different stages of cell di-

vision (Veta et al., 2015). Mitotic counting is a very tedious and subjective exercise, with

pathologists often having differing opinions about cancer grading. Automating mitotic

counting using histopathology images, can remove the subjectivity from the counting

process, reduce the burden on pathologists, and facilitate a faster, more consistent, and

quantitative diagnosis of cancer. The following section summarizes the related work in

this field.

3.1.1 Related Work

3.1.1.1 Hand-Crafted Feature Approaches

Some of the earlier studies, have proposed automatic detection of mitotic cells using hand-

crafted features, and classification methods such as, support vector machines (SVMs), de-

cision trees, and AdaBoost (H.Irshad, 2013), (C. Sommer and Gerlich, 2012), (Tek, 2013).
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FIGURE 3.1: A three-stage process of mitosis detection. In the first stage,
RGB images are transformed to other color spaces and specific color chan-
nels are selected using histogram analysis. In the second stage, a blue ratio
image is determined which is useful in differentiating nuclei from back-
ground. In the third stage, morphological and statistical features are com-
puted to train a classification model for mitosis classification (H.Irshad,
2013).

In the hand-crafted approach, the images are pre-processed, and the candidate regions or

cells are identified. Then, in a feature extraction step, features such as, colour, texture,

shape, and morphological features are extracted from pre-processed images and used to

train a classifier (H.Irshad, 2013), (C. Sommer and Gerlich, 2012), (Tek, 2013). Mor-

phological features are extracted from blue-ratio images, after obtaining active-contours

(H.Irshad, 2013). These features, along with colour features in different spaces, are com-

bined and used to train a decision tree model for classification of mitosis cells. Figure 3.1

provides an overview of this approach.

The study (C. Sommer and Gerlich, 2012), proposes a dual-stage mitosis cell detection

approach. In the first step, a random forest classifier is trained with an interactive GUI,

to segment the candidate mitosis cells using active learning. These cells are then classi-

fied using a Support Vector Machine (SVM) in the second classification step, using the

texture and shape features. The study (Tek, 2013), uses RGB channels and shape features

to train an AdaBoost cascade for mitosis detection. The drawback of this traditional ap-

proach is that identifying and extracting discriminative features is too time-consuming.

Additionally, the method is not robust to morphological variations.
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FIGURE 3.2: Mask R-CNN is a flexible and general framework for object
detection and instance segmentation. It belongs to the family of region-
proposal networks and an extension of Faster R-CNN. Objects in an image
are detected, while simultaneously predicting high-quality segmentation
mask at pixel-level, for each detected object. This instance segmentation
achieves better localisation (He et al., 2017). Our two-stage mitosis detec-
tion framework, uses Mask R-CNN in the first stage to predict masks for
the datasets.

3.1.1.2 Deep Feature Approaches

The deep neural network (DNN) approaches for mitosis detection and recognition can be

classified as pixel-based, region-based, and hybrid approaches.

Pixel-level classifiers have been used for automatically analyzing histopathological im-

ages for cancer diagnosis (Cireşan et al., 2013). Patches obtained using a sliding window

technique are classified as either mitotic or non-mitotic, based on the pixel classification

of the centroid of a patch. For a given image, the pixels are assigned to one of the two

classes, namely, mitotic, and non-mitotic. Then, a window is defined for each pixel, and

an image patch corresponding to this window is used to train a DNN for pixel-level clas-

sification. The DNN has convolution layers, max-pooling layers, a fully connected layer,

and a softmax layer at the end, for classification. Pixel-level approaches are computation-

ally very expensive.

The studies (Saha et al., 2018) and (Wang et al., 2014a), proposes a combination of hand-

crafted features with learned deep features for mitosis detection. In their study, (Saha

et al., 2018) converted the original RGB image to a blue-ratio image and trained a DNN

using patches around the detected objects, and combined it with hand-crafted features, for
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detecting mitosis cells. Similarly, the study (Wang et al., 2014a), uses a pre-processed im-

age, and combines results of several classifiers, trained separately on hand-crafted features

and learned deep features. Both these approaches rely on domain-specific pre-processing

steps for region-based feature extraction, to achieve good mitosis detection results.

In other studies (Li et al., 2018c) and (Chen et al., 2016), a two-stage process for mitosis

detection has been proposed. In the first stage, coarse features were obtained and then

refined in the second stage. In the first stage, the study (Li et al., 2018c), used random

forests to obtain coarse features while the study (Chen et al., 2016), used a DNN. Both

these methods, obtained fine features using a DNN in the second stage. These approaches

are more robust to differentiating the actual mitotic cells from their mimics, but still per-

form poorly in localizing the mitosis cells, thus affecting the overall detection accuracy.

Approaches based on region proposals have also been proposed for mitosis detection.

Region-based approaches as shown in Figure 3.3, are more efficient, as they process

groups of pixels, which share similar attributes, such as color and texture. Region-based

approaches rely on good segmentation for mitotic detection. The study (Li et al., 2018a),

uses Faster R-CNN (Ren et al., 2015) for predicting bounding boxes around the mitosis

cells. Faster R-CNN uses region proposals, where several anchor boxes at various scales

are generated and mapped to regions for object detection. Fixed length features for each

of the proposed regions are then used for both classification and localization. However, as

the method by (Li et al., 2018a) does not predict masks for the cells, it performs poorly on

mitosis cell localization. It is established that predicting accurate masks simultaneously

with bounding boxes, can improve the accuracy of localization (He et al., 2017). Hence,

with improved cell localization, cell-level features can be analyzed to identify mitosis

cells with greater accuracy.

3.1.2 Contributions

In this chapter, we address the challenge of imprecise localization and expensive annota-

tion required for instance segmentation, as outlined in Section 1.5.1. This chapter studies

the consequences of insufficient localization on tasks such as object detection and classi-

fication. In this study, we have designed a cascaded detection method, by first generating
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FIGURE 3.3: DeepMitosis uses a 2-step mitosis detection approach (Li
et al., 2018a). A deep segmentation model based on FCN is used to gen-
erate candidate bounding boxes from weakly annotated datasets. Then
a Faster R-CNN network is used in the deep detection model to predict
bounding boxes, followed by deep verification step, which performs mito-
sis classification.

candidate segmentation masks using Mask R-CNN (He et al., 2017), and further using

these masks to obtain learned deep features and hand-crafted features, to identify true mi-

totic cells. Mask R-CNN has a multi-task loss function, which allows the model to simul-

taneously learn object classification, object bounding box and an object mask. Further,

by using transfer learning from the trained Mask R-CNN models, our method is capable

of obtaining automatic segmentation for weakly annotated datasets such as ICPR Mitosis

20141 which lack ground truth masks. The multi-task learning improves the classifica-

tion accuracy of the model. Further, with such mitosis mask generation, cell candidates

are detected based on the confidence scores with a high recall rate for further processing.

Our evaluation shows that our method outperforms the state-of-the-art approaches on both

ICPR 2012 and 2014 mitosis datasets.

3.2 Method

Our mitosis detection framework has two stages. In the first stage, the mask generation

stage, a trained mask generator network is used to produce masks for candidate mitosis

cells along with confidence scores. In the second stage, the mitosis detection stage, the

outputs of the first stage are refined to eliminate false positives using both learned deep

1Mitos and Atypia 14 https://mitos-atypia-14.grand-challenge.org/Dataset/
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features, and hand-crafted features extracted based on the masks generated in the first

stage.

3.2.1 Mask Generation Stage

Recently, Mask R-CNN (He et al., 2017) has become one of the widely used state-of-

the-art instance segmentation frameworks. Mask R-CNN uses a region proposal network

(Ren et al., 2015) in the first stage to identify candidate bounding boxes and in the second

stage predicts regressed bounding boxes, classification for the bounding boxes, and masks

for the objects. The instance segmentation by Mask R-CNN is shown in Figure 3.2. Mask

R-CNN uses RoI-Align layer to extract fixed length features, which are exactly aligned

with the input. The extracted features are used for bounding box regression, classifica-

tion, and prediction of masks within the bounding boxes using a separate branch of the

network. Mask R-CNN has the advantage of predicting masks along with classification,

and can be adapted for mitosis detection, where the morphological features of the cells

have distinctive characteristics for the mitotic cells.

Specifically, we adopted the Mask R-CNN network to detect mitosis cell candidates with a

high recall rate (possibly many false positives), as shown in Figure 3.4. We used ResNet-

50 (He et al., 2016) as a backbone for feature generation and binary classification be-

tween foreground cells and background. The network was trained using high power fields

(HPFs) from 40x magnification whole slide images with their masks. In this study, each

HPF image was split into four non-overlapping images, which are then used to train the

network. The anchor box sizes for Mask R-CNN were empirically determined by cluster-

ing the height and width of the ground truth bounding boxes in the training set. K-means

clustering was used and the anchor box scales of 5, 15, 30, and 45 were used. The model

predicted masks for mitosis cells along with confidence scores and bounding boxes.

To predict mitosis cells on the test set, a minimum confidence threshold of 0.8 and 40

detections per image were used, which were determined empirically, to obtain a 95%

recall rate. This ensured that most mitosis cells had been detected along with a large

number of false positives. These false positives were mitotic cell mimics classified as



3.2 METHOD 67

(a)

(b)

FIGURE 3.4: Illustration of mask generation using Mask R-CNN: (a) The
image shows the High Power Field image with ground truth annotation in
yellow; (b) The image shows masked mitosis cells in green, predicted by
Mask R-CNN. The manually marked bounding boxes in yellow show the
mitosis cells matching the ground truth mitosis cells. Other non-marked
cells are hard negatives mitosis cells which are false positives.
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mitotic with a high confidence score. The detection outputs of the first stage were then

processed further to eliminate false positives in the second stage.

3.2.2 Mitosis Detection Stage

Inputs to the second stage were the masks for the mitosis cells, bounding boxes and pre-

diction confidence scores obtained from the first stage. The predicted masks were used

to generate local patches of 72x72 pixels around the detections. Figure 3.6 illustrates the

mitosis detection stage.

In this stage, learned deep features and hand-crafted features were extracted from the lo-

cal patches. To derive the learned deep features, the Xception network (Chollet, 2017)

pre-trained on ImageNet (Deng et al., 2009) without the last two fully connected lay-

ers was used. The Xception network architecture is shown in Figure 3.5. Hence, this

deep architecture helps to capture texture, morphological patterns. The small parameter

size of the Xception network with deep separable convolution networks, helps to reduce

over-fitting so that the trained model can be used on other datasets to obtain good mitosis

detection accuracy. Hence, the network generalizes better. To further improve its discrim-

inative power, the learned deep features from the last convolution layer were combined

with hand-crafted features to incorporate domain knowledge, for better classification.

Our implementation used hand-crafted features which included morphological, intensity,

texture features such as area, perimeter, orientation, aspect ratio, angle magnitude and

gradient histogram, RGB colour histogram, Haralick, local binary patterns, Zernike mo-

ments, eccentricity, threshold adjacency statistics, and entropy. In addition, we also used

the boundary length of the mask and the radius of the minimum enclosing circle of the

mask. The combination of learned deep features and hand-crafted features mimics the

strategy used by pathologists for identifying mitosis cells. This strategy involves iden-

tifying mitosis cells based on learning from other exemplars combined with identifying

certain auxiliary features of mitosis cells such as hyper-chromaticity, hairy extensions and

shapes (Veta et al., 2014). This concatenated feature vector of hand-crafted features of di-

mension 278 ,and learned deep features, was used to train the two fully connected (FC)

layers, with the last layer having softmax activation for classification (see Figure 3.6). All
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FIGURE 3.5: Xception network (Chollet, 2017) which is used for the mi-
tosis detection stage. Xception network has depth-wise separable convo-
lution layers. The network has three distinct parts, entry flow, middle flow
and exit flow. The first two are repeated eight times. Hence, the training
data goes through eight sets of entry and middle flow parts before it is
passed into the single exit flow part. For the mitosis detection stage, we
use a modified version of this network where the last two fully connected
layers and the classification layer are removed.

other layers used ReLU as the activation function instead of tanh, to avoid the vanishing

gradient problem. Categorical cross-entropy loss was used during training.

As only 40 predictions per image were used from the mask generation stage, training was

done using only hard negatives. During training, the data was shuffled in the batches

such that in each batch 90% was positive samples and 10% negative samples; so that

the network would learn more about the positive features and then differentiate that from

hard-negative samples. Augmentation methods such as rotation with a range from 0 to 40

degrees, horizontal and vertical flipping were used to compensate for the small dataset,

to prevent over-fitting. The positives of predicted output of the mitosis detection stage

were re-classified as negatives based on the confidence score obtained from the mask

generation stage.
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Generate handcrafted 
features

Deep Network FC Layer

Apply Mask

Classifier

Stage 1 –
generated masks Stage 2 – mitosis detection and classification

FIGURE 3.6: Mitosis detection stage where candidate detections from
stage 1 are classified as mitotic or non-mitotic. Hand-crafted features ex-
tracted from the masks generated from the Mask R-CNN network are com-
bined with deep features to classify the candidate cells. The input images
are RGB image and the binary mask image. The learned deep features are
extracted using the Xception network or the VGG-16 network. The combi-
nation of learned deep features and hand-crafted features are used to train
a network with a fully connected layer followed by a mitosis classification
layer.

3.3 Experiments and Results

3.3.1 Datasets

Experimental evaluation was done on the ICPR 2012 (Roux et al., 2013) and ICPR

20142 mitosis datasets. Figure 3.7 provides examples of image patches with mitosis

cells, extracted from the two datasets. Both these datasets contain breast cancer biopsy

slides, where the slides are stained with standard hematoxylin and eosin (H&E) dyes, and

scanned by one of two slide scanners, namely, Aperio Scanscope XT and Hamamatsu

Nanozoomer 2.0-HT.

ICPR 2012 dataset: The dataset has 50 High Power Field (HPF) images, sampled from

breast cancer histopathology images at ×40 magnification, out of which 35 HPF images

were used for training and 15 for testing. The images have a resolution of 2084 × 2084

pixels for each field, contain 101 mitosis cells in the test set and 226 in the training set.

For this study, we considered the images from the Aperio XT scanner only. ICPR 2012

dataset has mask annotation for all the mitosis cells.

2Mitos and Atypia 14 https://mitos-atypia-14.grand-challenge.org/Dataset/
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ICPR 2014 dataset: The dataset has 1200 High Power Field (HPF) images, sampled from

breast cancer histopathology images at×40 magnification. The corresponding test dataset

has 496 images, but were not considered for this study, since they lacked annotations.

All the images have a resolution of 1539 × 1376 pixels for each field and contain 610

mitosis cells. The training dataset of 1200 image was split into training and validation

sets following the same split protocol as mentioned in (Li et al., 2018a), so that we could

make a fair comparison. For this study, we considered the images from the Aperio XT

scanner only.

ICPR 2014 dataset is annotated with only centroids of mitosis cells, hence it is weakly

annotated. Hence, for segmentation task the dataset can be considered as being weakly

annotated. For the purpose of this study, we also chose to evaluate on the ICPR 2014

dataset to demonstrate that our model trained on a small dataset like ICPR 2012, could

be used to generate reliable masks for weakly annotated datasets such as ICPR 2014. In

addition, because the ICPR 2014 dataset does not provide ground truth for the testing

dataset, we used a subset of the training dataset in our evaluation and excluded that subset

for training the model as explained earlier. The training set for ICPR 2014 dataset for

mitosis detection stage had 570 mitotic cells and the validation set had 139 mitotic cells.

The training set contained fewer mitosis cells than actual ground truth 610 mitotic cells,

since all the mitotic cells were not predicted by the Mask R-CNN network.

3.3.2 Implementation and Results

The Mask R-CNN network was trained for 30k epochs, with stochastic gradient descent

as the optimizer with a learning rate of 0.001. The network was pre-trained on ImageNet.

Vertical and horizontal flip and 0 to 40 degrees rotation range augmentations were used.

