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Abstract
Imaging Flow Cytometry (IFC) is an indispensable cell-analytic tool that provides
multi-parametric measurements with high-dimensional feedback derived from single-
cell images. It enables profound insights into cell signalling, co-localisation, cell-to-
cell interaction and Deoxyribonucleic Acid (DNA) studies. However, the traditional
Frame-Based Sensor (FBS) adopted IFC can inhibit its performance, bound by the
triangle of imaging constraints: speed, resolution and sensitivity; increasing one pa-
rameter can lead to degradation in others. This trade-off correlation has fundamen-
tally hindered the development and generalisation of IFC. Considering the size of a
cell population, a significant data volume can be generated during analysis, which can
be cumbersome to operate and analyse for real-time applications. In addition, the rich
spatial information acquired IFC has exceptional uses with Machine Learning (ML)
models to automate cell analysis, gating and revealing rare cell events.

Herein, we introduced a Neuromorphic Imaging Cytometry (NIC) to characterise
cells with superior temporal resolution, data efficiency and fluorescence sensitivity.
Taking the advantages of data sparsity in neuromorphic vision, the proposed plat-
form and curated dataset were combined with hybrid Spiking Neural Networks (SNN)
models to perform cell classification and enable in-depth analysis with human blood
cells, immortal cell lines and artificial particles. To the best of our knowledge, our
research enabled the first novelty of neuromorphic-enabled cytometry applications.
This dissertation encompassed the entire research milestones including the initial
conceptualisation of NIC with artificial particles; implementation of fundamental cy-
tometric functions; object detection with biological cells; advanced ML cell analysis by
lightweight model on convoluted cell classes and morphologies. Combining the data
sparsity in neuromorphic imaging with a lightweight hybrid SNN model and opera-
tion platform, this paradigm can become a fundamental backbone for next-generation,
ML-driven cytometry.
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Chapter 1

Introduction

1.1 Background

1.1.1 Flow cytometry

Flow Cytometry (FC) is a powerful cell analytic tool that provides multiparametric
readouts of cells in a high-throughput manner. It enables cells to be analysed in
large quantities, extracting phenotypical and fluorescence-mediated features for char-
acterisation (Adan et al., 2017; McKinnon, 2018). Traditional FC contains three core
systems: the fluidics system drives samples forward and induces hydrodynamic fo-
cusing via sheath fluid (commonly a buffered saline solution) with the sample stream
enclosed at the centre. This action aligns cells laminar and single-file through a
laser interrogation point for cell measurement. The optic system adopts lasers as
an excitation source, measuring the light scattering and fluorescence signals emitted
from the samples. Collections optics commonly use PhotoMultiplier Tubes (PMTs)
or photodiodes to detect light signals. The electronic system converts the signals into
electrical pulses for digital readouts, which can be visualised as plots or histograms
(Adan et al., 2017; McKinnon, 2018; Shapiro and Telford, 2009; Wilkerson, 2012).
In FC, FSC and SSC are essential parameters that indicate varied features of the
cells.FSC detects light diffraction in a forward direction, along the same path as the
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laser, indicating the size or surface area of the cells. SSC measures the scattering light
at a 90-degree angle to the laser, representing the granularity or internal complexity
of the cells (Cossarizza et al., 2019; Reggeti and Bienzle, 2011). Such a paradigm
allows cells to be screened in a high-throughput manner with multiparametric anal-
ysis, allowing a sampling rate of more than 10,000 cells/s (McKinnon, 2018; Rees
et al., 2022). FC has enabled profound applications in multiple disciplines, including
immunology, virology, molecular biology, cancer biology and infectious disease moni-
toring (McKinnon, 2018). However, this robust device describes cells based on pulse
profiles without providing any direct vision of the samples, limiting the interpretation
and high-dimensional features of the cell data.

1.1.2 Imaging flow cytometry

IFC combines the working principles of FC and fluorescence microscopy to charac-
terise cells with high-dimensional parameters derived from single-cell images (Barteneva
et al., 2012; Rees et al., 2022). It reveals high-dimensional resolutions of the samples
such as cell area, morphology, texture and marker localisation, which are particu-
larly useful for applications in cell signalling, cell-to-cell interactions, DNA repair
and co-localisation studies (Gorecki et al., 2025; Grimwade et al., 2017; McKinnon,
2018; Rožanc et al., 2021). Furthermore, the differences in cell morphology, structure
and composition are closely linked to their physiological function and are crucial for
cell identity (Caicedo et al., 2017; Nitta et al., 2018). For instance, cell geometry
affects intracellular signalling and is critical in regulating cell growth and differenti-
ation (Aragona et al., 2013; Chen et al., 1997; Kilian et al., 2010; von Erlach et al.,
2018). The localisation of transcription factors to the nucleus and cytoplasm can
result in drastic differences in cell behaviour (Cai et al., 2008; Görner et al., 1998;
Hao et al., 2013). Also, the morphological information of cells has been adopted
as the gold standard for disease diagnosis and prognosis (Salek et al., 2023; Salto-
Tellez, 2018). A range of other morphological characteristics are likely connected to
unique cellular functions (Boutros et al., 2015; Mackinder et al., 2017; Moor et al.,
2017; Nitta et al., 2018; Pernas et al., 2018; Zenker et al., 2017). IFC operates in
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a similar paradigm as FC with an image of each cell available, typically captured
by Charged-Coupled Devices (CCD) or CMOS sensors (Han et al., 2016; LaBelle
et al., 2021; Rees et al., 2022). Despite the rich spatial information collected, like
any image-enabled system, IFC is also bound to the triangle of imaging constraints:
speed, resolution and sensitivity; elevating one performance can render degradation
in others (Rees et al., 2022). Therefore, Numerous efforts have been implemented
to overcome this trade-off. The commercialised IFC ImageStream system (Luminex)
utilises a time delay integration approach with CCD cameras to enhance the resolu-
tion at high speed by synchronously stacking pixel information row by row across the
sensors, providing an improved throughput of up to 5,000 cells/s at 20 × magnification
and traditional IFC operates between 2,000 and 3,000 cells/s at 20 × magnification
(Basiji et al., 2007; Holzner et al., 2021). While these strategies are effective, IFC
still has more than one order of magnitude lower than non-imaging flow cytometers
owing to the data-expensive image acquisition mechanism (Holzner et al., 2021). A
comprehensive review on IFC by Rees et al. (2022) states that the current device
has limitations on measuring repeated time-lapse imaging of the same target and
Three-Dimensional (3D) resolution. Objects can only be captured once as they pass
through the imager, limiting the feedback to a single snapshot of the cells and suit-
ability for tomographic flow cytometry, where it furnishes complete characterisations
in 3D (Merola et al., 2017; Mertz, 2011). Sorting is also an essential functionality of
a cytometric system to perform physical isolation of particular cell types, allowing
downstream analysis of the target cells. A major modernisation in high-speed image
sensing and intelligent data analysis is required to achieve the sorting capability (Rees
et al., 2022). Moreover, the frame-based architecture in IFC can register enormous
pixel data of blank and redundant background information irrelevant to cell events.
This can render a significant data volume and is expensive for real-time low-latency
tasks. Especially considering the concentration of a cell population can be easily over
1 × 106 cells/mL and multiple tests can be required for one experiment. With the
ImageStream system, a sample concentration of 2–3 × 107 cells/mL is recommended
for operation (Rees et al., 2022). Thus, a promising sensing method to resolve the
conventional challenges in IFC should include (1) high temporal resolution for fast
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detection to elevate the throughput and repeated time-lapse imaging for enriched
characterisation. (2) data efficiency for real-time cell analysis and decision-making to
implement sorting capability.