The training time for Mask R-CNN was 6s per epoch. For the mitosis detection stage,

we trained an Xception network for 1500 epochs with Adam optimization and an initial

learning rate of 0.001. The training time was 3s per epoch. The experiment was conducted

on Xception network as well as VGG-16 network (Simonyan and Zisserman, 2014). An

empirically determined threshold of 0.9 on the confidence score was used on the predicted

output to further reduce the false positives. All experiments were conducted on a NVIDIA
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(a)

FIGURE 3.7: Sample image patches from the Mitosis 2012 and 2014
dataset showing mitosis cells. The first two rows correspond to Mitosis
2012 dataset and the last two rows are from the Mitosis 2014 dataset.
Structural similarity can be noticed in the cells from the two datasets,
but the overall appearance differs due to non-standard staining and tissue
preparation process.

GeForce GTX Titan dual-GPU machine, and the code was implemented using Keras and

Tensor Flow.

Evaluation was done as per the criteria in the ICPR challenges. Precision, recall and F1-

score were used as evaluation metrics3. Mitosis detections were considered correct if a

detection lay within 20 pixels and 32 pixels from the ground truth centroid pixel for ICPR

2012 and ICPR 2014 datasets respectively, which was according to the ICPR contest rules.

Table 3.1 provides the results obtained on the ICPR 2012 dataset. Our method using

the Xception network has outperformed the best state-of-the-art DeepMitosis method (Li

et al., 2018a) in both F1-score and precision. Furthermore, our method using VGG-16

network performs similar to (Li et al., 2018a), with same recall and a similar F1-score.

DeepMitosis (Li et al., 2018a) uses Faster R-CNN (Ren et al., 2015) which uses region

3Challenge Evaluation Metrics https://mitos-atypia-14.grand-challenge.org/Evaluation-Metrics/
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TABLE 3.1: Results of our two-stage mitosis detection framework in two
different settings and comparison with state-of-the-art methods on the
ICPR 2012 dataset. Our method, with the Xception network in the sec-
ond stage, achieves the best precision and F1 score, and with the VGG-16
network, achieves the equal-best recall score.

Method Precision Recall F1-Score

DeepMitosis (Li et al., 2018a) 0.85 0.81 0.83

HC+CNN (Wang et al., 2014a) 0.84 0.65 0.73

Pixel-Based (Cireşan et al., 2013) 0.88 0.70 0.78

RCNN (Li et al., 2018c) 0.78 0.79 0.78

Ours (VGG-16) 0.87 0.81 0.84

Ours (Xception) 0.93 0.80 0.87

proposal network for localizing mitotic cells. The detections are further refined by us-

ing a ResNet based classification model to remove false positives and the segmentation

network is used to obtain bounding boxes for weakly annotated datasets such as ICPR

2014 datasets where only the centroid of the cell is annotated. Our method also outper-

forms (Cireşan et al., 2013), (Wang et al., 2014a), and (Li et al., 2018c). The approach

(Cireşan et al., 2013), uses a pixel-based classification. The study (Wang et al., 2014a),

uses a cascade approach of combining hand-crafted and learned deep features for mitosis

detection and a very light CNN network for classification. RCNN (Li et al., 2018c) uses

hand-crafted features to detect the candidate mitosis cell regions which are refined using

a lightweight region-based CNN and spiral scan for mitosis pixel classification.

Our method outperforms other methods because it captures the spatial information using

a deep neural network and also captures localized mitosis cell features using accurate

masks and tight bounding boxes. The accurate masks also help to compute robust hand-

crafted features than those methods without masks (Wang et al., 2014a). Our method

provides an advantage over pixel-based approaches (Cireşan et al., 2013) which use a

fixed bounding box around the mitotic pixel. Methods such as RCNN (Li et al., 2018c) use

both learned deep features and hand-crafted features, but their features are noisy as they do

not use predicted masks to localize mitosis cells. One of the main differences between our
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FIGURE 3.8: Masks generated for sample image patches from the weakly
annotated ICPR 2014 Mitosis dataset by our Mask R-CNN model trained
on ICPR 2012 dataset. The first row contains the image patches, and the
second row has the corresponding masks applied to the image patches to
isolate the cells. Note that the masks generated are accurate in all cases
except the fifth image from the left, where the cell is in the telophase stage.

approach and DeepMitosis is that we do not have a separate segmentation and detection

network. They are combined into a single mask generation and detection network based

on Mask R-CNN. Furthermore, DeepMitosis also does not use hand-crafted features with

masks to get localized cell features.

With the promising results on the ICPR 2012 dataset, we were interested to find out if

the model trained on the ICPR 2012 dataset for generating masks could also be used to

generate masks for other datasets. To evaluate this, we generated the masks for the ICPR

2014 dataset using the Mask R-CNN model trained on the ICPR 2012 dataset, and then

performed mitosis detection on the validation dataset using both VGG-16 and Xception

networks. Table 3.2 povides the performance comparison of the various methods on the

ICPR 2014 validation dataset where the validation dataset was similar to (Li et al., 2018a)

in terms of positive and negative samples chosen. Figure 3.8 shows the masks generated,

with the top row depicting the cells of Mitosis ICPR 2014 dataset in their original stained

background. They are weakly annotated. The second row shows the masks generated

from the model. The results show that the VGG-16 model achieved a better F1-score and

recall than DeepMitosis (Li et al., 2018a) and RCNN (Li et al., 2018c), while RCNN has

a better precision when compared to our method due to the scanning operation they use

to find mitotic cells. This demonstrates that the trained Mask R-CNN model is highly
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TABLE 3.2: Results of our two-stage mitosis detection framework in two
different experimental settings and comparison with state-of-the-art meth-
ods on the ICPR 2014 dataset where evaluation was performed on the
ICPR 2014 validation set. Our method based on VGG-16 outperforms
state-of-the-art DeepMitosis and RCNN in both recall and F1 scores. Our
implementation, based on Xception, achieved the second-best recall score.

Method Precision Recall F1-Score

DeepMitosis (Li et al., 2018a) - - 0.57

RCNN (Li et al., 2018c) 0.65 0.66 0.66

Ours (Xception) 0.62 0.67 0.64

Ours (VGG-16) 0.58 0.82 0.68

transferable despite the small size of the ICPR 2012 dataset. This further suggests that

in future, if we could obtain a Mask R-CNN model trained on a large dataset we could

possibly use it to perform reliable mitosis detections on weakly annotated datasets. In our

method we think that the inaccuracies of the mask prediction on the ICPR 2014 dataset

might have contributed to the relatively low accuracy of mitosis detection using the Xcep-

tion network. This needs to be further investigated by generating accurate masks for the

ICPR 2014 dataset. We also plan to combine the two stages to provide an end-to-end

solution for mitosis detection.

3.3.3 Ablation Experiments

3.3.3.1 Simpler Network and Deep Features

For the mitosis detection stage, we first experimented with simpler networks. The entire

setup of the experiment was exactly as described in the Section 3.2.2. The only difference

is that instead of VGG and Xception network, simple convolution network was used. The

network has the configuration of five alternating convolution layers of filter sizes 2, 4,

3, 2, and 2, and max pooling layers of filter size 2, and two fully connected layers, one

with 1000 units and the another with 2 units for softmax classification loss. The network

was trained for images of input size 72 × 72. The result of the experiment is highlighted

in Table 3.4. We noticed that the result was not promising and could not capture the



3.3 EXPERIMENTS AND RESULTS 76

TABLE 3.3: Results of ablation experiments of our two-stage mitosis de-
tection framework comparison with state-of-the-art methods on the ICPR
2012 dataset. In particular, when we used learned deep features only to
train our mitosis detection stage, our method matched DeepMitosis in F1
score and showed marginal improvement in precision score. When using
deep learned features, the performance was only marginally lower when
compared to our best result which used both learned deep features and
hand-crafed features (first two rows).

Method Precision Recall F1-Score

Ours (VGG-16) 0.87 0.81 0.84

Ours (Xception) 0.93 0.80 0.87

DeepMitosis (Li et al., 2018a) 0.85 0.81 0.83

Ours (Xception) Deep features only 0.86 0.80 0.83

morphological and textural features of the cells. We then extended the experiment to

deeper networks like Xception and VGG and found that it was better suited for mitosis

detection. The Xception network has depth-wise separable convolution network. The

reduced parameters due to this architecture, makes it generalize better than the simple

convolution network.

Table 3.3 shows the results of our implementation, using just learned deep features. The

result of using only learned deep features was similar to DeepMitosis (Li et al., 2018a),

where only deep features were used. However, this result was lower than our best result

of using both hand-crafted and deep features.

3.3.3.2 Faster R-CNN for Detections

In methods such as DeepMitosis, Faster R-CNN was used for detections. We wanted to

compare the results when Faster R-CNN was used instead of Mask R-CNN. Faster R-

CNN architecture predicts the bounding boxes with region proposals and anchor boxes

of various scales. To conduct our experiment fairly, we used the same architecture set-up

and replaced the Mask R-CNN with Faster R-CNN and obtained the bounding boxes. The

features were extracted from the bounding boxes. Our hypothesis was confirmed from the

results, that Faster R-CNN’s performance was lower than that of Mask R-CNN, and the
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TABLE 3.4: Results of the ablation experiments of our two-stage mitosis
detection framework, and comparison with state-of-the-art methods, on
the ICPR 2012 dataset. In particular, we compared the results of using a
simple network with 5 convolutional layers, with VGG-16 and Xception
network. Across all metrics, the results were lower.

Method Precision Recall F1-Score

Ours (VGG-16) 0.87 0.81 0.84

Ours (Xception) 0.93 0.80 0.87

Ours (5 Conv layers) 0.64 0.75 0.69

F1 score was 0.81 when compared to 0.87 of that of Mask R-CNN. This experiment

further demonstrates that Mask R-CNN provides better localisation, which leads to better

features for classification.

3.4 Summary

In this chapter, we have proposed a method of mitosis detection by generating masks au-

tomatically for the mitosis cells and its close mimics, and then classifying the cells using

learned deep features and hand-crafted features. Predicting masks simultaneously with

bounding boxes helps improve localization of mitosis candidates. Furthermore, the pre-

dicted masks facilitate the localized extraction of morphological and texture features of

the mitosis candidates, which augment the learned deep features in the mitosis detection

stage. The combination of learned deep features and the hand-crafted shape and texture

features mimics the strategy used by pathologists for identifying mitosis cells. Evaluation

on the ICPR 2012 dataset and ICPR 2014 training datasets shows that our method outper-

formed the state-of-the-art approaches. Our experiments also show that our model trained

on the ICPR 2012 dataset can be effectively applied to the ICPR 2014 dataset, which is

weakly annotated, and achieves good detection results. Thus, we have demonstrated that

our method provides promising transferability across datasets.
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CHAPTER 4

Dual-Stage Domain Adaptive Mitosis Detection for Histopathology

Images

The deep learning models trained on a dataset from one domain generally perform poorly

on datasets from another domain as the learned feature representations have different

distributions. Hence, they are faced with the domain-shift problem and suffer from poor

generalization caused by poor domain alignment. One way to mitigate this problem is to

train the model containing representative data from all domains. However, this approach

is expensive and impractical. Many domain-adaptive approaches have been discussed in

Section 1.2.2 to address the domain-shift issue, where models are trained such that, the

source domain data is supervised, and the target domain is unsupervised. However, none

of these methods provide domain alignment of features for small objects with different

backgrounds and morphological characteristics.

Histopathology images for mitosis detection vary in appearance due to the non-standard

method of preparing the tissues as well as differences in scanner hardware. This makes

automatic machine learning based mitosis detection very challenging, because of the do-

main shift between the training and testing datasets. There have been number of methods

proposed to handle this domain shift, such as stain normalization, augmentation, and su-

pervised domain adaptation. But these methods are not robust, rely on large, annotated

datasets or pre-processed datasets. In this chapter, we propose a method of addressing

this domain shift problem, by using a two-stage domain adaptive neural network. In

the first stage, we use domain adaptive Mask R-CNN to generate masks for mitotic re-

gions. The generated masks are then used by a second domain adaptive convolutional

neural network to perform finer mitosis detection. Our method achieved state-of-the-art

performance on both ICPR 2012 and 2014 datasets. We demonstrate that, using a do-

main agnostic approach, achieves better generalization and mitosis cell localization, for
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FIGURE 4.1: Effect of non-standard tissue preparation and staining.
(Left), a whole slide image from ICPR 2012 dataset and (right) a whole
slide image from ICPR 2014 dataset. In both instances, examples of mito-
sis and non-mitosis cells are shown using yellow bounding boxes.

the trained models. The content of this chapter is related to the publication (Dodballapur

et al., 2020b).

4.1 Introduction

With the advent of fast slide scanners, pathologists now look for mitosis cells for cancer

diagnosis. The tissues are stained with Hematoxylin and Eosin (H&E) stains to differ-

entiate between the background cytoplasm and the nucleus. The high degree of variance

in the appearance of the histopathology images is due to non-standard tissue preparation,

and differences in scanning systems, both of which present a key challenge to be over-

come for automatic mitosis detection, as shown in Figure 4.1. Deep neural methods have

been used in literature in computer vision for many applications such as object detection,

classification and semantic segmentation. A known limitation of deep neural networks

(DNNs) is that a network trained with images with a particular tissue preparation, per-

forms poorly on images with a different tissue preparation. This phenomenon is known in

the literature as the domain shift problem. It is caused by a shift in the distribution of deep

learned features due to a shift in the distribution of the input images between training and

testing time. A similar problem of domain shift exists in other fields, such as in pedestrian

and vehicle detection and recognition. For example, objects often need to be detected and

recognized when they are under different viewpoints, backgrounds, lighting conditions

during testing time when compared to training time.
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One of the ways that domain shift can be tackled is to use training data with the same

distribution as test data. This, however, requires more time and effort, as each time there

is a change in test data, we have to collect and annotate the appropriate training data.

Hence, there is a need to explore models that can easily handle these visual changes

between the training and test dataset. The following section summarizes the related work

in this field.

4.1.1 Related Work

In the literature, several approaches for domain adaptation have been proposed for han-

dling the domain shift problem in the context of DNNs (Cariucci et al., 2017; Li et al.,

2017a; Long et al., 2015b; Xu et al., 2014), particularly for image classification and ob-

ject detection. The study (Xu et al., 2014), uses adaptive structural SVM, with very few

samples of data from the target domain during training, to make the model domain adapt-

able while (Long et al., 2015b) proposes using multiple kernels to produce unbiased deep

features. The study (Cariucci et al., 2017), proposes to align the representations of source

and target domain using a reference domain while (Li et al., 2017a) proposes to gener-

ate domain shift features from deep neural networks. The study (Ganin and Lempitsky,

2014), introduces a gradient reversal layer in a deep network to produce deep features

which are domain invariant. In particular, for object detection (Chen et al., 2018c), no

annotations are required for the target domain data. In this method (Chen et al., 2018c),

supervised training is done on the source domain data, but no supervision is available for

the target domain data. A limitation of (Chen et al., 2018c) is that it does not predict

masks for detected objects, which are shown to be beneficial for mitosis detection (Saha

et al., 2018; Dodballapur et al., 2019).

In the context of mitosis detection, some of the methods for mitosis detection particularly

do not handle domain shift (Li et al., 2018a; Wang et al., 2014a; Dodballapur et al., 2019;

Li et al., 2018c; Tashk et al., 2013; Chen et al., 2016). An example of such a method

is a region-based approach for mitotic detection (Li et al., 2018a). Another study (Dod-

ballapur et al., 2019), proposes a mask-driven localization approach, which improves the

mitosis detection accuracy, while (Li et al., 2018c) uses light weight region-based CNN

and a spiral scan for mitosis pixel classification.
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To address the problem of domain shift, stain normalization (Macenko et al., 2009; Ruifrok

et al., 2001) can be performed on the images as a pre-processing step before training a

neural network (Hamidinekoo and Zwiggelaar, 2017). While this method improves on the

performance of the deep network despite variations in input images due to stain colour,

it does not address variations due to processing of the tissue to preserve its underlying

components and cells. To overcome the limitations of (Hamidinekoo and Zwiggelaar,

2017), a supervised domain adaptation method (Lafarge et al., 2017) was proposed to use

annotations for both the source and target domains to train a DNN to learn domain in-

variant features. Such a method requires fully annotated data for the target domain which

can be expensive to obtain. Augmentation is another popular technique used to handle

different stains and conditions. Examples include a method of stain augmentation, which

modifies the H and E colour channels instead of R,G,B (Tellez et al., 2018). However,

augmentation is not robust to all the different variations in tissue processing.

4.1.2 Contributions

In this chapter, building on the supervised localization methods of first part of thesis,

we delve into tackling the challenge of domain-shift which has been outlined in Section

1.5.3, which is caused by different training and testing domains. While many methods

in Section 1.5.3, have been promising in solving domain-shift problem, they have not

been that successful in solving the domain alignment problem of small object feature

representations, with varied morphological features and staining backgrounds.

The main contribution of this chapter is a dual-stage domain adaptive mitosis detection

framework which has the advantage of learning domain invariant features at both image

and instance levels. The motivation behind using a two-staged approach is that mitosis

cells are very similar to other cells present in histopathology images. So, a cascade ap-

proach gives the flexibility of first getting a coarse detection, and then a second stage

of finer detection, to eliminate the mitosis cell mimics. Further, the two-stage approach

helps us to focus on different aspects of domain adaptation at each stage. In our method,

supervised training is done on the source domain data, but no supervision is available for

the target domain data. Both stages of our pipeline include a domain adaptation compo-

nent based on the H-divergence theory, which learns a domain classifier in an adversarial
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manner. In the first stage, we generate instance level localized masks using adversarial

training, to detect candidate mitosis cells with a high recall. In the second stage, we

further process the masks of mitosis cells as well as their mimics (hard negatives which

closely resemble mitosis cells), to improve the precision of the mitosis detection by learn-

ing image level domain invariant features.

Our approach is novel because our two-staged convolutional neural network uses domain

adaptation in both stages unlike both (Dodballapur et al., 2019) and (Chen et al., 2016).

Domain adaptation is not considered in (Dodballapur et al., 2019) and (Chen et al., 2016)

while the main focus of our chapter is domain adaptation in both stages, with each stage

exploring a different kind of domain adaptation, namely image level (second stage) and

instance level (first stage) domain adaptation. Hence, the domain adaptation introduced

in both stages makes it sufficiently novel and unique.

Our domain adaptation method is supervised in the source domain and unsupervised in the

target domain unlike (Lafarge et al., 2017) and uses a stage specific domain adaptation,

which is not taught in the literature. The study (Lafarge et al., 2017) uses adversarial

update on the mitosis classification loss, while our method applies it to the domain loss

resulting in superior performance. Furthermore, (Lafarge et al., 2017) uses labels for both

source and target domains while our method uses no labels for the target domain. Finally,

unlike (Lafarge et al., 2017), we do not use colour augmentation.

Our approach differs from (Chen et al., 2018c) in that ours is dual-stage, where we intro-

duce domain adaptation at both stages with a different focus of domain adaptation at each

stage. In the first stage, domain adaptation is performed at the bounding box level, while

in the second stage, it is performed at the image level. Further, our variation in domain

adaptation strategy between the first and second stages addresses problems specific to de-

tection and classification of mitosis cells with variations in morphological characteristics

and staining.

We conducted experiments to evaluate the robustness and accuracy of masks as well as

the overall mitosis detection accuracy using the ICPR 2012 (Roux et al., 2013) and ICPR
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20141 datasets. Our evaluation showed the advantage of learning domain invariant fea-

tures over non-domain invariant features for mitosis detection.

4.2 Method

Our method for mitosis detection is a pipeline with two stages namely the domain adaptive

mask generation stage and the domain adaptive mitosis detection stage. For the first stage,

inspired by the work of (Dodballapur et al., 2019), we modify the Mask R-CNN to predict

masks and bounding boxes using domain invariant features. The classification output

and masks from this stage are input into the detection stage, where classification of the

detected regions into mitotic and non-mitotic cells is further refined by removing a large

number of false positives, which correspond to mitosis cell mimics.

4.2.1 Domain Adaptive Component

The goal of our domain adaptive network is to minimize the H-divergence (Ben-David

et al., 2010) between the source and target domains. This is achieved by making the

learned feature distributions from the two dissimilar input domains as similar as possible,

by using adversarial training. In both stages of our framework, we introduce a domain

adaptive component. In essence, the domain adaptive component has a gradient reversal

layer (GRL) (Ganin and Lempitsky, 2014) followed by two 1× 1 convolution layers. The

final softmax layer predicts the domain label probability for each feature element on the

last convolution layer. The gradient reversal layer uses a negative training signal which

aligns the distribution of the features of the source and target domains at the layers of

the network before the gradient reversal layer. This alignment helps to handle the domain

shift problems caused by changes in colour, ligting, staining and tissue preparation, which

are common in histopathology images. Figure 4.2 and Figure 4.3 show the two stages of

our pipeline where each DNN has a domain adaptive branch. The gradient reversal layer

in our mitosis detection is placed between the feature extractor and the domain classifier

component. While the domain classifier loss is minimized, the negative gradient in the

back propagation helps train the feature extractor to maximize the domain classifier loss.

1Mitos and Atypia 14 https://mitos-atypia-14.grand-challenge.org/Dataset/
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4.2.2 Domain Adaptive Mask Generation

The first stage of our dual-stage mitosis detection pipeline is a mitosis mask prediction

stage. In this stage, we use Mask R-CNN (He et al., 2017) with a ResNet-50 (He et al.,

2016) backbone, pre-trained on ImageNet (Deng et al., 2009), as our baseline segmenta-

tion model. Mask R-CNN uses a region proposal network to identify candidate bounding

boxes with regression and classification and masks for the objects. Since Mask R-CNN

predicts masks, it is useful for mitosis detection to accurately localize the mitosis cells.

By using the ROI-Align layer, Mask R-CNN provides the advantage of localizing mitosis

cells (which are small in size) with greater accuracy when compared to Faster R-CNN,

which uses the ROI-pooling layer, which introduces quantization errors in bounding box

prediction. Furthermore, the authors of Mask R-CNN show that predicting masks improve

bounding box accuracy as well.

We modified the Mask R-CNN network depicted in Figure 4.2, by adding a domain adap-

tive network branch, so that we could generate accurate and robust masks, by optimizing

the loss function for mask generation and domain classification simultaneously. The do-

main adaptive component branches out of the last convolution layer of the ResNet-50

backbone, and the last softmax layer of the domain adaptative branch predicts the domain

label probability for each feature element on the last convolution layer of ResNet-50 back-

bone. In this way, the adversarial domain classification helps the network to learn instance

level domain invariant features, from which masks for mitosis regions are then predicted.

The inputs to the domain adaptive Mask R-CNN network are the high-power fields (HPFs)

from whole slide images, masks representing mitosis cells (when available), and domain

labels indicating the dataset the images belong to. In all our experiments, we used a do-

main label of 0 for the source domain, and domain label of 1 for the target domain. The

network was trained using images from both the source and target domains. However, the

ground truth masks are available only for the source domain, hence the training was su-

pervised in the source domain and unsupervised in the target domain for the Mask R-CNN

branch. The domain classification loss, which is a binary cross-entropy classification loss,

was combined with the losses from the Mask R-CNN during training. This allowed the

network to predict robust masks from domain invariant features.
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We empirically determined the size of anchor boxes in Mask R-CNN by using cluster cen-

ters obtained from clustering the height and width of the bounding boxes in the training

set. Specifically, using K-means clustering, we determined four dominant clusters which

corresponded to anchor box sizes of 5, 15, 30, and 45. We used data augmentation meth-

ods such as rotation using range from 0 to 40 degrees, horizontal and vertical flipping, to

prevent model over-fitting. The domain adaptive Mask R-CNN network was trained with

stochastic gradient descent with a learning rate of 0.001. The trained Mask R-CNN model

was then used to predict segmentation masks for candidate mitosis cells, along with their

confidence scores and bounding boxes.

4.2.3 Domain Adaptive Mitosis Detection

The previous stage produces mitosis detection outputs with a high recall and a low pre-

cision. The second stage is thus designed to improve precision by reducing the number

of false positives. Specifically, we propose a domain adaptive mitosis detection network

with a VGG-19 network backbone pre-trained on ImageNet. To this network, we intro-

duce similarly the domain adaptive component in addition to the mitosis classification

branch, to generalize the model for classification as shown in Figure 4.3.

During training, the inputs to this stage are the predicted masks of mitosis cells, and

hard negatives obtained from the previous domain adaptive mask generation stage. Hard

negatives are mitosis cell mimics which are incorrectly classified as mitosis cells with a

high confidence. In our implementation, we empirically determined this high confidence

threshold to be 0.9. Local patches of size 72×72 around the centroid of the cell detections

were extracted for training. For the source domain, we derive the label, true mitosis

or not, for the predicted masks; but for the target domain we do not use any labelling

for the mitosis classification branch. Data augmentation similar to the previous stage

was used during training. A binary cross-entropy loss function was used to optimize the

network. This network model was trained with Adam optimization and an initial learning

rate of 0.001. During testing, HPF images were first input into the Mask R-CNN stage to

obtain candidate mitotic regions. Local patches of size 72× 72 around the centroid of the

mitosis cell detections was then used to train the second refinement stage for final mitosis

classification.
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FIGURE 4.2: Domain Adaptive Mask Generation: the last layer of the ResNet-50 backbone connects both
the Mask R-CNN head as well as the domain adaptation branch. A gradient reversal layer has been introduced
to the Mask R-CNN network to enable the network to learn domain invariant features. The domain adaptive
Mask R-CNN is used in the first stage of our dual-stage domain adaptive mitosis detection framework.
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FIGURE 4.3: Domain Adaptive Mitosis Detection Stage: last layer of the VGG-19 network connects to both
the mitosis classification branch as well as the domain adaptation branch. This forms the second stage of our
dual-stage domain adaptive mitosis detection framework. As in the first stage the gradient reversal layer is
used to let the VGG-19 network learn domain invariant features.
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4.3 Experiments and Results

4.3.1 Datasets

Experimental evaluation was done on the ICPR 2012 mitosis dataset (Roux et al., 2013)

and ICPR 2014 mitosis dataset2, depicted in Figure 4.4. Both these datasets contain breast

cancer biopsy slides. The slides are stained with standard hematoxylin and eosin (H&E)

dyes, and they have been scanned by one of the two slide scanners: Aperio Scanscope XT

or Hamamatsu Nanozoomer 2.0-HT.

ICPR 2012 dataset: For this study, we used images scanned by both Aperio Scanscope

XT and Hamamatsu Nanozoomer 2.0-HT scanners. The Aperio scanner is referred to as

"Scanner A" and the Hamamtsu scanner is referred to as "Scanner H". The dataset has

50 High Power Field (HPF) images sampled from breast cancer histopathology images,

at ×40 magnification, for each scanner type. For each scanner, we used 35 HPF images

for training and 15 for testing, hence across both scanners there were 70 training and 30

testing images. The images from the Aperio XT scanner have a resolution of 2084×2084

pixels for each field and those from Hamamatsu scanner are 2252×2250 pixels. Across all

the images scanned from both Aperio and Hamamatsu scanners, there were 202 mitosis

cells in the test set and 552 in the training set. Ground truth masks were available for the

mitosis cells in images scanned from both scanners.

ICPR 2014 dataset: The dataset has 1200 High Power Field (HPF) images, sampled

from breast cancer histopathology images at ×40 magnification. The corresponding test

dataset has 496 image but were not considered for this study since they lack annotations.

The 1200 images in the training set have a resolution of 1539 × 1376 pixels and contain

610 mitosis cells. The training dataset was split into training and validation sets following

the same split protocol as mentioned in (Li et al., 2018a), so that we could make a fair

comparison. For this study, we considered the images from the from the Aperio XT

scanner only. ICPR 2014 dataset is annotated with only centroids of the mitosis cells,

hence it can be considered as weakly annotated for segmentation task. For the evaluation,

the ICPR 2014 training dataset was split into a training set and a validation set following

2Mitos and Atypia 14 https://mitos-atypia-14.grand-challenge.org/Dataset/
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the method specified in (Li et al., 2018a; Dodballapur et al., 2019). To determine the

ICPR 2014 validation split of the ICPR 2014 training dataset we ran the implementation

of (Dodballapur et al., 2019) and ran the validation against many splits until we got the

same results as (Dodballapur et al., 2019) and used that validation split for our experiment.

So, this makes performing the experiments against that validation split fair and allowed a

fair comparison of our results on ICPR 2014 dataset with other state-of-the-art methods.

In the ICPR 2012 dataset, the images scanned using scanner A appear different from those

of scanner H due to the difference in scanner resolution as well as in the color output due

to the spectral response of their respective sensors and other factors such as the light

source and scanning software etc. Furthermore, the ICPR 2014 dataset when compared

to the ICPR 2012 dataset has more images with inconsistent staining, tissue folding, and

hard negative examples (Li et al., 2018c). These differences in staining techniques and

scanning hardware cause a domain shift between the ICPR 2012 dataset and ICPR 2014

dataset as well as within the ICPR 2012 dataset, between scanner A and scanner H images.

4.3.2 Implementation and Results

We conducted two sets of experiments in our study to evaluate mask generation and mi-

tosis detection. For mask generation we performed both qualitative and quantitative eval-

uation. To evaluate mitosis detection, we performed quantitative evaluation where we

trained two domain adaptive models.

(a) (b) (c)

FIGURE 4.4: Sample whole slide images from ICPR 2012 and 2014
datasets: (a) ICPR 2012 using Aperio scanner; and (b) ICPR 2012 dataset
using Hamamatsu scanner, (c) ICPR 2014 dataset using Aperio scanner.



4.3 EXPERIMENTS AND RESULTS 91

(1) The first model used images of the ICPR 2012 (scanner A) dataset as the source

domain and the training split of the ICPR 2014 training dataset as the target

domain. This model was tested on ICPR 2014 validation split of the ICPR 2014

training dataset.

(2) The second model used images of the ICPR 2012 (scanner A) dataset as the

source domain and the ICPR 2012 (scanner H) dataset as the target domain for

our model training. This model was tested on ICPR 2012 scanner H test dataset.

All experiments were implemented in Python with Keras and TensorFlow libraries and

were run on an NVIDIA GeForce GTX Titan dual-GPU machine. We followed the evalu-

ation protocol specified by the ICPR challenge and used precision, recall, and F1-score as

evaluation metrics for reporting on mitosis detection accuracy3. A mitosis detection was

considered true positive if it was within 20 pixels of the ground-truth centroid pixel for the

ICPR 2012 dataset and 32 pixels in the case of ICPR 2014 dataset. This is in accordance

with the ICPR contest rules. For reporting on mask generation accuracy, we followed the

evaluation methodology used in segmentation and used the Dice coefficient (Dice, 1945),

which is a similarity measure of objects or samples.

4.3.2.1 Domain Adaptive Mask Generation Stage

Our first experiment was to demonstrate the advantage of domain adaptation of the first

stage of the pipeline to produce robust masks. We trained a Mask R-CNN model without

domain adaptation, using the ICPR 2012 dataset (scanner A training set images) only.