1.1.3 Mannual gating for cytometric data

Manual gating is an analytic technique adopted with cytometric data to characterise
cell phenotypes utilising several 2D scatter plots based on morphological-related pa-
rameters and assigned fluorescence signals (Lippeveld et al., 2019). A polynomial
region is defined to gate out the population of interest, which allows the target cells
or cell components to be analysed from a mixture. Manual gating can effectively
isolate populations of interest but introduces several challenges, particularly with
high-dimensional cytometry data. (1) Gating relies on an experienced researcher or
expert to perform and interpret morphological and fluorescence data accurately. (2)
This expert-dependent process may need to be repeated depending on the variabil-
ity of the experiment and samples, creating a heavy workload for large-scale studies
(Saeys et al., 2016). (3) Manual gating of the high-dimensional cytometry data can
inhibit the interpretation into a bivariate hierarchical analysis of 2D scatter plots.
In contrast, IFC is designed to provide multivariate spatial feedback, revealing more
complex and insightful data structures. (4) The process is also prone to subjective
bias and can be challenging to reproduce. (5) Using multiple fluorescence stains for
cell readout and gating can be expensive, introduce confounding effects, and slow the
workflow (Chen et al., 1993; Miltenburger et al., 1987; Wojcik and Dobrucki, 2008).
A stain-free approach has drawn attention in bio-imaging in the last decades (De Wit
et al., 2015; Freudiger et al., 2008; Wang et al., 2010).

Therefore, an automated gating approach with label-free samples is crucial to over-
come these drawbacks, optimising the IFC workflow, analysis and expense. Numerous
efforts have been implemented to annotate cell populations using ML models and un-
cover rare cell events from high-dimensional data (Arvaniti and Claassen, 2017; Cheng
et al., 2022; Hu et al., 2022, 2020; Qiu et al., 2011).
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1.2 Towards next-generation AI-assisted imaging

cytometry

1.2.1 Neuromorphic vision sensor

NVS, also known as the event camera or event-based vision sensor, dynamic vision
sensor or silicon retina, is a bio-inspired photosensor that imitates the neural architec-
ture of the biological eye (Gallego et al., 2020; Howell et al., 2020; Lichtsteiner et al.,
2008; Takatsuka et al., 2024). In the visual system, the receptors on the retina con-
vert light into visual signals for transmission to the brain. Neurons process the light
and dark conditions from the signals, and retinal ganglion cells then send this infor-
mation to the brain’s visual cortex for interpretation (Takatsuka et al., 2024). NVS
resembles the transient pathways up to retinal ganglion cells (Gallego et al., 2020).
Compared to traditional FBS, which captures images at a fixed frame rate, NVS de-
tects brightness changes in a scene and transmits only the activated array address via
the asynchronous firing pixels. In detail, each pixel registers a polarity output (+/-)
depending on the brightness changes, where an increase in brightness is recorded as a
positive (+) change; a decrease is registered as a negative (-) change; when there are
no changes presented, the pixel remains inactivated for recording, meaning no events
are transmitted and output by the sensor. With the address-event, which encodes
the (x, y) address of pixel in the array, polarity (p) and timestamps (t) of events,
NVS outputs an event data stream can be considered as a sequence of (x, y, p, t).
This unique event-driven perception enables superior data efficiency, spatiotemporal
resolution (in the scale of µs) and dynamic range (>120 dB versus 60 dB) with low
power consumption compared to conventional FBS (Gallego et al., 2020; Lichtsteiner
et al., 2008; Mueggler et al., 2017) The specification of the NVS compared to the
FBSs adopted in cell imaging, sorting and monitoring were illustrated in Table 1.1.
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Table 1.1 – Comparison of EVK4 to frame-based cameras utilised for cell imaging,
sorting and monitoring. An equivalent frame rate of EVK4 was reported for com-
parative reference.

NVS Traditional FBSs

Current
work

Nawaz et al.
(2023, 2020)

Lee et al.
(2021)

Isozaki et al.
(2020b)

Takatsuka
et al. (2024)

Vision Sensor EVK4
(IMX636)

EoSens CL
(MC1362)

DMK
37AUX287

Phantom
v2640

FASTCAM
Nova S6

Resolution (pixels) 1280 × 720 1280 × 1024 720 × 540 1024 × 976 1024 × 768
Frame Rate (fps) > 10, 000 500 539 9, 440 9000
Pixel Size (µm) 4.86 14 6.9 13.5 20
Dynamic Range (dB) > 120 60 60 64.1 72.2
Power usage (W) 0.5 ∼ 1.5 7 1.7 280 138
Output events frames frames frames frames

1.2.2 Neuromorphic imaging cytometry

Considering the everlasting trade-off challenges in IFC, NVS can be a suitable alter-
native to resolve them or enhance the existing capabilities with the advantages as
follows: (1) NVS has a high temporal resolution equivalent to over 10,000 Frames Per
Second (fps), which is suitable for detecting objects in high velocity, avoiding motion-
induced artefact and degradation. (2) the High Dynamic Range (HDR) (> 120 dB)
can detect fluorescence signals effectively. Fluorescence probes are crucial for charac-
terising a living cell’s proteins, enzymes and biomolecules. Many of these molecules
exist in trace amounts or fluctuate, leading to absence or poor visualisation (Hirano
et al., 2022; Izumi et al., 2009; Li et al., 2023; Nagai et al., 2004; Vinegoni et al.,
2018, 2016). Although increasing the excitation power is the most robust strategy to
elevate fluorescent photons, extensive research has demonstrated that overexposure
to light sources can cause phototoxicity, photobleaching and tissue heating on cells
(Hoebe et al., 2007; Icha et al., 2017; Laissue et al., 2017; Li et al., 2023; Podgorski
and Ranganathan, 2016; Skylaki et al., 2016). Thus, a detection system with HDR is
critical to maintain a sustainable enriched and in-depth analysis of cells and targeted
molecules. Our work, Zhang et al. (2024a) has proved the superior fluorescence sen-
sitivity of NVS compared to a traditional CMOS camera when observing Fluorescein
Isothiocyanate (FITC) particles with low photon budget. (3) owing to sparse activa-
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tion in event-based perception, NVS can report an efficient pixel collection that only
focuses on cell phenotype instead of shuttering all pixels in a sensor for full-frame
readout at a fixed time interval. Characterising cells with frame-based architecture
can accumulate enormous pixel data registered with blank and redundant background
information irrelevant to cell events. Such data structures can generate a significant
data volume and are cumbersome for real-time processing. (4) portability, NVS can
be portable to achieve high performance. Our experiment equipped an EVK4 camera
with the dimensions of 30 × 30 × 36 mm3 (W × H × D). This can enable ease of use
and simplicity of integration. (5) cost, for FBS to achieve a frame rate over 10,000
fps, a professionally graded high-speed camera system is required, which can be an
overbearing cost for research and start-up projects. A cost and respective frame rate
comparison of EVK4 to other FBSs were illustrated in Fig. 1.1. The schematic of the
proposed NIC platform is illustrated in Fig. 1.2.