Next, we trained a domain adaptive Mask R-CNN model using images from the ICPR

2012 dataset (scanner A) as the source domain and images from the ICPR 2012 (scanner

H training set) as the target domain. In our domain adaptation training, the images from

ICPR 2012 dataset had ground truth labels, i.e. masks and classification labels, and those

from the ICPR 2012 (scanner H) dataset did not include ground truth labels. Thus, the

training was supervised in the source domain (ICPR 2012 scanner A) and unsupervised

in the target domain (ICPR 2012 scanner H). We evaluated both the non-domain adaptive

and domain adaptive models using images from ICPR 2012 (scanner H test set). We

demonstrated the advantage of domain adaptive training by showing an improvement in

3Challenge Evaluation Metrics https://mitos-atypia-14.grand-challenge.org/Evaluation-Metrics/
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TABLE 4.1: Results of the dual-stage domain adaptive mitosis detection
on ICPR 2012 Scanner H test set comparing the domain adaptive and non-
domain adaptive settings. In the domain adaptive setting, the framework
was trained using ICPR 2012 scanner A images with supervision, and
ICPR 2012 scanner H training images with no supervision. ICPR 2012
(A) refers to scanner A images and ICPR 2012 (A, H) refers to both scan-
ner A and H images. The results show that the domain adaptive model
out-performs the non-domain adaptive model.

Model Training data Dice Recall

Non-domain adaptive (non-DA) ICPR 2012 (A) 1.50 0.27

Domain adaptive (DA) ICPR 2012 (A, H) 1.56 0.81

the predicted masks as well as the recall rate of the mitosis cell regions. We have also

demonstrated the improvement of predicted masks qualitatively.

Table 4.1 provides the results of the mask generation experiment conducted on the ICPR

2012 scanner H dataset. There is about 7% improvement on average in Dice and about

40% improvement in recall. The result validates the improvement in the accuracy of the

segmentation masks generated with domain adaptive network from that obtained without

domain adaptation. As noted earlier, there is a domain discrepancy between the ICPR

2012 (scanner A) dataset and the ICPR 2012 (scanner H) dataset due to variations in

scanner hardware and software. By training our domain adaptive Mask R-CNN stage in

an adversarial manner, the network learns features that are intrinsic to mitotic cells such

as shape, texture, contours etc., while ignoring artefacts which are introduced by scanner

hardware and software such as colour and lighting. Thus, when this network is evaluated

on the ICPR 2012 (scanner H), the network is able to predict masks based on features

dependent on the appearance of mitosis cells only. We also performed a visual qualitative

analysis of the mask generated by the domain adaptive Mask R-CNN and compared it

to the non-domain adaptive network. It can be clearly seen that for the examples shown

in Figure 4.5, the predicted mask of the domain adaptive model closely resembles the

ground truth.
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Predicted
(DA)

Ground
truth

Predicted
(non-DA)

Predicted
(DA)

Ground
truth

Predicted
(non-DA)

FIGURE 4.5: Examples of masks predicted by the domain adaptive Mask R-CNN (DA) compared against
ground-truth images from the ICPR 2012 dataset (scanner H). Visually, it can be seen that masks generated
by domain adaptive Mask R-CNN closely resemble ground-truth in both shape and size when compared to
non-domain adaptive Mask R-CNN (non-DA).
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TABLE 4.2: Results of the dual-stage domain adaptive mitosis detection
on the ICPR 2014 validation split (scanner A) and comparison with the
state-of-the-art. In the domain adaptive setting, the framework was trained
using ICPR 2012 scanner A images with supervision and ICPR 2014 scan-
ner A training images with no supervision. ICPR 2012 (A) refers to scan-
ner A images of ICPR 2012 dataset, and ICPR 2014 (A) refers to scanner
A images of ICPR 2014 dataset. In both precision and F1 scores, our do-
main adaptive method outperforms state-of-the-art even though the other
methods have been trained in a supervised setting for ICPR 2014 dataset.

Method Training data Precision Recall F1

DeepMitosis (Li et al., 2018a) ICPR 2014 (A) - - 0.57

MaskMitosis (Dodballapur et al., 2019) ICPR 2014 (A) 0.58 0.82 0.68

RCNN (Li et al., 2018c) ICPR 2014 (A) 0.65 0.66 0.66

Non-domain adaptive ICPR 2012 (A) 0.55 0.72 0.62

Domain adaptive ICPR 2012 (A),
ICPR 2014 (A)

0.70 0.73 0.71

4.3.2.2 Domain Adaptive Mitosis Detection Stage

The second experiment demonstrates the advantage of domain adaptation of the second

stage of the pipeline for the improvement in mitosis detection accuracy. We trained our

dual-stage neural network without domain adaptation using the ICPR 2012 dataset (scan-

ner A) only. Next, ICPR 2012 (scanner A) images were used for supervised training of the

Mask R-CNN model and the ICPR 2014 images were used for the unsupervised domain

adaptation branch only. We then trained the second stage of our pipeline with domain

adaptation using predicted masks from first stage for both ICPR 2012 dataset (scanner A)

and images from the ICPR 2014 training split. To demonstrate the wider applicability of

our domain adaptation framework, we repeated our experiment with ICPR 2012 (scanner

A) as the source domain and ICPR 2012 (scanner H) as the target domain. We evaluated

the mitosis detection accuracy of the trained model on the ICPR 2014 validation split

dataset as well as on ICPR 2012 (scanner H).

Our results for ICPR 2014 validation split in Table 4.2 show that our method outperforms

the non-domain adaptive method. This validates our hypothesis that the network learns
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Predicted correctly by 
both DA and non-DA 
models

Predicted correctly 
by DA model

Predicted correctly 
by both DA and non-
DA models

Predicted correctly 
by DA model only

Predicted correctly by 
both DA and non-DA 
models

Predicted correctly 
by DA model only

FIGURE 4.6: Examples of the domain adaptive mitosis detection stage
(second stage) results on the ICPR 2012 dataset (scanner H) by both do-
main adaptive (DA) and non-domain adaptive (non-DA) models. When
predictions are compared against the ground-truth, the DA model has more
correct predictions than the non-DA model.

features which are domain invariant for both the mask prediction stage and the mitosis

detection stage while ignoring extraneous details such as colour and lighting variations
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TABLE 4.3: Results of the dual-stage domain adaptive mitosis detection
on the ICPR 2012 (scanner H) test set, and comparison with the state-of-
the-art. We note that the recall rate of the domain adaptive model gets
closer to state-of-the-art which has been trained with full supervision on
the ICPR 2012 (scanner H) training dataset.

Method Training data Precision Recall F1

SUTECH (Tashk et al., 2013) ICPR 2012 (H) 0.82 0.61 0.70

Non-domain adaptive ICPR 2012 (A) 0.34 0.28 0.31

Domain adaptive ICPR 2012 (A, H) 0.51 0.55 0.53

(between ICPR 2012 and ICPR 2014 datasets) which do not contribute towards mitosis

prediction. Our domain adaptive method also outperforms the state-of-the-art methods

(Li et al., 2018c; Dodballapur et al., 2019; Li et al., 2018a) in both F1-score and precision

for the ICPR 2014 validation split. While the state-of-the-art methods were trained and

tested on the same domain, which is the ICPR 2014 training split (scanner A) or in other

words, (Li et al., 2018a,c; Dodballapur et al., 2019) do not use any domain adaptation,

our method was trained on both ICPR 2012 (with ground truth labels) and ICPR 2014

(without ground truth labels). We argue that our superior performance is because of two

factors, namely:

(1) learning domain invariant features at both stages leads to better model general-

ization which leads to better network performance at inference (test) time.

(2) use of mask prediction leads to better localization of mitosis cells.

Compared with (Dodballapur et al., 2019), we achieve superior performance due to use of

domain invariant features. When compared with (Li et al., 2018c,a) both domain invariant

features and mask prediction lead to superior results of our method, in other words, our

method not only bridges the domain gap between ICRP 2012 and ICPR 2014 datasets but

also outperforms methods trained solely on the target domain without mask prediction.

Table 4.3 shows the results of the performance of domain and non-domain adaptive mod-

els on ICPR 2012 (scanner H) dataset. To the best of our knowledge, this is the first ex-

periment conducted in literature, where images from one scanner (scanner A) were used
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for training and tested on images from another scanner (scanner H). Our domain adaptive

model achieves a 70% improvement in F1 score when compared to the non-domain adap-

tive model. Figure 4.6 compares the performance of our domain adaptive method with

our non-domain adaptive method when tested on ICPR 2012 scanner H dataset. From

the examples illustrated in Figure 4.6, it can be clearly seen that the domain adaptive

method comes up with more correct predictions when compared to the non-domain adap-

tive method. However, our domain adapive method does not perform as well as (Tashk

et al., 2013) which is trained and tested on ICPR 2012 (scanner H). In other words, our

domain adaptive training does not completely bridge the domain gap that exists between

ICPR 2012 scanner A and scanner H datasets. We argue that there is a large colour vari-

ation between the images of scanners A and H and hence a larger domain gap, when

compared to images within the same scanner. As a future work, we hypothesize that

training our domain adaptive model with larger datasets may help overcome this domain

gap.

4.4 Summary

For mitosis cell detection, the domain shift is mainly due to different staining conditions.

Supervised domain adaptive solutions have provided some success to address this prob-

lem but requires annotated datasets. In this chapter, we have proposed a method of domain

adaptive mitosis detection by generating masks automatically using unsupervised domain

adaptation. We show that our method predicts robust and more accurate masks for weakly

annotated datasets such as ICPR 2014 as well as the ICPR 2012 (scanner H) dataset. We

have also shown that the accuracy of the mitosis detection can be further improved by

applying a similar unsupervised domain adaptation in the second refinement stage of our

pipeline. Learning domain invariant features at instance and image level leads to bet-

ter network generalization and improved mitosis classification accuracy. While we have

demonstrated the advantage of our framework for mitosis detection, this dual stage detec-

tion method can be adapted to other applications such as pedestrian or vehicle detection,

where objects need to be recognized and localized in different viewpoints or conditions.



CHAPTER 5

Cross Domain Exemplars for Cell Counting

Supervised learning provides good results, as the data is labelled. However, obtaining

labelled data is often a very tedious operation and error-prone, especially for instance-

based segmentation. Hence, there are growing number of methods where the data is only

partially labelled. The unlabelled data could be incomplete, inexact, or inaccurate. In the

cross-domain datasets, the target data is completely unlabelled. Though there are many

methods, as discussed above in the Section 1.2.1, to handle weakly supervised data, it

still has challenges to overcome. In inexact annotations, including dot annotations, the

dot may appear anywhere in the cell. This poses a challenge in accurate localization of

the cells. Additionally, data with noisy background and overlapping objects, also pose a

challenge in training a robust model.

Cell counting plays a significant role in biological studies and medical diagnosis. To

achieve automatic counting of cells in an image, there is a need to create annotated

datasets, which is not always practical. Furthermore, the quality of the exemplars plays

a key role in automatic cell counting. In this chapter, we introduce a novel approach

of weakly supervised learning, by automatically selecting good quality exemplars ob-

tained from cross-domain training. This chapter is built on the fully supervised methods

introduced in the first part of the thesis. We exploit cell structure similarity to achieve

cross-domain knowledge transfer. Firstly, two domain adaptive Faster R-CNN networks

are trained on RGB microscopy images, and background subtracted images, respectively.

The candidate exemplars obtained from each trained network are merged based on their

confidence scores, and then through K-means clustering approach, good quality exem-

plars are selected based on their appearance variability. A density map prediction network

is trained using a small fraction of the chosen exemplars to count the number of cells. In

98
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our experiments on the MBM, DCC and VGG datasets, we achieved close to state-of-the-

art results, using far less training samples. The content of this chapter has been accepted

at IEEE International Symposium on Biomedical Imaging, ISBI 20241 and is currently

not available online.

5.1 Introduction

In real-world applications, there is a need to count a large number of objects in images,

such as cells, wild animals, persons etc. Microscopy cell counting provides enormous

advantage for medical diagnosis by analyzing the cells in biological studies (Mukherjee

et al., 2017). However, manual counting of these cells is both tedious and error-prone as

there are a large number of these cells. Further, the cells are often overlapping with their

edges diffused. In addition, the images in which the cells appear are stained with differ-

ent backgrounds. The cells also vary in structure depending on the cell types. Finally,

annotating cells can be expensive and time-consuming. All these factors pose challenges

to counting cells in images automatically using machine learning methods.

Exemplars are distinct objects within an image, like cells, animals, or cars, which are

selected as suitable representatives for counting them in the image (Ranjan et al., 2021).

These exemplars should be of good quality to get an accurate count. In the context of

cell counting, ideal cell exemplars are characterized by their distinctness, non-overlapping

cells, uncluttered background, good shape and texture features as illustrated in Figure 5.2 .

Manual selection of exemplars is a subjective process as it depends on a human in the loop.

Further, in applications where cell counting needs to be fully automatic, human annotation

of exemplars will not be possible. Hence, it is desirable to automatically choose good

quality exemplars.

In the domain of microscopy cell counting, automatic exemplar selection will certainly

provide an advantage as there are a large number of cells to count and within an im-

age the appearance of the cells varies subtly. This poses a challenge in defining what

makes a good exemplar for counting, as it relies on the skill of the person to define the

exemplars, or the system needs to be robust to bad exemplars. Thus, automatic exemplar

1https://biomedicalimaging.org/2024/
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generation, apart from removing the need for manual annotation, also allows for selection

of good exemplars automatically in an objective manner which would be advantageous.

In microscopy cells, even though the cell domains are different, structurally, at a gross

structural level certain types of cells look similar. For example, DCC and MBM cells are

oval or circular in shape (Paul Cohen et al., 2017), (Marsden et al., 2018). Hence, it will

be advantageous to disentangle the cell appearance, and transfer the knowledge from a

source domain where an exemplar is defined, to a target domain where an exemplar is not

available. Such a domain transfer would not only make exemplar generation automatic

but also enable accurate counting of all cells in the image based on a few good quality

exemplars. The following section summarizes the related work in this field.

5.1.1 Related Work

In the literature, object counting methods can be categorized into detection-based meth-

ods (Chattopadhyay et al., 2017), (Laradji et al., 2018) and regression-based methods

(Cholakkal et al., 2019), (Liu et al., 2019c). In the detection-based methods, objects

are detected, and the detections are counted. In the regression-based methods, a density

map is predicted and the count of the number of objects is determined by integrating the

pixel values of the density map. The sections below describe both the cell detection- and

regression-based approaches.

5.1.1.1 Detection Approaches

For automatic microscopy cell counting, one of the earlier studies uses shape and con-

cavity detection within a cluster of cells (Kothari et al., 2009), segment the cluster into

individual nuclei, to count them. Similarly, (Jung and Kim, 2010) segments clustered nu-

clei of breast and cervical cells, by solving an optimization problem within the watershed

framework. Furthermore, there have been counting approaches based on cell curvature

(Zhang et al., 2012) and distance transforms (Jung et al., 2010) to determine clusters of

cells. Hough Transform has been used to detect and isolate red blood cells and count

them for detection of cancers such as leukaemia (Maitra et al., 2012). These techniques,

however, are not very robust when cells are varied and fused and thus have had only a

moderate success with counting overlapping cells. They especially performed poorly as
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the cell density increased. An early study (Arteta et al., 2012) for cell counting using

machine learning, used maximally stable regions to train a structured Support Vector Ma-

chine (SVM), to get the cell count. Following on from the advancement of deep learning

algorithms, a number of CNN approaches for cell counting have been proposed. The

deep learning based study (Chen and Chefd’Hotel, 2014), uses sparse colour unmixing

to extract the color channel corresponding to the cell membrane and formulates an object

detection problem using a DNN, on that image channel to detect and count cells. Another

deep learning based study (Liu and Yang, 2017), uses DNN to score image patches around

the cell detections based on their proximity to the true cell centers.

Cell counting is performed by constructing graph of cell patches based on their scores and

finding maximum-weight independent sets within the graph. Based on the recent success

of region proposal networks, the study (Yusro et al., 2023), trains a Faster R-CNN network

to count blood cells. Instance segmentation methods using both Mask R-CNN and U-Net

have been prosed for cell detection and counting (Paulauskaite-Taraseviciene et al., 2019),

where the authors demonstrate that U-Net performs as well as Mask R-CNN despite be-

ing a simpler network. Residual U-Net which is an extension of the U-Net architecture,

widely used within the medical imaging community, has been applied to cell counting

(Rad et al., 2018), through multi-scale training. The detection-based methods localize the

cells well and achieve good counting accuracy. However, all detection-based approaches

require fully annotated datasets, with either bounding box or mask annotation for the cells.

Creating and obtaining fully annotated datasets is laborious and often impractical.

5.1.1.2 Regression Approaches

The regression-based approaches rely on weakly annotated datasets containing only dot

annotations for cells. The study (Arteta et al., 2014), uses an an interactive density count-

ing approach, where the network predicts object density by training on images with dot

annotations. An interactive visualizing tool is presented to the user to inspect the predic-

tions and correct them, thus creating more annotated examples in an interactive manner.

In another approach (Akram et al., 2016), a cascade architecture with non-max suppres-

sion is used for cell detection and counting. The study (Xie et al., 2018), trains a fully

convolutional regression network using synthetic datasets to predict density maps, and
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applies it successfully to count cells in real cell datasets. Rather than predicting a density

map, Count-ception (Paul Cohen et al., 2017) uses a DNN from the Inception family, to

obtain redundant counts for each pixel location within an image, by considering small

receptive fields. The count at every image pixel is averaged from the redundant counts,

and the overall count is obtained by integrating the pixel values for the entire image. The

study (Jiang and Yu, 2020), proposes a multi-column, and multi-resolution extension to

U-Net network, by replacing the convolutional layers with residual blocks, to count cells

of varying sizes. Sau-Net (Guo et al., 2021) uses an extension for batch normalisation and

attention-based U-Net, to handle small datasets, for cell counting. Regression based ap-

proaches, have the advantage of using weak annotations, but the methods cannot provide

precise locations of objects, and hence suffer from poor counting accuracy.

5.1.1.3 Weakly Supervised Counting

The weakly supervised counting methods use a reduced number of cells for training.

These reduced number of cells are called exemplars which are representative cells in the

image. Annotation cell counting (Wang and Yin, 2021) uses a semi-supervised technique

for cell counting which limits the training data to some extent. This method adapts active

learning to use exemplars selectively based on uncertainty and diversity. A cross-domain

solution study (Wang, 2023), uses a synthetic dataset as a source domain dataset and a

partially annotated target domain dataset to train a network in a cross-domain setting.

The network learns domain agnostic features, which is fine-tuned using synthetic images,

generated for the target domain using a GAN. However, this method relies on genera-

tive adversarial networks which are difficult to train and require a fully annotated subset

of training images to generate synthetic images. FamNet (Ranjan et al., 2021) proposes

a solution which requires a few exemplars for each image, which is typically provided

through human annotation. It uses a correlation of the image features and exemplar fea-

tures to predict a density map, which is used for cell counting. Repetitive Region Proposal

Network (RepRPN) (Ranjan and Nguyen, 2022) uses region proposal network to find

candidate objects and selects the appropriate candidates with highest repetition within an

image, as exemplars. In this manner, examplars are automatically selected and used to

predict density maps for counting. Finally, the zero-shot counting approach (Xu et al.,

2023), uses quality of density maps to determine exemplars, and uses these exemplars for
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counting in a subsequent stage of the pipeline. However, none of the existing techniques

provide a reliable and robust method to choose good quality exemplars automatically for

cell counting.

To overcome the lack of quality exemplar selection for cell counting, we propose a method

of transferring the knowledge from a source domain, where exemplars are defined, to a

target domain, where exemplars are not defined, by exploiting the structural and textural

similarity of cells between domains, to automatically generate good exemplars in the

target domain for cell counting. This makes the task of cell counting completely automatic

in the target domain by obviating the need for a human to provide exemplar annotations.

In addition to enhancing cell counting accuracy, the exemplar selection method makes

the density map prediction training more efficient, by considering a smaller subset of

higher-quality training data.

5.1.2 Contributions

In this chapter, building on the supervised methods of first part of thesis, we address

the challenge of weak and incomplete dataset annotation as outlined in Section 1.5.4,

where the weakly annotated datasets do not have complete annotations required for good

localization. This, in turn, gives rise to poor quality exemplars and has an impact on cell

counting, as the cells are weakly annotated and are varied and densely packed. Hence,

our contributions to address these challenges are summarized follows:

(1) We propose a method to automatically generate exemplars with their respective

confidence scores by training two domain adaptive region proposal networks;

(2) We design a clustering technique to further refine the selection of exemplars to

account for subtle variations in the cell appearance;

(3) Based on the automatically generated exemplars, a network is then trained to

predict a density map which in turn is used to obtain a count of the number of

cells by integrating the pixel level density values;

(4) Our method provides close to state-of-the-art results on the VGG (Lempitsky and

Zisserman, 2010), DCC (Marsden et al., 2018), and MBM (Paul Cohen et al.,

2017) cell datasets whilst using fewer training examples when compared to the

other proposed methods in the literature.
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5.2 Method

Our automatic cell counting method has three stages. The first stage is the domain adap-

tive exemplar generation stage, which detects cells for the input RGB microscopy im-

ages and pre-processed microscopy images using a region proposal network trained in a

cross-domain setting. In the second stage, the candidate exemplars and their respective

confidence scores are clustered using K-means clustering. For clustering, we generate

appearance-based features for the exemplars using a ResNet-50 network (He et al., 2016)

pre-trained on ImageNet. Representative exemplars from the clusters are chosen for cell

counting using both cluster membership and confidence score. In the third stage, we train

a network to generate the density map based on the input images and their respective

exemplars.

5.2.1 Exemplar Generation

In this stage, we used a domain adaptive region proposal network such as Faster R-CNN

(Girshick, 2015) network to automatically detect cells in the image. This process is illus-

trated in Figure 5.1 (a). The network uses ResNet-50 as the backbone and is pre-trained

on ImageNet. We added a domain adaptive branch with a gradient reversal layer, which

helped the overall network learn domain invariant features, in our case, the structural sim-

ilarities of the cells between source and target domains. This domain adaptive network

was trained with labeled source domain dataset and unlabeled target domain dataset. In

this manner, we trained two domain adaptive Faster R-CNN networks. The first network

had the source and the target from the original RGB microscopy datasets. The second net-

work was trained using the RGB images of the source dataset and pre-processed images

of the target dataset where the target domain images were pre-processed using an image

pre-processing step described as follows.

In the pre-processing step, a thresholding approach was used to obtain background sub-

tracted microscopy images. Firstly, the image was blurred using a Gaussian kernel and

then binned to reduce the resolution. For each dataset that we evaluated on, we deter-

mined a suitable threshold empirically. The result of applying the pre-processing step

is illustrated in Figure 5.3 where the first row has examples of the original images from
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the datasets we used, and the second row has the corresponding background subtracted

images.

The candidate detections were then merged based on their respective confidence scores

as shown in Figure 5.5. The detections from the two networks were filtered based on

their average confidence score whenever they intersected. For those detections that did

not intersect, the confidence score was halved. The combined list of detections was then

filtered based on an empirically determined threshold.

5.2.2 Exemplar Selection

Using the candidate exemplars determined after confidence-based merging, we computed

appearance-based features for the candidate exemplars and applied K-means clustering

on the features. We used a ResNet-50 network (pre-trained on ImageNet) to extract fea-

tures for each of the candidate exemplars. The individual clusters capture subtle variations

in the cell appearance. From each cluster, based on the confidence scores, best exemplars

were chosen, to make up an optimal set of exemplars for density map generation. The

steps of this process are illustrated in Figure 5.1 (b), and the result of the clustering step

is illustrated in Figure 5.4. The selected exemplars were used to train a network to predict

density maps.
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FIGURE 5.1: Cross-domain exemplar generation and selection framework: (a) Two Faster R-CNN networks
are trained with RGB, and background subtracted images, respectively. The detections which are bounding
boxes predicted by the Faster R-CNN network are merged based on overlap and confidence scores; (b)
Candidate bounding boxes from (a) are clustered based on features extracted from a ResNet-50 backbone
and exemplars are selected from cluster centroids based on their respective confidence scores.
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(a) (b) (c)

FIGURE 5.2: Illustrative exemplars selected from images of three different datasets we used in our evalua-
tion: (a) DCC dataset, (b) MBM dataset; and (c) VGG dataset. For each dataset, we illustrate with bounding
boxes, the exemplars that have been chosen. Note that for the VGG dataset, for clarity, we have shown the
cells in red colour instead of blue.
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(a) (b) (c)

FIGURE 5.3: Result of background subtraction step applied to cell images
from the three datasets we used for our evaluation. The first row contains
the original RGB images, and the second row has the corresponding back-
ground subtracted images: (a) VGG dataset; (b) DCC dataset; (c) MBM
dataset.
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(a) (b)

X

Y Z

FIGURE 5.4: Results of K-means clustering of candidate exemplars to account for variation in cell appear-
ance. (a) Image with candidate exemplars determined by merging bounding box predictions from the two
Faster R-CNN networks. (b) Three clusters X, Y, Z as determined by K-means using ResNet-50 features
extracted from image patches of the candidate exemplars. The clusters are representative of the variations in
the cells.
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(a) (b) (c)

FIGURE 5.5: Results of determining candidate detections through confidence-based merging: (a) Detections
obtained from bounding box predictions on the background subtracted image; (b) Detections obtained from
bounding box predictions on the RGB image; (c) Merged candidates, combining detections from RGB, and
background subtracted images.



5.3 EXPERIMENTS AND RESULTS 111

5.2.3 Density Map Generation

The exemplars obtained as described in Section 5.2.1, were used for cell counting. We

used a regression-based density map generation approach similar to the studies (Ranjan

et al., 2021), (Xu et al., 2023). A counting deep network module, comprising a feature

generator, and density map predictor, was used. The exemplars were augmented using

different augmentation techniques such as rotation, flipping, and scaling.

A ResNet-50 (He et al., 2016) network pre-trained on ImageNet was used to generate

appearance-based features based on the image patches of the exemplars. The features

were extracted from the third and fourth convolution layers. Then, an ROI pooling was

performed to get scale invariant features, at different scales. The features thus obtained

were correlated with the image features, a correlation matrix was determined. Correlation

matrices obtained for all augmented exemplars were averaged to get the final correlation

matrix.

We used weak dot annotations of cells to generate ground-truth density maps to train the

density map prediction network. A Gaussian filter with sigma value of 3.5 was used to

generate the density maps. The averaged correlation matrix from the previous step, and

the ground truth density map were used to generate the density map predictions using a

network with five convolution blocks. The network followed the encoder-decoder archi-

tecture, with the last layer being a single channel output, and MSE (Mean square error)

loss function.

5.3 Experiments and Results

5.3.1 Datasets

We performed our evaluation on three popular cell datasets VGG, DCC and MBM as

shown in Figure 5.6. In all the three datasets, only dot annotations were provided. The

dot annotations were used to generate ground-truth density map with a Gaussian kernel

of sigma value set to 3.

VGG Dataset: The synthetic dataset (Lempitsky and Zisserman, 2010) has 200 images



5.3 EXPERIMENTS AND RESULTS 112

FIGURE 5.6: Datasets used in the experiments: (a) MBM Dataset; (b)
VGG Synthetic Dataset; (c) DCC Dataset.

with a resolution of 256 × 256. In each image there are 174 +/- 64 cells. There are 50

images in the training set and the rest in the test set. The data set mimics bacterial cells

from fluorescence-light microscopy at various focal distances.

MBM Dataset: We used the MBM dataset with modifications as described in (Paul Co-

hen et al., 2017) having 44 images with 126 +/- 33 cells per image. The modified MBM

dataset was obtained from the original MBM dataset of 1200× 1200 resolution proposed

by (Kainz et al., 2015). As described in (Paul Cohen et al., 2017), 30 images were used for

training and the rest for testing. This dataset contains real images of human bone marrow

with various cell types stained in blue.

DCC dataset: There are 100 training images and 76 testing images in the Dublin cell

counting dataset (Marsden et al., 2018). The image sizes vary from 306×322 to 798×788.

Each image has 34 +/- 22 cells.
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5.3.2 Implementation and Results

In training the first Faster R-CNN network, original source, and target domain RGB mi-

croscopy images were used, and for the second Faster R-CNN network, original source

images, and pre-processed target domain images were used. The network used binary

cross entropy loss and bounding-box regression loss. Each network was trained for 200

epochs with stochastic gradient optimization. The learning rate was set to 0.002. The

images were resized to 600× 600 during both training and inference phases. The outputs

of the model were the detection candidates from the two networks and their respective

confidence scores. The detections (candidate exemplars) for each image obtained using

the original RGB image as well as the background-subtracted image were merged and

sorted based on the confidence scores. The top "n" candidates of the detections were

selected, where "n" was determined by setting a confidence threshold of 0.6. This con-

fidence threshold was empirically determined and applied to all our experiments. Since

only weak annotations were available for the datasets, full supervision for source domain

was achieved using randomly generated bounding boxes based on the weak dot annota-

tions for the cells.

The original RGB detections thus obtained from the exemplar generation step, were fed

into the ImageNet pre-trained ResNet-50 model. Appearance-based features were ex-

tracted from the last fully connected layer for all the exemplar candidate images. K-means

clustering was performed and the centroids from each of the clusters were chosen as the

final exemplars for obtaining density maps.

For choosing the number of exemplars during training and inference, we performed sev-

eral experiments with each of our datasets by using from 1 to 5 exemplars during the

training step and used it for density map prediction. We noticed that while the accuracy

increased with more good quality exemplars, 5 exemplars were sufficient to give a good

counting performance for VGG and MBM and 3 exemplars were enough for DCC. For

all our experiments, we used the same number of exemplars during both training and in-

ference for density map prediction. The density map generator was trained using features

obtained from a ResNet-50 network pre-trained on ImageNet similar to (Ranjan et al.,

2021). The image was resized to 384× 384 and optimization was done using Adam. The

learning rate was set to 10−5. The features were obtained from the 3rd and the 4th block of
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TABLE 5.1: Results of cross-domain automatic cell counting in different
settings. For each experiment, we note the target and source datasets, with
the source indicated in brackets. E.g. DCC(VGG) indicates that DCC
is the target and VGG is the source dataset. "Original" indicates cross-
domain training done with RGB microscopy images, "Pre-processed" with
background subtracted images and "merged" which uses a combination of
original RGB and background-subtracted images.

Method
DCC(VGG) MBM(VGG) VGG(MBM)

MAE RMSE MAE RMSE MAE RMSE

Original 5.9 8.2 22.5 30.4 12.6 15.9

Pre-processed 5.4 7.7 16.0 17.7 9.9 12.4

Merged 4.8 6.7 9.53 11.6 6.1 8.7

the convolution layers and combined to obtain a multi-scale feature vector. This was then

used to train the density map prediction network which consisted of five convolution lay-

ers and three upscaling layers to produce a density map image with the same dimensions

as the input image.

We implemented all our experiments in Python with Keras and TensorFlow libraries and

were run on an NVIDIA GeForce GTX Titan dual-GPU machine. As in literature, we

used MAE (mean absolute error) and RMSE (root mean square error) (Ranjan et al.,

2021), (Chai and Draxler, 2014) as the evaluation metric.

We performed three sets of experiments for automatic cell counting for all the datasets:

(1) using original RGB microscopy images;

(2) using background subtracted microscopy images;

(3) combination of both (1) and (2) with merged exemplars.

Table 5.1 shows the results of our experiments for all datasets in all three settings. We

note that in all the three datasets, the best performance was achieved when exemplars

from original RGB image and background subtracted image were merged. The second-

best result was achieved using exemplars from background-subtracted image only. The

least accuracy was obtained when using exemplars from the original RGB microscopy
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TABLE 5.2: Results of cross-domain automatic cell counting compared
with state-of-the-art methods. The "Cells" column indicates the approxi-
mate number of cells used at training time which are human annotated (in
state-of-the-art). For our method, the cells column indicates the number of
suggested exemplars used for density map generation.