Our publication, Zhang et al. (2022) introduced the first novelty and conceptu-
alisation of NIC by integrating an NVS with a microfluidic platform to observe
Polystyrene (PS)-based microparticles. This experiment simulated the fluidics and
sample conditions in IFC, demonstrating that NVS can deliver a desired resolution
when registering microscale targets at a relatively high speed. Recently, numer-
ous endeavours have been implemented to develop NIC with varied modalities and
ML approaches. The research conducted by Abreu et al. (2023) utilised neuromor-
phic hardware and SNN for rapid and energy-efficient computation to solve a binary
particle classification task for 16 µm and 20 µ Polymethyl Methacrylate (PMMA)
microspheres. The proposed network achieved 98.5% accuracy with the event-based
pipeline and 97.5% on frame data. The following work of Gouda et al. (2024b) utilised
a surrogate gradient method instead of the previous logistic regression, accomplishing
a 99% accuracy for particles with diameters of 9, 12, 16 and 20 µm. Recent investiga-
tion by Gouda et al. (2024a) on fungal cells and PMMA microparticle classification
with unsupervised and supervised Learning using K-means, Principal Component
Analysis (PCA), and Logistic Regression, accomplishing a 100% accuracy with PCA
method without relying on training annotations. Furthermore, the research conducted



1.2 Towards next-generation AI-assisted imaging cytometry 8

102 103 104 105

Camera cost (AUD)

10
2

10
3

10
4

10
5

Fr
am

e 
ra

te
 (f

ps
)

[6] Phantom v2640

[8] Phantom Micro M310

[4] Mako U-130B
[7] PCO edge 5.5

[1] EoSens CL, MC1362

EVK4

Figure 1.1 – The imaging cameras applied to different image-based cell sorting systems
and their relevant framerate at full resolution. The camera cost is in Australian
Dollars (AUD). The cameras used in the systems are shown on the graph: Mako U-
130B, Allied Vision Technologies, Germany (Sesen and Whyte, 2020); PCO edge
5.5, PCO Imaging, Germany (Isozaki et al., 2020a); EVK4, Prophesee, France;
EoSens CL, MC1362, Mikrotron, Germany (Nawaz et al., 2020); Phantom Miro
M310 (Sciambi and Abate, 2015), Phantom v2640, Vision Research, USA (Isozaki
et al., 2020a).

by Tsirigotis et al. (2023) combined NVS with a convolutional photonic accelerator
based on an optical spectrum slicing for PMMA particle classification, resulting in a
record of 2,988 images per particle. The following investigation, Tsilikas et al. (2023)
employed lightweight ML schemes, reporting a 97.6% accuracy at a speed of 0.8 m/s.
The recent work conducted by Tsilikas et al. (2024) developed NIC integrated with
lightweight photonic neuromorphic processing to accomplish high classification accu-
racy for PMMA particles of 12 µm, 16 µm and 20 µm with a massive reduction in
trainable parameters of the network. The proposed architecture reported a classifica-
tion accuracy of 98.2% and 98.6% for the optimal Feedforward Neural Network (FNN)
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Figure 1.2 – The proposed schematic of NIC platform. Cells will be introduced to the
channel via a syringe or a fluidic canal. Once the field of view of NVS detects the
cells, a decision will be resulted based on the particles. If positive, a signal will be
sent to activate the sorter, providing actuation to the cell pathway and deviating
it into the collection outlet. If negative, the sorter will remain silent, and the cell
will stay in the same pathway for the waste outlet.

and Recurrent Neural Network (RNN) configurations. Another prominent study pub-
lished recently by (He et al., 2024) developed a neuromorphic-enabled cell sorter to
perform binary classification of normal RBCs and spherocytes, achieving an average
error of 0.99

To expand the research on NIC, in Zhang et al. (2023), we implemented the functions
of object counting and size estimation in NIC and compared the performance to a
conventional FC, CytoFlex as the baseline. We achieved comparable results for 8 µ

m and 15 µ m particles and THP-1 cells (a human monocytic leukaemia cell line),
demonstrating that NIC can achieve the desired accuracy and functionality of an FC
with the cell resolution provided by the latter. This work also concludes one of the
key innovations and advantages of NVS for providing superior fluorescence sensitivity
by showing a prominent display of FITC-marked microparticles at low excitation,
where conventional CMOS can not deliver any visual feedback at the excitation level.
Our continuous work on cell detection using a convolutional SNN achieved an av-
erage class accuracy of 97.4% for 3 µm, 8 µm, 15 µm particles, THP-1 and LL/2
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cells (a lewis lung carcinoma cell line). This result indicates that a ML approach can
be adapted to automate the gating and analysis process for data-rich cell research.
Last and most importantly, most of this domain is currently limited to experimenting
with artificial spherical particles instead of biological cells or with very limited vari-
ation in cell types. This paradigm should incorporate biological cells, which contain
a much more advanced, intricate and meaningful biological structure to explore. In
our latest work on NIC with human blood, (Zhang et al., 2024b), we have curated
and classified human blood cells and other microscale targets, including RBCs, neu-
trophils, lymphocytes, platelets, HUVECs and PS particles. The proposed hybrid
model CBAM-SNN accomplished a promising performance of 97% accuracy and F1
score with significantly reduced computation requirements. This work concluded that
neuromorphic vision can visualise the convoluted structure, morphology and subtle
differences between cells.

1.3 Discussion

Traditional FBSs are susceptible to degraded resolution when encountering high-speed
objects, as these objects may pass through the field of view between frames or lack
sufficient exposure time for proper sensor registration. A compromised throughput is
inevitable for a desired resolution and has rendered the major roadblock for developing
IFC. In addition, the generated image data can be cumbersome to process and
commonly rely on manual operation by professionals for proper gating. This approach
is also limited to the bivariate interpretation, which can fail to detect convoluted high-
dimensional patterns.

This research introduced a novel method for handling high-speed objects with a min-
imum cost and resource. Before our first work Zhang et al. (2022), there was no
preceding research on NIC. In this dissertation, each chapter covers a major mile-
stone in NIC development, including the initial proof of concept, implementation of
core cytometric functions, object detection with biological cells, and advanced ML
analysis using a lightweight model on complex cell samples. Considering the contin-
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uous advancement of NIC, NVS and ML architecture, this paradigm can become a
fundamental backbone for next-generation, Artificial Intelligence (AI)-enabled IFC.

1.4 List of publications

The publications listed below form the foundation of the main chapters of this thesis
and are discussed in detail throughout the document.
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phic Computing and Engineering, 3(4), 044005. https://doi.org/10.1088/
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Chapter 2

Our Early Demonstration of
Neuromorphic Imaging Cytometry
with Microscale Particle

This chapter proposes the first novelty and early demonstration of NIC. The pre-
liminary discussion on adopting NVS over FBS for IFC and sorting application were
highlighted. The experimental results of microparticle visualisation under NVS, vi-
sual quality via AT feedback, and application for optic flow were presented to support
the hypothesis.

• Zhang, Z., Ma, M. S., Eshraghian, J. K., Vigolo, D., Yong, K.-T., & Kavehei, O.
(2022). “Work in progress: Neuromorphic cytometry, high-throughput event-
based flow imaging.” In 8th IEEE International Conference on Event-Based
Control, Communication, and Signal Processing (EBCCSP) (pp. 1–5). https:

//doi.org/10.1109/EBCCSP56922.2022.9845595.
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Cell screening and sorting technologies have been broadly adopted for medical diag-
nosis, cell-based therapy, and biological research. Microscopy operates with image
capture that is subject to a highly constrained field-of-view, and even slow-moving
targets may undergo motion blur, ghosting, and other movement-induced artefacts,
which will ultimately degrade performance in developing machine learning models
to perform cell sorting, detection, and tracking. FBSs are especially susceptible to
these issues, and overcoming them with modern but conventional CMOS and CCD
sensing technologies is highly costly. In this chapter, we provided our preliminary as-
sessments and ideas on the merits of NVS over FBS for cytometry applications. We
propose that implementing a neuromorphic sensory system or developing a new class
of neuromorphic cameras customised for this purpose with our strategy will unbind
the applications from the constraints of frame rate and provide a cost-efficient, re-
producible, and high-throughput imaging mechanism. To demonstrate the feasibility
of this early idea, we observed PS particles under neuromorphic vision at the begin-
ning of this research, examining whether NVS can have the desired visual feedback
in describing micro-scale objects with simplicity in shape. The experiment results on
different durations of AT were presented, as AT plays a crucial parameter in collecting
events to formulate visual representation and can also indicate the dynamics of the
objects. The following chapters incorporate increasingly complex biological samples
and analytical measures to consolidate the research approach and its functionality.

2.1 Introduction

Cell screening and sorting are indispensable in modern biological, medical, and biotech-
nological research fields (Nawaz et al., 2020; Shields Iv et al., 2015). Numerous de-
vices are being developed to optimise emerging research needs. For example, IFC and
Image-based Cell Sorting (ICS) are powerful strategies for studying cell morphology
and behaviour, providing deeper insights into single-cell physiology (LaBelle et al.,
2021). However, these applications face significant challenges inherent to frame-based
sensory systems. Frame-based sensing in microscopy is limited to a narrow field of
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view. In flow imaging, this constraint causes even the slowest-moving cells to remain
within the scene for a very short duration. This limitation worsens with increased
magnification, leading to motion-induced artefacts like motion blur, which result in
miscounting or misidentifying high-velocity targets and severely limiting processing
bandwidth (Sesen and Whyte, 2020).

We are developing a neuromorphic-based image analysis system and screening instru-
ment for cell screening and sorting platforms to address these challenges. An event
camera, also known as NVS visualises dynamic events by detecting brightness changes
in each pixel (Mueggler et al., 2017). Unlike frame-based systems with synchronous
pixel readouts, NVS operate asynchronously, with pixels activated only in response
to motion. This asynchronous operation eliminates motion blur and enables ultra-
high-speed imaging. Our proposed NIC leverages the high bandwidth of low-cost
event-based sensing to identify cell morphologies and classify them. The system inte-
grates a microfluidic device to create dynamic contrast between target samples and
the background, enabling high-throughput cell processing at increased magnifications
without frame-rate constraints.

We have developed and open-sourced a neuromorphic training algorithm for cell iden-
tification. Specifically, we employ a spiking convolutional Long Short-Term Mem-
ory (LSTM) network capable of capturing 3D data streams. This network can classify
cells in motion based on their external morphologies. During the initial development
phase, the platform was tested with PS-based microparticles of varying sizes, con-
firming the sensor’s ability to distinguish objects of different dimensions. Future
efforts will focus on classifying live human blood cells and evaluating the system’s
performance in sorting them. Although our device is still developing, it has sig-
nificant potential as a cost-efficient, reproducible, and high-throughput image-based
cell screening and sorting system. The system aims to accurately distinguish cell
morphologies and classify them into their respective categories, paving the way for
advances in biological and medical research.
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2.2 Related works

In recent years, ICS has shown great potential in regenerative medicine and cancer
immunotherapies (LaBelle et al., 2021). An ICS platform conventionally pairs image
acquisition with a computational analysis tool for cell sorting. The high density of cell
count leads to throughput challenges in both sensing and processing (Isozaki et al.,
2020b).

The study conducted by Isozaki et al. (2020b) demonstrates using a sequentially
addressable dielectrophoretic array to attain high-throughput cell sorting for large-
volume droplets. They successfully achieved up to 20 times higher sorting efficiency
than conventional approaches. The cells can also be sorted within a large droplet (100
pl). Their proposed method provides a more stable, viable, and nutritional environ-
ment for the sample cells. This technology deployed a high-speed camera (Phantom
v2640, Vision Research, USA) to track the sorting trajectory and provide visual
feedback on the platform. Although the device yielded the desired outcome, using
high-power, professional-grade, state-of-the-art camera sensing can be an overbearing
cost for research and start-up projects.

Other applications, such as the dual-imaging cell sorting system developed by Sesen
and Whyte (2020), have created a label-free, ease-of-use platform that yields high-
purity output. Their findings highlighted the inherent limitation of throughput, which
can be partially resolved by replacing the input camera with a more advanced detect-
ing strategy. Deploying a neuromorphic sensory system can substantially mitigate
the issue of motion blur and miscounting of cells.

Despite the increasing traction in developing image-enabled cell screening and sorting
platforms, high-speed neuromorphic sensing, though naturally suited for cytometry,
has not yet been harnessed. The following sections describe our work-in-progress
high-throughput neuromorphic system for cell counting and sorting.
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Figure 2.1 – Illustrative schematic of our neuromorphic flow imaging cytometry, in-
spired by (Sesen and Whyte, 2020). The droplet image was captured using the
event-based camera and passed into a preliminary model for decision-making and
output activation of the DEP electrodes. FPGA is a field programmable gate array
for ultra-high-speed and reconfigurable real-time data analysis.