Method
DCC MBM VGG

MAE Cells MAE Cells MAE Cells

Ours (Merged) 4.8 300 9.53 150 6.1 250

Sau-Net (Guo et al., 2021) 3.0 3400 5.7 1890 2.6 11136

Ann Cell cnt (Wang and Yin, 2021) 5.1 340 9.0 378 6.2 870

CD disentangled (Wang, 2023) 6.3 238 19.1 252 − −

image only. When we used both the background-subtracted and the original images for

generating exemplars, better quality exemplars were chosen based on both the texture and

shape characteristics. Further, when we used only the pre-processed images for exemplar

generation, only the shape of the cells was considered, resulting in lower accuracy com-

pared to the combination as used in experiment (3). Finally, when only the original RGB

image was used for exemplar generation, the shape information was not given prominence

and the noisy background of the image introduced some false positive detections. We also

note that in the MBM dataset there were false positive cells. While some of these cells

were chosen as exemplars in experiments (1) and (2) but in (3) because of confidence

based merging, false positives were either reduced or removed.

In Table 5.2 we compare our method to the state-of-the-art methods Annotation Cell

Count (Wang and Yin, 2021) and Cross-Domain Disentangled Cell counting (Wang, 2023).

We note that all state-of-the-art methods require some form of human annotation. To

make the comparison fair, we have compared our approach to state-of-the-art approaches

which use at least as many cells (human annotated) as the generated exemplars used in

our method. As can be seen from Table 5.1, we either closely match or improve on the

current state-of-the-art. For completeness, we have included Sau-Net, which requires full

annotation to achieve state-of-the-art results.
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5.3.3 Discussion

In Chapter 3, we studied mitosis cell detection using a two-stage cascaded detection

method based on Mask R-CNN (He et al., 2017) and extended this approach in Chap-

ter 4, to train two-stage detection framework based on Mask R-CNN, and evaluated it in

a cross-domain setting. In this cell counting study proposed in this chapter, we use Faster

R-CNN instead of Mask R-CNN due to unavailability of pixel-level masks in any of the

datasets we evaluated on. While there have been several studies in the recent years fo-

cussing on Mask R-CNN for cell counting (Loh et al., 2021), (Dhieb et al., 2019), (Naets

et al., 2021), the proposed approaches require pixel-level annotations for cells. Creating

pixel-level annotations to train a Mask R-CNN network becomes prohibitively expensive

especially for datasets with large number of cells. Furthermore, these approaches perform

poorly when cells are overlapping or when cells are clumped. Additionally, human error

in annotating overlapping cells affects the performance.

Recently, the Segment Anything model (Kirillov et al., 2023), trained on large datasets for

segmentation task, has gained a lot of attention. Based on the success of the Segment any-

thing model, its application to medical images is now being studied (Mazurowski et al.,

2023). As a future research topic, we propose to explore the combination of Segment

anything model and Mask R-CNN to generate good quality exemplars for pixel counting,

by predicting pixel level masks rather than bounding boxes. We hypothesize that this

approach will yield better localization of exemplars, this leading to better cell counting

accuracy.

5.4 Summary

In this chapter, we have proposed cell counting with domain adaptive automatic exemplar

selection. Our approach uses three steps. In the first step, two domain adaptive networks

with RGB microscopy image and pre-processed images as inputs are used to generate

exemplars. The candidate detections from the two networks are merged and filtered based

on their confidence scores. Then, the detections are clustered from which the exemplars

are chosen. Density map generation is used for cell counting using a small fraction of

these exemplars. Experiments conducted on MBM, VGG and DCC datasets show that

exemplars are of good quality and produce close to state-of-the-art results.



CHAPTER 6

Spatio-Temporal Region-Specific Features for Person

Re-Identification

Domain-shift problem occurs when models trained with dataset in source domain are

used in another domain, namely the target domain. Such models do not perform well due

to different feature distributions between source and target domain. In fully supervised

methods, labelled datasets from all domains are used for training models, which is an

expensive process. Domain-adaptive approaches discussed in Section 1.2.2 to address the

domain-shift issue, train the models, so that source domain data is supervised, and the

target domain is unsupervised. The methods can be classified as, GAN-based methods,

feature transfer methods, and methods with intermediate styles. Furthermore, in Chapter

4 of the thesis, the domain invariance has been addressed by using gradient reversal layer,

to provide a direct alignment between source and target domains. However, the methods

perform poorly in applications like in person re-identification which have greater chal-

lenges such as different camera configurations, different poses, and occlusions, which

requires learning feature representations from the data, without explicit alignment.

Person re-identification (ReID) aims to solve the challenging task of identifying peo-

ple across non-overlapping cameras. In many domain adaptation methods for person

ReID, pseudo-labels are generated using clustering techniques, which suffer from noisy

labels. In this chapter, we mitigate the noisy label problem through a novel contrastive

feature learning method, performed in two steps. In the first step, weighted local tempo-

ral intra-region features are computed by integrating with region-specific augmentation.

These intra-region features are combined spatially to generate inter-region global fea-

tures. We performed our experimental evaluation on popular datasets including Market-

1501, DukeMTMC-reID, MSMT17 and PersonX. The method proves its effectiveness by

outperforming the best existing methods during evaluation. The content of this chapter

117
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is currently under review and has been submitted to IEEE International Conference on

Multimedia and Expo (ICME 2024)1.

6.1 Introduction

Person re-identification (ReID) is used to identify persons across multiple non-overlapping

cameras. This necessitates dealing with challenges such as lighting changes, pose changes,

and occlusions (Wei et al., 2018). Another important challenge with person re-identification

is the domain gap between the training data and the test data. To mitigate this issue, fully

supervised methods require labeled data from both source and target domains during train-

ing. However, obtaining labeled data for the target domain is either impractical or often

not possible in real-life scenarios. Hence, there is a need to develop unsupervised methods

for learning ReID models using domain adaptation when annotations are not available for

the target domain. The following section summarizes the related work in this field.

6.1.1 Related Work

To solve the problem of cross-domain ReID, unsupervised domain adaptative learning ap-

proaches have been proposed. This chapter focuses on the unsupervised domain adaptive

(UDA) person ReID. One technique of achieving domain adaptation is by generation of

domain invariant features to perform source and target domain feature alignment. This is

achieved by minimizing the distance and aligning the source and target distribution (Sun

et al., 2016; Kang et al., 2019) of source and target feature divergence, and reconstructing

the source or target domain data (Ghifary et al., 2016).

Several style transfer approaches have been proposed to address the challenge of domain

gap. SPGAN (Deng et al., 2018) proposes translation of image cues between source and

target domain, that achieves self-similarity and domain dissimilarity between the source

and the target domain images. CR-GAN (Chen et al., 2019b) renders the source do-

main images by using the knowledge and guidance of the target domain instances. PT-

GAN (Wei et al., 2018) studies a transfer function between the source and target which

can work well for a single camera, but not across many different cameras leading to dif-

ferent person styles. AT-Net (Liu et al., 2019a) uses an ensemble of GANs for handling

1https://2024.ieeicme.org/
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variations in camera-view, illumination, resolution by addressing the different factors af-

fecting the transfer function from the source to target domain. PDA-Net (Li et al., 2019)

uses pose and domain discriminators and generalizes the model to learn domain invariant

features along with pose disentanglement. DG-Net++ (Zou et al., 2020) disentangles for

both id and non-id related features, by introducing a shared appearance space, and sepa-

rate structure spaces for target and source domains to handle variations such as pose, and

position. Adversarial networks are hard to train and suffer from mode collapse, and train-

ing instability (Fu et al., 2019). Hence, they have been found to be inferior in performance

compared to clustering or ensemble approaches.

The clustering approaches used for unsupervised cross-domain ReID have been shown

to give better results compared with non-clustering algorithms. In these approaches, pre-

training is performed on the source domain labeled dataset and clustering techniques like

K-means (Lloyd, 1982) and DBSCAN (Ester et al., 1996) are used to generate clusters

for the target domain, which are used to generate pseudo-labels (Saito et al., 2017). The

pseudo-labels thus obtained, are then trained to learn target domain invariant features.

SSG (Fu et al., 2019) uses pseudo-labels obtained from the DBSCAN clusters from body

part features as well as whole body features. AD-Cluster (Zhai et al., 2020) generates

augmented clusters to obtain a discriminative model. Other approaches such as SpCL (Ge

et al., 2020b) improve on clustering by implementing an efficient hybrid memory. IDM

(Dai et al., 2021) employs intermediate domains to bridge the gap between source and

target domain. More recently Fourier augmentation (Isobe et al., 2021) with progressive

domain adaptation has been used with clustering. Hybrid memory management helps to

effectively manage this data. One of the main drawbacks of clustering is that, when the

features are noisy, then the clusters and the pseudo-labels also tend to be noisy affecting

training performance and person ReID accuracy. In addition, UDA ReID methods use

unconstrained augmentation methods such as random cropping which contributes to noisy

labels.

Ensemble approaches help mitigate the problem with noisy pseudo-labels. Ensembling

methods such as self-ensembling (French et al., 2017) use a student-teacher network for

assigning pseudo-labels for target data. Dual networks (Fu et al., 2019; Zhai et al., 2020)
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or a combination of many popular networks (Bertocco et al., 2021) are also used in en-

semble methods. The ensemble tries to obtain complementary features by training the

networks simultaneously. Mutual Mean Teaching Network (MMT) (Ge et al., 2020a)

leverages the idea of using both off-line hard and on-line soft pseudo-labels during train-

ing. AWB (Wang et al., 2022) proposed a dual network which improves on previous

networks by obtaining complementary features using pre- and post-attention methods.

While ensemble networks have provided better results, they required greater resources in

both time and space for training. With the ensemble approach, the networks should be

appropriately designed to eliminate the spread of the noisy labels to the networks. Fur-

thermore, the networks must always complement each other. In addition, an ensemble

of networks is more difficult to train and requires more training time when compared to

non-ensemble techniques.

6.1.2 Contributions

The thesis tackles the problem of domain invariance, described in Section 1.5.3 which

is caused by different distributions of training and testing data. While many methods

in Section 1.5.3, have been promising in solving domain-shift problem, they have not

been successful in more complicated person ReID application, where there are varying

challenges like lighting, occlusions, varying backgrounds, camera angles, poses, where

it would be beneficial to learn the feature representations that are informative across do-

mains. Our proposed method has overcome the limitations of the existing methods by

providing robust, less-noisy features, better domain generalization, and efficient memory

management. Our contributions can be summarized as follows:

(1) We combine region-specific augmentation temporally to obtain the intra-region

features to learn variations within a region in a guided manner;

(2) We design a self-supervised learning mechanism by combining intra-region fea-

tures spatially to generate inter-region features;

(3) We generate pseudo-labels for self-supervised ReID learning by clustering the

inter-region features;

(4) Our proposed method has been validated on various benchmarks, and outper-

formed state-of-the-art UDA person ReID methods.
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6.2 Method

In the first section below, we provide a brief description of our framework, which is partly

inspired by SpCL (Ge et al., 2020b). In the following sections, we describe our novel ap-

proach of region-specific feature learning. This involves two aspects: (1) generating fea-

tures with region-specific augmentation, (2) a training strategy based on self-supervised

contrastive learning that combines region-specific features both temporally (intra-region)

and spatially (inter-region). The feature accumulation is performed in hybrid memory.

6.2.1 Overall Framework

As shown in Figure 6.1, which describes the overall framework of our method, labeled

source and unlabeled target images are used. The images are divided into regions, aug-

mented by region-specific augmentation, and used to train our network for person ReID

learning. The region-specific features thus generated, are weight-averaged temporally by

considering intra- and inter-region accumulation as shown in Figure 6.5. The intra-region

and inter-region feature accumulations are shown as Steps 1 and 2, respectively. As shown

in Figure 6.5, the hybrid memory is used to store accumulated features for an image as

well as by region. The stored features for the target domain are then used for pseudo-label

generation. For the source domain data, the cluster centroids are determined as an average

of the class features and for the target domain data, a clustering algorithm is used deter-

mine cluster centroids. For features not belonging to clusters, the corresponding images

are treated as separate individual classes. Region-specific contrastive learning is used to

learn the ReID model by incorporating source classes, and target domain pseudo-labels,

and the network is trained using a region-specific contrastive loss function. Finally, hybrid

memory is used to handle class level and instance level clusters of the target.

6.2.2 Region-Specific Feature Augmentation

The first step in the feature generation algorithm is to generate features by spatially con-

strained augmentation. We propose a novel region-specific augmentation method to gen-

erate region-specific features in which the region that the augmentation is confined to is

specified as an input parameter at training time. Referring to Figure 6.2, we notionally
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divide the entire image into three equal regions as named - head, torso and leg. Since,

for most images of people, this is an intuitive approximation, we chose the approach of

three equal regions. Figure 6.2 (2), (3), and (4) illustrate how an image of a person is aug-

mented with spatial constraints during the training process so that region-specific features

could be extracted. For instance, a specific region is augmented (for example, in the head

region, Figure 6.2 (2)) and the resulting image is used to train the ReID network.

The contrastive loss function in training allows the network to distinguish images based

on other regions within the human body and does not rely on features extracted from the

head region. Similarly, when other regions of the image, such as the torso and legs as

shown in Figure 6.2 (3) and (4) respectively are augmented, the contrastive loss function

is adapted to train the network to learn representations based on regions of the image

other than the one that is augmented. In this manner, an ensemble of networks is trained

to learn region-specific feature representations of an image.
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FIGURE 6.1: Architecture of our ReID learning framework which uses region-specific augmentation to train
the network. The implementation of hybrid memory is illustrated to store region-specific features which
are accumulated both temporally and spatially. The temporal accumulation creates intra-region features and
spatial accumulation creates inter-region features. The cluster centers and pseudo-labels generated from
ReID features learnt from region-specific augmentation are stored in hybrid memory.
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Head 
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FIGURE 6.2: An example image with the three identified regions: (1) the
original RGB image, and region-specific augmentation is shown in (2)
head region is augmented; (3) torso region is augmented and (4) leg re-
gion is augmented.

Region-specific 
features 𝑓𝑓1

Region specific 
feature learning

Region specific 
features 𝑓𝑓2

Accumulated 
features 𝑓𝑓12

(intra-region)

Region specific 
feature learning

FIGURE 6.3: Region-specific features combined together to generate
intra-region features. Two different augmentations of the head region are
shown and the corresponding ReID features (f1, f2) are combined to create
intra-region features (f12).

6.2.3 Feature Accumulation

A key intuition behind our approach is that temporal feature averaging or using historical

features is equivalent to features generated by a network whose weights are averaged over
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FIGURE 6.4: Region-specific features combined to produce an inter-
region feature. Intra-region features which have been temporally accu-
mulated in hybrid memory for head region (f1), torso region (f2) and leg
region (f3) are combined spatially to create an inter-region feature (f123).

time (epochs). Both model and feature averaging can be viewed as ensemble learning

methods where each ensemble member contributes an equal or weighted amount to the

final prediction. We explain our approach to feature accumulation in the following two

sections. The two feature accumulation methods are referred to as intra-region feature

accumulation and inter-region feature accumulation.

6.2.3.1 Intra-Region Accumulation

For a given region, namely the head, torso, or leg, in each epoch, different augmentations

are generated where the augmentation is confined to that single region. Figure 6.3 illus-

trates the situation where features are obtained from two separate augmentations of the

head region, and combined temporally in a weighted manner to obtain an average feature

at the end of each epoch. In the illustrated example, the learned feature representation

f1 is at the end of epoch 1 and f2 is at the end of epoch 2, and both are combined to
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Feature accumulation in hybrid memoryAccumulated features 
(head)

Accumulated features 
(torso)

Accumulated features 
(leg)

Accumulated 
features 

(whole image)

Step 1 Step 2

FIGURE 6.5: Outline of how region-specific features are accumulated in
hybrid memory. In Step 1, intra-region features are accumulated during
training, and in Step 2, the accumulated intra-region features are combined
to form inter-region features.

obtain feature f12 using temporal weighting at the end of epoch 2. This is first step intra-

region feature accumulation and the process is repeated for each region per epoch. This is

furthermore illustrated in Figure 6.5 for all three regions of the image. The accumulation

performed is described by the three equations that follow. f0(θ) corresponds to the feature

generated by the neural network where an augmentation is done within the head region.