2.3 Methodology

2.3.1 Sample preparation

The initial testing of our neuromorphic-based detection system was conducted using
PS microparticles to demonstrate the working principle. 10 wt% concentrated 3 µm,
8 µm, and 15 µm microparticle solutions were purchased (Sigma-Aldrich, USA) to
resemble the size of human blood cells (e.g., platelet, erythrocyte, leukocyte) and
abnormal cells (e.g., cancer cells). The particle solutions were diluted 1:100 with
deionised water and vortexed. This procedure ensures the particles’ concentration or
spacing is evenly dispersed, avoiding possible aggregation. The particles were then
delivered to a microfluidic chip to extract and classify their external features via a
neuromorphic camera.
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2.3.2 Towards microfluidic imaging sorting platform

A 100 µm thick, 1 mm wide and 40 mm long microfluidic chip was fabricated using
a standard photolithography protocol. The chip contains one inlet channel and one
output channel for essential observation study, evaluating the feasibility and imaging
performance of the neuromorphic device in capturing microscale targets. The mi-
croparticle solution was allocated into the inlet and actuated forward to the delivery
channel by applying additional pressure via a syringe pump. In the early stage of
development, we adopted a neuromorphic camera, Evaluation Kit 3 (EVK3) (Proph-
esee, France), which was attached to the microscope to monitor the dynamics of the
section of interest in the delivery channel. As the particles passed through the nar-
row field of view, the size and morphology of the sample particles were collected and
uploaded for post-processing.

In future development, the proposed platform will include a microfluidic chip with
three inlet channels and two output channels for conducting droplet generation and
sample collection functionalities. DEP electrodes will be placed on the upper side of
the main delivery channel to induce force on target droplets, which can displace the
direction of travel based on the sorting decision. Once the decision has been made,
the target droplets receive a positive force from the electrodes, which gradually pulls
the droplets into the track of the collectable output channel. Non-targeted droplets
do not receive intervention and enter the waste output outlet by default geometrical
design.

2.3.3 Microparticle experiment

The experiment investigated microparticles in 3 µm, 8 µm, and 15 µm. This procedure
aims to verify the capacity of asynchronously activated pixels in tracking microscale
objects, estimating the possible performance for actual cells. 1 mL of the diluted
microparticle solution was loaded into a 1 mL syringe and placed on a syringe pump.
The flow rate was set at 10 µL/min for uniformly distributing the particles. Once the
delivery was initiated, the neuromorphic camera recorded all dynamics in the field
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of interest. In addition, the baseline was constructed by extracting the raw imaging
from standard-used inverted microscopy for comparison study.

2.3.4 Model development

Using an object classification algorithm, the proof-of-concept model aims to distin-
guish particles of different sizes. A typical neural network is conventionally trained
to extract morphological features of the cells (e.g., shape and colour) (Sciambi and
Abate, 2015). High-speed event cameras can capture second-order effects that arise
from these morphological markers of cells, such as the dynamics of the air trails within
the fluid walls. While microfluidic analysis typically requires the elimination of air-
induced artefacts, such as by detaching air bubbles from the path, it is expected that
our use case can benefit from these additional features by accounting for data that is
not retained in static images, including speed, cytoplasmic viscosity, and density. A
sample of fluidic trails captured by our system is illustrated in Fig. 2.3.

A sequential neural network is required to extract features from long-range temporal
dependencies across the brief instance the cell crosses the frame in Fig. 2.1 and the
subsequent lengthy period the fluid trails are visible. At present, we are testing two
types of sequential neural networks. One is a conventional SNN consisting of leaky
integrate-and-fire neurons modelled by the following dynamics:

τ
dU

dt
= −U + IinR,

where U is the membrane potential of a spiking neuron, Iin is the input current
injection triggered by input events in the first layer, and R is the effective resistance
of the thin film membrane (Buggenthin et al., 2017). An approximate solution can
be derived using the forward Euler method:

Ut+1 = βUt + (1 − β)Iin,t,

where β = e−1/RC is the inverse time constant of U . The full derivation can be found
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in Lapicque (1907). When Ut exceeds a threshold θ, a spike is emitted to downstream
connections. Surrogate gradient descent is used to overcome the non-differentiability
of spikes during error backpropagation (Eshraghian et al., 2023a; Neftci et al., 2019a).

SNNs are modelled as recurrent networks, so their capacity to learn temporal depen-
dencies is limited (e.g., on the order of 10s of sequential steps). The second type
of SNN that we use to address this issue is a spiking convolutional LSTM network
(Eshraghian and Lu, 2022; Schmidhuber et al., 1997). The convolutional operator
accounts for spatial feature extraction, the LSTM cell learns temporal relations in
the data, and a hard threshold is applied to the hidden state, treated as the mem-
brane potential U , to elicit spike-based dynamics. The spike-based operation reduces
computational overhead by constraining layer-to-layer communication to a single bit.
We apply a straight-through estimator to account for spiking non-differentiability in
this network.

While several spiking variants of long short-term memory have been proposed, our
approach to spiking LSTMs has been open-sourced and integrated with the deep
learning framework, snnTorch, available at the following URL: https://github.

com/jeshraghian/snntorch.

2.4 Preliminary results and discussion

While this work remains in progress, a concept simulation utilising heterogeneous mi-
croparticles has been concluded, estimating the possible imaging performance when
observing actual cells, thus suggesting that cell morphologies can perceptibly be dis-
tinguished when streamed as events. In the interim, we present some estimated merits
of our platform and fundamental results.

The primary benefit of using an event-based input system is the high-speed, low-
cost mode of data capture achieved by decoupling from the need for frame-based
streaming. As flow velocity can be 3 m/s for fast cell sorting (30 kHz) (Sciambi and
Abate, 2015), the target sample can pass through the region of interest without being

https://github.com/jeshraghian/snntorch
https://github.com/jeshraghian/snntorch


2.4 Preliminary results and discussion 23

Figure 2.2 – Real-time display of the events in the form of (x, y, p, t), where x and
y are the horizontal and vertical positions of the event on the frame, t is the time,
and p is the polarity (blue represents moving forward while black represents moving
backwards). The trails of the objects can be seen clearly on the graph, which is
moving concerning time. Noise removal has not been applied to show the raw data
capture.

recorded by the next frame. This can lead to major miscounting, ghost detection, and
is a general technical limitation to throughput (Sesen and Whyte, 2020). As shown
in Fig. 1.1, overcoming this issue using conventional frame-based systems can cost
around $100,000 AUD for professionally graded high-speed camera systems.

Thus, our platform aims to provide a more cost-friendly and practical approach that
lowers the barrier to experimenting with neuromorphic cytometry and microscopy
for academic and resource-limited laboratories. However, as our device is still in
the preliminary phase, a few aspects need to be considered, including the difficul-
ties of identifying similar cell morphologies, the non-contact limit of accessing cell
contents, and developing a sorting algorithm that can match the throughput of the
high-speed sensing system. In future development, human cells and other cell lines
will be investigated to quantify how much these limitations affect the platform’s over-
all performance.

As shown in Fig. 2.2, the motion of the particles can be seen over time, demonstrating
the platform’s feasibility in tracking the object’s trajectory. Upon completion of the
dataset curation phase, the events captured by the camera will be processed by our
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Figure 2.3 – Real-time imaging of the microparticles in the sizes of 3 µm, 8 µm, and 15
µm were taken by a conventional inverted microscope and a neuromorphic camera.
The comparative imaging were taken at different time intervals. (A) 3 µm mi-
croparticle image captured by a conventional microscope. The red-marked section
presented a 1.5× magnified visualisation of the microparticles. (B) 3 µm micropar-
ticle captured by a neuromorphic camera. (C) 8 µm microparticle captured by
a conventional microscope. (D) 8 µm microparticle captured by a neuromorphic
camera. (E) 15 µm microparticle image captured by a conventional microscope.
(F) 15 µm microparticle captured by a neuromorphic camera.

SNN classification algorithm, which can distinguish various cell morphologies and
realise effective cell sorting.

In a later stage, a microscope with a higher magnification objective will be inte-
grated into the system so that the camera can be used to directly capture the cell
morphologies and motions, which will form the basis of this proposed work. With
the completion of the preliminary experiments, the proposed project will continue
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Figure 2.4 – Neuromorphic imaging of the targeted microparticles were recorded at
1 ms and 10 ms AT. (A) 3 µm microparticles motion recorded at 1 ms AT. The
red-marked section presented a 1.5× magnified visualisation of the microparticles.
(B) 3 µm microparticles motion recorded at 10 ms AT. (C) 8 µm microparticles
motion recorded at 1 ms. (D) 8 µm microparticles motion recorded at 10 ms. (E)
15 µm microparticles motion recorded at 1 ms. (F) 15 µm microparticles motion
recorded at 10 ms.

dataset curation and move on to the primary experimental stage, which focuses on
implementing the sorting system and algorithm development, training, and testing.

The device’s imaging performance was evaluated and contrasted with conventional
inverted microscopic imaging in Fig. 2.3. The contour of the microparticles in each
size can be clearly defined via an event-based camera, providing a solid training re-
source for sample classification and decision-making. Another significant intrinsic
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advantage of the neuromorphic camera is that any static component of the image,
such as the microparticles adherent to the channel’s internal structure, was automat-
ically neglected during the recording due to the peculiar way event cameras work.
Background subtraction is often required to improve the detection and cell recogni-
tion capabilities. In our proposed approach, only a change in contrast is detected
due to the motion of particles. Thus, static spurious contributions are automatically
neglected, representing an advantage for future neuromorphic cytometry implemen-
tation. With further development in denoising, this technology has the potential to
reconstruct data that is information-rich without typical vision-sensing limitations.

The neuromorphic imaging of the targeted microparticles was recorded at 1 ms and
10 ms AT in Fig. 2.4. The distinct morphology and sizes were revealed during the
delivery, proving that our technology can identify moving objects at the equivalent
frame rate of 1, 000 fps and 100 fps. Moreover, the proposed event-driven visual
system has not been optimised yet for speed. Additional development on the subject
will contribute to an equivalent frame rate of over 10, 000 fps. The confirmed outcomes
and imaging of the microparticles attested to the feasibility of our device and the
conceptual potentiality of developing an industrial or laboratory-used cell sorting
strategy.

The optical flow method can visualise the apparent motion involved in moving objects,
and it has broad utilisation in object tracking, movement detection, and robotic navi-
gation (Benosman et al., 2012). It is also capable of evaluating the post-administration
performance of a variety of medical imaging and treatment devices for intracranial
aneurysms, thrombus, and other complexities (Morais et al., 2022; Pereira et al.,
2013). As shown in Fig. 2.5, the visual pattern of the dynamic motion of the mi-
croparticles is vectored, indicating that our event-driven visualisation system can be
adopted for a real-time optical flow analysis of microscale targets and its relevant
clinical usage.



2.4 Preliminary results and discussion 27

Figure 2.5 – Optical flow estimation of the flowing microparticles, denoised by the
Spatiotemporal Contrast Filter. The comparative imaging was taken at different
time intervals. (A) 3 µm microparticles at the flow rate of 10 µL/min. (B) 3 µm
microparticles at the flow rate of 10 µL/min with motion marked using the optical
flow method.

2.4.1 Conclusion

While other cytometry functions and analyses are put forward in this ongoing in-
strumentation work, we understand that high cell content screening requires speed
to capture and deal with significant numbers of cell morphology analyses to be sta-
tistically relevant (Buchser et al., 2014; Cossarizza et al., 2019; Rane et al., 2017;
Stirling et al., 2021). Low-cost cameras often cannot provide high frame rate imag-
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ing, but larger image sensors address this to provide larger fields. Neuromorphic
kinetic imaging can combine ultra-fast videography with high-throughput analytics
to, in real-time, understand and measure the early morphological and kinetic effects
of therapeutic candidates in a significant content of cells (Buchser et al., 2014).



Chapter 3

Implementation of Cell Counting
and Size Estimation with
Demonstration of Superior
Fluorescence Sensitivity

In this chapter, we implemented the functions of cell counting and size estimation
similar to what a conventional FC can provide. The platform demonstrated a compet-
itive performance compared to a commercialised FC. This chapter also curated the
crucial proofs for the advanced fluorescence sensitivity of the proposed architecture.
The content presented in this chapter is published as:

• Zhang, Z., Xu, Z., McGuire, H. M., Essam, C., Nicholson, A., Hamilton, T. J.,
Li, J., Eshraghian, J. K., Yong, K.-T., Vigolo, D., et al. (2023). “Neuromorphic
cytometry: Implementation on cell counting and size estimation.” Neuromor-
phic Computing and Engineering, 3(4), 044005. https://doi.org/10.1088/

2634-4386/ad06c9.

https://doi.org/10.1088/2634-4386/ad06c9
https://doi.org/10.1088/2634-4386/ad06c9
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IFC is a powerful analytic tool that combines the principles of conventional FC with
rich spatial information, allowing more profound insights into single-cell analysis.
However, offering such high-resolution, full-frame feedback can restrain processing
speed and has become a significant trade-off during development. Notably, the DR
of traditional FBS can fail to capture subtle fluorescence emissions or fluorescent
targets travelling at high velocity. Fluorescence probes are essential for characterising
proteins, enzymes, and biomolecules in a living cell; however, their detection can be
challenging as many of these molecules exist in trace amounts. Neuromorphic photo-
sensing focuses on the events of interest via individual-firing pixels to reduce data
redundancy and latency. With its inherent HDR (>120 dB), this architecture has
the potential to drastically elevate the performance in throughput and sensitivity
to fluorescent targets. In this chapter, we presented an early demonstration of NIC,
evaluating the feasibility of implementing cytometric-like functions for object counting
and size estimation to measure 8 µm, 15 µm microparticles and THP-1 cells. Our
work has achieved highly consistent outputs with a widely adopted FC, CytoFLEX,
in detecting microparticles. Moreover, the capacity of a NVS in registering fluorescent
signals was evaluated by recording 6 µm FITC-marked particles in different excitation
conditions, revealing superior performance compared to a standard CMOS.

3.1 Introduction

Conventional FC is a vastly adopted high-throughput technology that is capable of
measuring multiparametric features of cells in a population, including cell count,
relative size, granularity, and can be combined with fluorescence detection for addi-
tional phenotypical characterisations (Drescher et al., 2021; Li et al., 2021). It can
analyse over 10,000 events per second to generate instant feedback on samples (Rees
et al., 2022). However, such a high-speed approach is limited to lower-dimensional
feedback and lacks subcellular resolution (Schraivogel et al., 2022). Thus, numerous
applications have been developed to optimise various emerging research needs.