Similarly, f1(θ) and f2(θ) correspond to the torso and leg regions. Within a single epoch

or a mini-batch, a specific region is chosen randomly. The generated feature is accumu-

lated in hybrid memory separately for each such augmented region. For instance, the

accumulated feature for the head is in fhis0 in Eq. (6.1), which represents the accumulated

(averaged) temporal features of the two derived features, obtained after applying different

augmentations as shown in Figure 6.3. In a similar manner, equations Eq. (6.2), and Eq.

(6.3) correspond to the torso and the leg regions of the image:
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Region 1 Region 2 Region 3

Intra-region feature 
accumulation

Inter-region feature 
accumulation

Epochs

Step 1

Step 2

FIGURE 6.6: Implementation of feature accumulation in one experimen-
tal setting at the epoch level during training. Intra-region features are ac-
cumulated within the epoch. Inter-region features are obtained at the end
of the epoch by combining intra-region features.

fhis0 = α ∗ f0(θ) + (1− α) ∗ fhis0 , (6.1)

fhis1 = α ∗ f1(θ) + (1− α) ∗ fhis1 , (6.2)

fhis2 = α ∗ f2(θ) + (1− α) ∗ fhis2 . (6.3)

6.2.3.2 Inter-Region Accumulation

The second step of feature accumulation is to perform spatial feature averaging across re-

gions. Figure 6.4 illustrates the situation where features are obtained from augmentations

in different regions of the image and accumulated. These intra-region features are then

combined to form an overall average feature for the image. This process of inter-region

feature accumulation is illustrated using equation Eq. (6.4), and Figure 6.4. In our ap-

proach, we take the average of all the region-specific accumulated features at the end of

an epoch to determine the feature vector for the entire image. As shown in Figure 6.4, the
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features f1, f2 and f3 are intra-region features that are accumulated temporally for three

different regions of the image and then combined spatially as the inter-region feature f123.

As shown in Figure 6.6, the temporally weighted intra-regions features obtained for each

epoch for each region, are averaged to obtain inter-region feature, which is used to gener-

ate the pseudo-labels.

fhis =
fhis0 + fhis1 + fhis2

3
. (6.4)

6.3 Experiments and Results

This section provides a comprehensive overview of all the experiments, datasets and a

comparison of the results with state-of-the-art methods and discussion of the results. In

all experiments, the number of regions was set to 3 (0, 1, and 2), and the image was

horizontally divided into equal thirds. Additionally, the weight α chosen for feature ac-

cumulation equations Eq. (6.1), (6.2) and (6.3) was empirically determined to be 0.8. Fi-

nally, the region augmentation chosen for the experiments was a novel random cropping

which is confined to a region of the image. In the Section 6.3.2.1, we explain in detail the

region-specific augmentation algorithm which we have used in our implementation.

The two-step feature accumulation as described earlier, was used in the main experiment.

In the first part of the experiment, we generated region-specific features by choosing a

region randomly with uniform probability and applying spatially constrained cropping as

the augmentation for the region. The region-specific features were generated by using the

same randomly chosen region for all images within an epoch, and the ReID network was

trained with such images. Region-specific features were further combined with feature ac-

cumulation by performing two-step feature accumulation (intra-region and inter-region).

At the end of an epoch, the intra-region features for that region were accumulated in hy-

brid memory. This process is illustrated in Figure 6.6 which graphically shows the two

steps of feature accumulation. As seen in the figure, the region number used was kept

constant during the epoch, and the features generated for the target domain images at the

end of that epoch were maintained in separate memory within the hybrid memory.
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For the ablation experiments, we have reported several variations of the main experiment

in Section 6.3.3. In particular, we have explored different ReID backbones, and region

choosing strategies.

6.3.1 Datasets

For our experimental evaluation, we used the same datasets that are used in the literature,

so that we could make a fair comparison. As in the literature, we used Cumulative Match-

ing Curve to compute evaluation metrics (Zheng et al., 2016b), with which, we computed

Rank-1, Rank-5, and Rank-10. This, along with Mean Average Precision (mAP) (Zheng

et al., 2015), was used for evaluation and comparison. Sample images from the four

datasets are shown in Figure 6.7. Below is a brief description of the datasets.

Market-1501 (Zheng et al., 2015) (Market): This dataset has been collected at a super-

market in Tsinghua University using six cameras. A total of six cameras were used, in-

cluding 5 high-resolution cameras. Field-of-view overlap exists among different cameras.

The dataset has 12,936 images for training and 19,732 images for testing. The dataset also

comprises 1501 identities, of which 750 are used in training and the other 751 are used in

testing. All identities are captured by atleast two cameras for cross-camera matching and

up to six cameras in total.

DukeMTMC-reID (Ristani et al., 2016) (Duke): This dataset is a subset of DukeMTMC

(Duke Multi-tracking multi-camera) for image-based person ReID. It consists of high-

resolution person ReID images captured using 8 cameras. The dataset has 16,522 images

of 702 identities for training. The test set has a total of 2,228 query images and 17,661

gallery images, covering another 702 identities.

MSMT17 (Wei et al., 2018) (MSMT): This dataset is a multi-scene dataset captured using

15 cameras, which is challenging due to the lighting variations and outdoor/indoor setting.

The dataset also covers an extended period of time: four days in a month, three hours in

the morning, noon and afternoon. Thus, the dataset has significant lighting and pose

variations. It currently contains the largest number of annotated identities and bounding

boxes. It comprises 32,621 images in the training set and 93,820 images in the testing set.
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(c)

(b)(a)

(d)

FIGURE 6.7: Sample images from the four datasets we have used in our
evaluation: (a) Market-1501 (Zheng et al., 2015) dataset; (b) DukeMTMC-
reID (Ristani et al., 2016) dataset; (c) MSMT17 (Wei et al., 2018) dataset
showing variations in lighting, scene, pose and occlusions; (d) PersonX
(Sun and Zheng, 2019) dataset with some sample images in various back-
ground and pose and the 3 colour and scene variations.

1401 identities are used for training and 3060 identities are available for testing. To date,

this is one of the most challenging datasets.

PersonX dataset (Sun and Zheng, 2019): This is a synthetic dataset with 1266 identities

with six different backgrounds. There are 30,816 images in the test set and 9840 images

in the training set. In terms of background, there are three color backgrounds and three

scene backgrounds. In terms of identities, there are 1266 in total (547 females and 719

males) and for each identity, 36 viewpoints are presented.

6.3.2 Implementation and Results

Our implementation is illustrated in Figure 6.1. The labels were used for the source

domain and the no labels were used for the target domain. The input images were resized

to be of dimensions 256× 128× 3.
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As mentioned earlier, clustering was used to generate pseudo-labels. We used ResNet50-

IBN-a (Pan et al., 2018) as our backbone network pre-trained on ImageNet (Deng et al.,

2009) with hybrid loss. Augmentation techniques such as random flipping, and our novel

implementation of region-specific augmentation, were used. At the beginning of each

epoch, DBSCAN with k-reciprocal nearest distance with Jaccard distance (Zhong et al.,

2017) for clustering was used to generate pseudo-labels. The maximum distance between

the points was set to 4. The model was trained with Adam Optimizer with a weight

decay of 0.0005, and the initial learning rate was set to 0.00035. The temperature was

empirically set to 0.04 and momentum to 0.3, and the model was trained for 40 epochs.

No other pre-training or re-ranking methods were used.

6.3.2.1 Region-Specific Augmentation Algorithms

The region-specific augmentation algorithm uses random cropping as the augmentation

method. The standard random cropping augmentation randomly crops a section of the

image at training time. In the standard implementation, this crop can be of any size and

shape, and can occur anywhere in the image in an unconstrained way. In contrast, our

guided approach confines the augmentation to a specific region within the image.

The method to generate region-specific features is described through two algorithms,

namely,RegionAugment andConfineAugmentation. The algorithmRegionAugment,

provides the overall procedure for obtaining a region-specific augmentation for an image,

where image cropping is used as an augmentation method. This algorithm is adapted to

generate suitable crops confined to specific regions with an image. The overall approach

is to first generate a random crop, which can span any part of the image. This crop is then

adjusted to be confined within a given selected region by the ConfineAugmentation

algorithm. The detailed procedure for RegionAugment is shown in Algorithm 3.

The second algorithm, ConfineAugmentation, illustrates the implementation of confin-

ing an augmentation, cropping in this instance, to a given region, as shown in Figure 6.2.

This algorithm adjusts the cropped region, by clamping the coordinates along the length

of the image, so that the minimum and maximum extents are within the selected region.



6.3 EXPERIMENTS AND RESULTS 132

The region is specified as an input parameter region, which, in this instance, assigns val-

ues in the range [0, 3), which partitions the image vertically into equal portions. The

detailed procedure for ConfineAugmentation is shown in Algorithm 4.

Algorithm 3 RegionAugment
Input: image
Output: cropped_image

1: while TRUE do
2: x1, x2, y1, y2 = random_crop(image)

// Try till a valid augmentation is obtained.
3: if (not valid augmentation) then
4: continue
5: end if

// Determine region
6: part = determineregion()

// Confine augmentation within a region.
7: xp1, xp2, yp1, yp2 = ConfineAugmentation(imgw, imgh, x1, x2, y1, y2, part)

// Try till a valid crop within part is obtained.
8: if (not valid augmentation in the region) then
9: continue

10: end if
11: cropped_image = image[xp1, xp2, yp1, yp2]

12: break

13: end while
14: return cropped_image
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Algorithm 4 ConfineAugmentation
Input: wimg, himg, x1, x2, y1, y2, region
Output: xp1, xp2, yp1, yp2

1: if (region == 0) then
2: ymin = 0
3: ymax = himg/3
4: else if (region == 1) then
5: ymin = himg/3
6: ymax = 2 ∗ himg/3
7: else
8: ymin = 2 ∗ himg/3
9: ymax = himg

10: end if
11: if (y1 < ymin) then
12: y1 = xmin
13: else if (y1 > ymax) then
14: y1 = ymax
15: end if
16: if (x2 < xmin) then
17: x2 = xmin
18: else if (x2 > xmax) then
19: x2 = xmax
20: end if
21: xp1 = x1, xp2 = x2, yp1 = y1, yp2 = y2
22: return xp1, xp2, yp1, yp2

6.3.2.2 Experimental Results

The comparison of our method with state-of-the-art methods for person ReID, which use

domain adaptation, was performed on both real and synthetic datasets, and the results are

shown in Tables 6.1, 6.2, 6.3, 6.5, and 6.4. The state-of-the-art methods used for compar-

ison included MMT (Ge et al., 2020a), AD-Cluster (Zhai et al., 2020), SpCL (Ge et al.,

2020a), IDM (Dai et al., 2021), TDR (Isobe et al., 2021) and CCTSE (Bertocco et al.,

2021). These methods use multiple networks, clustering, hybrid solution and ensemble

methods respectively. As our method does not use an ensemble explicitly, to make a fair

comparison, when a non-ensemble result of the state-of-the-art method is available, com-

parison has been made against it. Otherwise, the result of the ensemble method has been

used for comparison. We have used the same scenarios for making comparisons as in the

literature. These include Market to MSMT, Duke to MSMT, Market to Duke, Duke to
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Normal operation

Region specific 
features

Full features (noisy)

Region-specific 
features (less noise)

Region specific 
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Region specific 
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FIGURE 6.8: Region-specific features reduce noise as illustrated and
hence result in robust clusters and pseudo-labels with less noise.

Market and PersonX to Market. In all the combinations we evaluated on, and the state-

of-the-art methods we compared with, our method outperformed or performed close to

state-of-the-art in Rank-1, Rank-5, Rank-10, and mAP.

The main disadvantage of the clustering step used in SpCL is error amplification due to

noisy labels. In order to avoid training error amplification caused by noisy clusters, the

self-paced learning strategy initialized the training process with the most reliable clusters

which measured both compactness and distance between clusters. A limitation of this

technique is the application of thresholds α and β for compactness and distance mea-

sures which need to be carefully chosen. Furthermore, the thresholds remain constant

throughout the training phase and do not adapt to feature noise.

AD-Cluster uses density-based clustering generates the pseudo-labels, however, the clus-

ters do not consider the source domain labels and hence lose valuable information. MMT

requires two networks to train, adding to the training complexity when compared with our

method. CCTSE requires an ensemble of networks to obtain satisfactory results. IDM uti-

lizes an intermediate domain, which makes the network prone to noise by distorting the
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TABLE 6.1: Results of our experiments with Duke as the source dataset
and Market-1501 as the target dataset. We report mAP, RANK-1 (R1),
RANK-5 (R5), RANK-10 (R10) results for our method, in comparison
with state-of-the-art methods. The last row provides our implementation
results. The best result is shown in bold, and the second-best result is
underlined.

Duke To Market

Methods mAP R1 R5 R10

MMT (Ge et al., 2020a) 71.2 87.7 94.9 96.9

AWB (Wang et al., 2022) 81.0 93.5 97.4 98.3

SpCL (Ge et al., 2020b) 76.7 90.3 96.2 97.7

AD-Cluster (Zhai et al., 2020) 68.3 86.7 94.4 96.5

CCTSE (Bertocco et al., 2021) 74.1 89.6 95.3 97.1

IDM (Dai et al., 2021) 82.8 93.2 97.5 98.1

TDR (Isobe et al., 2021) 82.2 93.6 - -

Ours 83.5 93.0 97.5 98.3

information between the domains. TDR uses Fourier and spatial space, which introduces

the complexity of handling multiple spaces. Furthermore, Fourier space may not be robust

to variations in poses and scale.

In contrast, the novel features of our method provide considerable improvement when

applied to a single network, and remove the dependency on training additional networks,

Fourier spaces and intermediate domains. In our guided region-specific approach, the

region-specific augmentation of the image as illustrated in Figure 6.8 results in features

that have less noise. By masking portions of the image, the overall variation in the im-

age is reduced, which leads to less noise in the learned features during training. This is

illustrated graphically through the respective feature histograms as lesser variations with

certain sections of the feature vector. This results in tighter and more compact clusters

for the target domain images and hence less noisy labelling. From another perspective,

by learning with the masked images, the model can generate discriminative features on
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TABLE 6.2: Results of our experiments with Market-1501 as the source
dataset and Duke as the target dataset. We report mAP, RANK-1 (R1),
RANK-5 (R5), RANK-10 (R10) results for our method, in comparison
with state-of-the-art methods. The last row provides our implementation
results. The best result is shown in bold, and the second-best result is
underlined.

Market To Duke

Methods mAP R1 R5 R10

MMT (Ge et al., 2020a) 65.1 78.0 88.8 92.5

AWB (Wang et al., 2022) 70.9 83.8 92.3 94.0

SpCL (Ge et al., 2020b) 68.8 82.9 90.1 92.5

AD-Cluster (Zhai et al., 2020) 54.1 72.6 82.5 85.

CCTSE (Bertocco et al., 2021) 67.8 81.7 90.0 92.6

IDM (Dai et al., 2021) 70.5 83.6 91.5 93.7

TDR (Isobe et al., 2021) 69.4 82.7 - -

Ours 71.3 83.8 91 93.1

TABLE 6.3: Results of our experiments with PersonX as the source
dataset and Market-1501 as the target dataset. We report mAP, RANK-1
(R1), RANK-5 (R5), RANK-10 (R10) results for our method, in compari-
son with state-of-the-art methods. The last row provides our implementa-
tion results. The best result is shown in bold, and the second-best result is
underlined.