IFC is one of the remarkable strategies that combines features of high efficiency in FC
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with detailed spatial information and fluorescence intensity (Barteneva et al., 2012;
Rees et al., 2022). It can comprehensively visualise cell area with more intricate met-
rics, including cell morphology, texture, correlation and marker localisation in high-
resolution feedback (McKinnon, 2018). As with every invention, the FBS adopted
in IFC can suffer from inherent constraints that hinder its performance in delivering
high throughput results while maintaining rich spatial information. Considering the
limited field of view provided by microscopy or the interrogation point in IFC, cells in
the flow can only remain within the bounds of the scene for an extremely brief period.
Frame-based capturing techniques can be vulnerable to consecutive fast-moving tar-
gets, especially in equipment with high frame intervals. High-speed objects between
two frames can lead to motion blur, ghost detection and other motion-induced arti-
facts (Sesen and Whyte, 2020).

Immunofluorescence is an essential analytic technique that utilises fluorophore-coupled
antibodies to identify the localisation of various cellular components within cells,
tissues and 3D culture-derived cellular spherical structures (Joshi and Yu, 2017).
Combining with IFC, this strategy is particularly useful for revealing cell signalling,
co-localisation, cell-to-cell interaction and DNA integrity in large-scale populations
(McKinnon, 2018). Many target components such as proteins, enzymes and biomolecules
exist in trace amounts or fluctuate, rendering poor visualisation or absence of infor-
mation during detection(Hirano et al., 2022; Izumi et al., 2009; Li et al., 2023; Nagai
et al., 2004; Vinegoni et al., 2018, 2016). The DR of current photosensors can have dif-
ficulties perceiving limited fluorescence signals, and overexcitation from light sources
can lead to phototoxicity, photobleaching and tissue heating on cells (Li et al., 2023).
These further exacerbate the trade-off relationship between speed, sensitivity and
spatial resolution (Huang et al., 2022). Increasing the throughput of IFC without
jeopardising other parameters remains one of the outstanding obstacles in the field
of IFC (LaBelle et al., 2021). These inspired us to develop a data- and cost-efficient
fluorescence-sensitive high-throughput cytometry to challenge these conundrums.

Neuromorphic vision can detect objects in motion by individually adapting brightness
changes in each pixel, and when there is no motion included in the field, pixels will
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remain inactivated (Mueggler et al., 2017). This is compared to a frame-based pixel
array synchronously timed to a global shutter. The unique mechanism in neuromor-
phic allows real-time processing with low latency, leading to great application in object
tracking, recognition and motion analysis (Yang et al., 2022). As the maximum detec-
tion range of fluorescence signal is highly dependent on the DR of the applied sensor
(Vinegoni et al., 2018), the HDR (>120 dB) provided by an event-based photodetec-
tor can be an ideal candidate for visualising fluorescence-tagged objects, especially
in low lighting or dark scenarios. To evaluate the possibility of integrating neuro-
morphic vision as a substitution for frame-based sensors in IFC and its feasibility of
visualising microscale targets, the experiments were carried out with different sizes of
PS microparticles and THP-1 cells flowed within a microfluidic channel to create the
essential dynamic contrast between targeted objects and the background for neuro-
morphic imaging. Herein, we are delivering an early demonstration of neuromorphic
cytometry to perform object counting and size estimation on microscale particles and
THP-1 cells, presenting the first instance of neuromorphic-enabled cell measurements
and building upon our previous endeavour on introducing neuromorphic architecture
as an alternative to overcome the conventional frame-related challenges in IFC.

3.2 Relevant Works

IFC can offer rich spatial information regarding cell interpretation; however, as with
many imaging systems, It is also bound to the triangle of imaging constraints – speed,
sensitivity and resolution. Increasing one of the parameters can lead to degradation
in others (Rees et al., 2022). In contrast, event-based cameras are more robust in han-
dling low-lighting conditions and highly dynamic scenes owning to their asynchronous
firing pixels, and the high-resolution event data can support over ≥ 3 µs frame-rate
(Pan et al., 2020). The study conducted by Howell et al. (2020) evaluated the perfor-
mance of a dynamic vision sensor in detecting fluorescent objects flowing in a spiral
microfluidic device and proved the visualisation. Adopting an event-focused vision
and architecture can significantly reduce the data redundancy and possibly elevate
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the performance in throughput and sensitivity without or with a minor reduction in
resolution. He et al. (2022) utilised the neuromorphic-enabled imaging classification,
accomplished a mean average precision of 98.52% at a speed of over 1000 fps and
performed 3D reconstruction of the measured subjects via intensity and contour ex-
traction. Moreover, the recent work conducted by Abreu et al. (2023) utilising an
event-based camera to conduct binary particle classification with a SNN and achieved
98.45% testing accuracy, which further consolidates the feasibility of implementing
neuromorphic architecture in the field of cytometry. To the best of our knowledge,
our previous work, Zhang et al. (2022), is one of the first feasibility demonstrations of
conceptualising and building a neuromorphic-enabled IFC, delivering early imaging
of microscale objects under an event-based vision. All these endeavours indicated
the potential of adopting a neuromorphic vision and architecture in providing cell
measurements, exhibiting a high level of accuracy and possible advanced throughput
of neuromorphic cytometry.

3.3 Method

3.3.1 Sample preparation

PS-based microparticles were prepared in the initial testing to evaluate the perfor-
mance of neuromorphic vision in capturing microscale targets. 10 wt.% concentrated
8 µm and 15 µm microparticle solutions were acquired (Sigma-Aldrich, USA) to emu-
late the relative size of human blood cells (erythrocyte, leukocyte) and abnormal cells
(e.g., cancer cells). 8 µm particle solution was diluted in 1:250 with deionised water
to maintain a sufficient count and spacing between particles, preventing statistical
inadequacy in sample size and possible aggregation. As the concentration of the par-
ticles was distributed by weight, 15µm particle solution was diluted in 1:38 to obtain
a similar number with diluted 8 µm particles. Once the dilutions were completed,
the sample particles were introduced into respective microfluidic channels to acquire
neuromorphic feedback on counting and size estimation. To establish a baseline com-
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parison, the same concentrations of the particles were prepared and analysed by a
FC (CytoFLEX, Beckman Coulter) to obtain the measurement of counts and sizes to
ensure the validity of the results.

Human monocytic cell line, THP-1 cells were collected from Barry Slobedman lab-
oratory in the Charles Perkins Centre at The University of Sydney. The cells were
maintained in a 37 °C and 5% CO2 incubator and harvested in this experiment to ex-
amine the compatibility of neuromorphic vision with real sample cells and determine
whether the complexity in cells can degrade or impact the visualisation and detec-
tion algorithm. The targeted cell line was prepared at the concentration of 1 × 106

cells/mL. The cell solution was first centrifuged at a speed of 400 g for 5 minutes for
sample separation. Then, the cell pellet was collected cells and re-suspended with a
FC buffer made of 0.02% sodium azide, 0.5% Bovine Serum Albumin (BSA) and 2 mM
Ethylenediaminetetraacetic Acid (EDTA) in Phosphate-Buffered Saline (PBS). The
sample solution was vortexed and equally distributed into aliquots for neuromorphic
analysis and CytoFLEX baseline comparison.