PersonX to Market

Methods mAP R1 R5 R10

MMT (Ge et al., 2020a) 71.0 86.5 94.8 97.0

SpCL (Ge et al., 2020b) 71.0 86.5 94.8 97.0

IDM (Dai et al., 2021) 81.3 92.0 97.4 98.2

TDR (Isobe et al., 2021) 78.4 91.3 - -

Ours 78.1 92.9 96.8 98.0
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TABLE 6.4: Results of our experiments with Market-1501 as the source
dataset and MSMT as the target dataset. We report mAP, RANK-1 (R1),
RANK-5 (R5), RANK-10 (R10) results for our method, in comparison
with state-of-the-art methods. The last row provides our implementation
results. The best result is shown in bold, and the second-best result is
underlined.

Market to MSMT

Methods mAP R1 R5 R10

MMT (Ge et al., 2020a) 24.0 50.1 63.5 69.3

AWB (Wang et al., 2022) 30.6 61.4 73.3 78.2

SpCL (Ge et al., 2020b) 31.0 58.1 69.6 74.1

CCTSE (Bertocco et al., 2021) 33.2 62.3 74.1 78.5

IDM (Dai et al., 2021) 33.5 61.3 73.9 78.4

TDR (Isobe et al., 2021) 32.9 61.8 - -

Ours 33.5 64 75.7 79.7

the specific region which is masked. This reduces the noise in the pseudo-labels based on

the masked regions, which is a benefit to the self-supervised learning step for the target

domain.

6.3.3 Ablation Experiments

We conducted three ablation experiments by varying at least one aspect of the experimen-

tal setting described in the implementation section. In the first ablation experiment, the

backbone of the network was changed from ResNet-50-IBN-a to ResNet50. The accuracy

of results obtained by ResNet-50 is lower compared to those obtained by ResNet50-IBN-

a, as shown in Tables 6.6 and 6.7, thus demonstrating that ResNet50-IBN-a has better

performance compared to ResNet-50. Additionally, we wanted to evaluate if it was nec-

essary to have region-specific feature generation performed across all three regions or just

one region. Hence, we chose the torso covering region for guided feature generation,

since we hypothesized that it has prominent features for comparison and greatest area.
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TABLE 6.5: Results of our experiments with Duke as the source dataset
and MSMT as the target dataset. We report mAP, RANK-1 (R1), RANK-5
(R5), RANK-10 (R10) results for our method, in comparison with state-
of-the-art methods. The last row provides our implementation results. The
best result is shown in bold, and the second-best result is underlined.

Duke to MSMT

Methods mAP R1 R5 R10

MMT (Ge et al., 2020a) 23.3 50.1 63.9 69.8

AWB (Wang et al., 2022) 30.7 62.7 74.5 79.0

SpCL (Ge et al., 2020b) 26.5 53.1 65.8 70.5

CCTSE (Bertocco et al., 2021) 34.5 63.9 75.3 79.6

IDM (Dai et al., 2021) 35.4 63.6 75.5 80.2

TDR (Isobe et al., 2021) 32.7 62.7 - -

Ours 34.8 66.4 77.7 81.5

TABLE 6.6: Results of mAP, RANK-1 (R1), RANK-5 (R5), and RANK-
10 (R10) in the Market-1501 to Duke branch of the ablation experiment.
The second row (ResNet-50) outlines the results when the backbone is
ResNet-50. The third row (ResNet-50-Part) outlines the results when only
one large region was used, and ResNet-50 was the backbone. The best
results (ResNet50-IBN-a), shown in bold, are the first set of results with
ResNet50-IBN-a as a backbone.

Market to Duke

Methods mAP R1 R5 R10

ResNet50-IBN-a 71.3 83.8 91 93.1

ResNet-50 67.6 81.3 89.9 92.3

ResNet-50-Part 66.7 81.7 90.2 92.6

We then followed the same training procedure as the one involving ResNet-50. As shown

in Tables 6.6 and 6.7 the accuracy of the result obtained by ResNet-50-Part, where guided

feature learning was applied to the middle region, covering the torso only, is lower than
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TABLE 6.7: Results of mAP, RANK-1 (R1), RANK-5 (R5), and RANK-
10 (R10) in the Duke to Market-1501 branch of the ablation experiment.
The second row (ResNet-50) outlines the results when the backbone is
ResNet-50. The third row (ResNet-50-Part) outlines the results when only
one large region was used, and ResNet-50 was the backbone. The best
results (ResNet50-IBN-a), shown in bold, are the first set of results with
ResNet50-IBN-a as a backbone.

Duke to Market

Methods mAP R1 R5 R10

ResNet50-IBN-a 83.5 93.0 97.1 98.3

ResNet-50 77.0 90.7 96.6 97.8

ResNet-50-Part 74.7 89.5 95.4 96.8

the result obtained using all three region features. This implies that applying guided fea-

ture learning to all three regions, rather than one region, improved detection accuracy. It

is hypothesized that this phenomenon would occur with other backbone networks.

In addition, we performed another set of ablation studies with MMT (Ge et al., 2020a)

as the base framework. The results of the experiments are in Table 6.8. Referring to

Figure 6.9, we conducted following variations of the approach as shown in Figure 6.6.

This is shown in Figure 6.9 (b), Figure 6.9 (c) and Figure 6.9 (d). For easy comparison,

Figure 6.9 (a) is same as Figure 6.6.

• ResNet-50-MMT: The baseline implementation of MMT.

• ResNet-50-Random-Region (Figure 6.9 (a)): This is explained in Section 6.2.

• ResNet-50-Random-Seq (Figure 6.9 (b)): in this method, the sequence of the

regions is pre-determined. For each epoch, the intra-features are obtained from

the pre-determined region in that same sequence order. In the Figure 6.9 (b), the

regions Region 1, Region 2, and Region 3 are repeated.

• ResNet-50-Random-Epoch (Figure 6.9 (c)): in this method, within an epoch,

different regions are randomly chosen for different mini-batches.

• ResNet-50-Region-One (Figure 6.9 (d): in this method, the features are obtained

from only one type of region. In our experiment, we have chosen the region

covering the torso.
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Region 1 Region 2 Region 2 Region 3 Region 2

Epochs 

(a)
Random 

region per 
epoch

Region 1 Region 2 Region 3
(b)

Sequential 
region per 

epoch

(c)
Random 

region within 
epoch

Region 2 Region 2 Region 2
(d)

Constant 
region per 

epoch

FIGURE 6.9: Ablation experiments: (a) A region is chosen randomly with
uniform probability at the beginning of the epoch and used for region-
specific augmentation for all images within that epoch; (b) A region is
chosen in a sequential manner at the beginning of the epoch and applied
for all images within the epoch to learn region-specific features; (c) A re-
gion is chosen randomly for each image within the epoch, thus creating
different region-specific augmentations for individual images; (d) A con-
stant region-specific augmentation is performed and in our case region 2 is
chosen which is the torso.

The ablation results show that the approach shown in Figure 6.9 (a) provides better gen-

eralization than those shown in Figure 6.9 (b), Figure 6.9 (c) and Figure 6.9 (d). This im-

plies that the features are generalized robustly in the method shown in Figure 6.9 (a) while

the other approaches suffer from more noise (ResNet-50-Random-Epoch) or overfitting

(ResNet-50-Random-Seq and ResNet-50-Region-One). This experiment also illustrates

that our implementation, ResNet-50-Random-Region, provides better accuracy on other

baseline implementations such as MMT with ResNet-50 as the backbone. Additionally,

it also reinforces the generality and applicability of our method for different frameworks

based on domain-adaptive methods for person ReID.
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TABLE 6.8: Results of mAP, RANK-1 (R1), RANK-5 (R5), and RANK-
10 (R10) in the Market-1501 to Duke branch performed on the MMT net-
work. The first row has the results for two-stage feature accumulation
method as part of the main experiment. The second row is baseline result
for the MMT ReID network. Rows 3-5 are of the variations of our method
as described in the Ablation Experiments section.

Methods mAP R1 R5 R10

ResNet-50-Random-Region
(main experiment)

58.9 75.2 86.0 89.2

ResNet-50-MMT (baseline) 57.1 73.7 84.9 88.5

ResNet-50-Random-Seq 55.0 72.4 83.1 87.0

ResNet-50-Random-Epoch 56.6 73.9 85.0 88.1

ResNet-50-Region-One 56.8 73.7 84.3 88.6

6.4 Summary

Unsupervised domain adaptation techniques have been used for ReID, and clustering

techniques have provided advantage of generating pseudo-labels for the target domain.

While this is a sound technique, it has the disadvantage of noisy labels, which affect the

training performance and overall accuracy. Our technique mitigates this by using region-

specific random augmentation. The augmented images using our approach are used to

generate weighted intra-features and inter-region features. The evaluation performed on

datasets such as Market-1501, DukeMTMC-reID, MSMT17 and PersonX, have shown

promising results and have provided improvement in the evaluation over state-of-the-art

methods.
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Conclusions and Future Work

7.1 Conclusions

Performance of deep neural network models rely on good quality annotated data, which

is challenging and expensive to acquire, especially data which is representative of differ-

ent domains and conditions. Furthermore, for better feature representation of the objects,

pixel level annotation provides an advantage, by capturing intricate details and morpho-

logical features of the object. But this is not always available and impractical to create.

This thesis proposes advanced learning methods to handle the following challenges: (1)

imprecise localisation, (2) lack of adaptive generalization, (3) inadequate alignment of

source and target domain data, (4) Weak and incomplete dataset annotations. Our methods

try to solve these challenges by using both supervised and weakly supervised methods, as

applicable to a variety of visual content analysis tasks.

In the first part of the thesis, we introduce supervised methods which address imprecise

localisation and lack of generalization. In the later part of the thesis, we focus on weakly-

supervised methods. We propose domain adaptive solutions for addressing domain gap as

well as handling datasets with weak and limited annotations. We demonstrate the solution

across diverse applications encompassing detection, re-identification and counting.

In Chapter 2, we propose methods to address inadequate generalization. Dropout methods

are popular in deep neural networks to prevent over-fitting and learn a generalized model.

However, they require tuning of hyper-parameters, structural changes, or ensemble of

networks, which are all complex, time-consuming, and tedious. We propose two novel

approaches to solve this problem. In the first approach, we determine the dropout rate

automatically, by sampling from the distribution of the neuron activations. We extend this

143
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approach, by adaptively determining the dropout rate by clustering the neuron activations

and assigning a dropout rate for each cluster. Our methods outperform standard dropout

and other state-of-the-art methods across all datasets and neural networks we evaluated

on.

In Chapter 3, we introduce methods which show the advantage of precise localisation for

objects and provide pixel-level masks for weakly annotated cell data. Mitosis cells in

histopathology images are small, sparse, and have morphological variations which makes

it difficult to detect without precise, localized masks. In this chapter, we introduce a

method for mitosis cell detection in histopathology images. We use a combination of

deep learned features with hand-crafted features to capture the features cells and outper-

form state-of-the-art methods in detection accuracy, thus proving that the feature repre-

sentation based on pixel-level masks is better than the features obtained from bounding

box localization for object detection. For weakly annotated datasets, which lack pixel-

level annotation, we propose a novel method to also generate the masks automatically

and use to for mitosis detection.

In Chapters 4 and 6 we study domain adaptive solutions to address the domain gap be-

tween the source and target datasets. In Chapter 4, the domain gap in the histopathology

images occurs due to different staining, and tissue preparation, whilst in Chapter 6, the do-

main gap occurs due to different camera, lighting, and environmental conditions. In both

these chapters, we tackle the challenge of classifying and detecting unlabeled objects in

the target domain, where a fully annotated target domain dataset is not available.

In Chapter 4, we introduce an image and instance level dual-stage domain adaptive mi-

tosis cell detection method, to handle the different stains of the histopathology images.

We make use of the gradient reversal layer for domain adaptation and generate masks

for localisation for improved domain adaptive mitosis detection. Additionally, our novel

method automatically generates masks for a weakly annotated mitosis dataset, which was

used as the target domain dataset. The method achieves better than state-of-the-art meth-

ods for mitosis detection and mask generation.
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In Chapter 6, we provide a domain adaptive solution in the context of person re-identification

application. In this chapter, we demonstrate a method of combining local and global fea-

tures temporally and spatially using a novel region-specific augmentation. The features

are used to generate pseudo-labels for the unlabeled target domain and the ReID network

is trained in a self-supervised manner using contrastive loss. The method achieves state-

of-the-art results for person re-identification on popular datasets.

In Chapter 5, we develop a novel method of cell counting using weakly annotated datasets

with only dot annotations for cells. In our approach, we automatically generate and se-

lect good quality exemplars using cross-domain training. We exploit the cell structure

similarity to achieve cross-domain knowledge transfer and apply it to generate exemplars

automatically. Our method demonstrates that by using weakly-supervised training, where

the training dataset is limited when compared to state-of-the-art methods, we can still

obtain close to or better counting accuracy.

7.2 Future Work

This thesis focused on providing advanced deep learning solutions for computer vision

for challenges listed in the introduction. We would like to propose some future work to

take it forward.

Our supervised and weakly supervised methods for object detection, domain adaptation

and counting can be extended and integrated into multi-modal solutions in various appli-

cations such as surveillance, digital pathology, agriculture. These multi-modal models can

help mimic the actions of a human for decision making where information from all differ-

ent modalities is considered and integrated before the final decision is made. For example,

in digital pathology the data can be obtained not only from histopathology images but also

from gene expressions, clinical information (Qiao et al., 2022). In yet another scenario,

in surveillance, multi-modal information such as images, gait from videos, Infra-red can

be integrated to improve the robustness of the applications (Zheng et al., 2021).

Our methods can be improved to make it more scalable and easily deployable by improv-

ing the architecture and framework, for practical purposes. For example, the methods
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suggested for detection and counting, can be improved into a deployable single multi-

task end-to-end solution (Liu et al., 2019b). Depending on the deployable environments

and configurations, our architectures can be simplified to use light-weight CNN’s like Ef-

ficientNet (Tan and Le, 2019). Furthermore, for the dropout method, the computational

complexity of using clustering mechanism like K-means can be improved.

Transformers (Vaswani et al., 2017) have been successfully applied to Natural Language

Processing (NLP) tasks. Given the growing practical importance of computer vision ap-

plications, a future research direction is to apply transformer-based architectures for ad-

dressing specific practical problems within computer vision including medical applica-

tions. As continually acquiring, and annotating new datasets becomes prohibitively ex-

pensive, we would like future research to focus on using transformers and attention-based

architectures to be applied to unsupervised and weakly supervised settings. Advance-

ments in this area will have a positive impact on many visual content analysis tasks such

as person ReID, detection, and counting. Additionally, we note that, attention mechanism

has been used successfully in supervised ReID learning (Li et al., 2018b). Hence, we

propose new research direction focusing on adapting attention-based ReID in an unsuper-

vised setting, include UDA based approaches.

Diffusion models (DM) (Sohl-Dickstein et al., 2015), which are built using a hierarchy

of de-noising auto-encoders, have achieved impressive state-of-the-art results in image

synthesis tasks. Diffusion model uses a Markov chain to progressively add noise to an

image (forward diffusion process). Subsequently, through a process of reverse diffusion,

which is a trainable process, the noise is removed to recover the original image. A deep

neural network is used to learn the reverse of a Markovian diffusion process. However,

training and inference using a neural network to model reverse diffusion has high com-

putational complexity. Hence, more recently, Latent Diffusion Models (LDM) (Rombach

et al., 2022), have been proposed, which have shown a lot promise in achieving optimal re-

sults in image synthesis tasks by applying diffusion in the latent representation rather than

the pixel space. LDMs apply diffusion to the latent space of pre-trained auto-encoders,

vastly reducing computation complexity while preserving high fidelity in image gener-

ation and achieving an optimal balance between computational complexity and image

quality. On the back of the recent success of LDMs, they are now being studied in other
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application domains such as image segmentation (Tomer Amit, 2021), object detection

(Chen et al., 2023) and people counting (Ranasinghe et al., 2023). We hypothesise that

a new research direction will emerge, adapting diffusion models for tackling the domain

variance, a frequently occurring challenge in various advanced learning-based computer

vision applications.
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