3.3.2 Microfluidic imaging platform

A 60 µm-height and 100 µm-width microfluidic chip was fabricated utilising a stan-
dard photolithography protocol (Zaouk et al., 2006). The chip contains one inlet and
outlet channel to create an essential delivery and visualisation pathway for the target
samples. In addition, the channel employed a height of 60 µm to focus the particles
into a relatively limited plane to avoid a broad depth range and excessive calibration
caused by it. In this platform, an event-based camera, EVK4 (Prophesee, France),
was integrated into a microscope (IX73 Inverted Microscope, Olympus, Japan) for
proper magnification (10×) of the microscale objects and monitoring the dynamics
of the field of view at the centre of delivering channel.



3.4 Results 37

Figure 3.1 – A) Proposed schema of neuromorphic cytometry. The target samples were intro-
duced into the microfluidic channel in a flow. Features of the samples were captured by a
NVS, sending the inputs into the processing unit for classification and sorting purposes.
After decision-making, the target object was directed into the collection channel via a DEP
sorter. (B) The current setup of the platform with an event-based camera integrated into
a microscope for recording and capturing the sample flow.

3.3.3 Microparticle and cell experiments

The microparticles in the size of 8 µm and 15 µm and THP-1 cells were adopted in this
experiment to investigate the capacity of asynchronously activated pixels in tracking
microscale objects. The diluted sample solution was loaded into a 1 mL syringe and
distributed into the channel by actuation of a syringe pump (LEGATO 200 Syringe
Pumps, KD Scientific Inc, USA) at the flow rate of 10 µL/min. As the objects
travelled through the section of interest, the physical characteristics of the targets
were collected and later analysed for object counting and size estimation using the
modified metavision_psm.py provided by Prophesee. The same dilution factor
was applied to the samples and analysed via CytoFLEX to provide outputs on total
counts and estimated sizes for the baseline comparison.

3.4 Results

The proposed schematic of our NIC is illustrated in Fig. 3.1 to demonstrate the work-
ing principle and expected future implementation. As the sample flow is introduced
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Figure 3.2 – Performance of the previously reported fluorescence IFC with their incorporated
DR. The grey shade highlighted the unattained outputs and DR provided by the neuro-
morphic vision and sample imaging of different microscale targets. Cited papers in this
figure are Huang et al. (2022), Zmijan et al. (2015), Holzner et al. (2021), Rane et al.
(2017).

into the channel, the neuromorphic sensor will detect the ongoing subjects once it
enters the view. The captured imaging will be fed to the processing centre for denois-
ing, filtering, object counting, size and morphology estimation, determining whether
the object is of interest and sending a signal to the DEP sorter for sorting decisions.
Once the DEP device receives the outcome, the electrodes gently pull the targeted
object into the pathway to the collection outlet. The unaltered objects will enter the
waste outlet by default geometrical design.

One of the novel attempts that should be continuously explored with neuromorphic
sensors is the ability of HDR to capture high-speed fluorescent objects. Fig. 3.2
illustrates the documented throughput of fluorescence IFC with their respective DR,
and the work published by Vinegoni et al. (2018) highlighted that the maximum
capacity of the fluorescence detected is majorly dependent on the DR provided. Even
though recent efforts have achieved a high throughput with high-resolution imaging
in detecting fluorescence-tagged objects, these works, while remarkable, only adopted
compensation strategies such as time-delay integration and virtual-freezing technique,
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Figure 3.3 – Conventional microscopic imaging and neuromorphic imaging of 8 µm, 15 µm
microparticles and THP-1 cells. (A),(B) Microscopic and neuromorphic images of 8 µm
microparticles. The neuromorphic image on 8 µm microparticles. (C),(D) Microscopic
and neuromorphic images of 15 µm microparticles. (E),(F) Microscopic and neuromorphic
images of THP-1 cells. (M),(N) Nucleus-like objects in MCF-7 cells captured by neuro-
morphic vision under 20× magnification.

the direct correlation and performance of HDR in registering fluorescence signals
remain unknown. To our knowledge, there has not been an IFC that exploited such
a HDR (> 120 dB) compared to the neuromorphic camera, future endeavours on the
subject can be highly informative and promising in developing next-generation IFC.

At the current stage, our platform can visualise and perform measurements on the
basic physical properties of microscale objects. In Fig. 3.3 (A)-(F), the precise contour
and relative size difference in neuromorphic view can be observed and compared to
a phase contrast vision under a conventional microscope (ECLIPSE Ts2-FL, Nikon,
Japan). Both imaging techniques were competent in delivering essential visual feed-
back without losing the key integrity of the subjects. In addition, when conducting
microfluidic delivery with microscale targets, some of the travelling objects will in-
evitably adhere to the internal surface of the channel, rendering multiple imaging ob-
structions and deviating the focus from subjects. In neuromorphic, as the necessary
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Figure 3.4 – Microscopic imaging captured by Alvinum 1800 U-240 m (CMOS), Prime BSI
Express (sCMOS) and EVK4 under varying illumination conditions. The first column on
the left illustrated the images captured under a bright-field. The second column indicated
the images taken in a fluorescence mode with light intensity set on 2 in the blue light
region. The third column illustrated the images taken with light intensity set on 20 in the
blue light region.

movements are required to create the contrast between objects and the background,
objects that remain in a static position will not activate the pixels. This unique ar-
chitecture can mitigate that consequential image effect caused by attached objects,
significantly reducing the labour required for post-imaging processing and focusing
on subjects of interest.

The sensitivity of EVS to fluorescent signals was compared to a standard CMOS,
Alvium 1800 U-240 and sCMOS camera, Prime BSI Express. In Fig 3.4, the vi-
sions of three cameras were revealed. All cameras can deliver visual feedback on
FITC particles with essential features intact in a bright field. As the illumination
was turned into fluorescence mode, the traditional camera lost its ability to detect
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any object in a dark background regardless of the intensity of the excitation light.
On the contrary, the sCMOS sensor and Event Vision Sensor (EVS) can depict the
spatial content with lower and higher excitation (2 and 20). The difference in the
sCMOS camera under weak and higher excitation power is that when the object is
excited by the weak illumination, the image shows more background noise during
detection, and higher illumination can lead to a more well-defined sample imaging
with minimised background noise. With EVS, both lighting conditions can lead to
visualisation without a noticeable increase in noise. Owing to the high quantum ef-
ficiency (∼95%), dynamic range (74.98 dB), and aid of auto-contrast provided by
Micro-Manager software, the sCMOS sensor has focused and distinct visual feedback
in presenting fluorescent targets. However, offering such high sensitivity leads to a
compromised frame rate, which only tolerates 43 fps at full resolution (2048×2048,
16-bit) and a maximum of 1,468 fps with reduced frame resolution (2048×128, 11-bit).
On the other hand, EVS can support over 10,000 fps while maintaining its current
sensitivity to fluorescent targets without any strategy of imaging processing. We be-
lieve that in the context of static imaging, a sCMOS such as Prime BSI Express can
generate outstanding resolution and sensitivity; However, in a highly dynamic scene,
the limited frame rate can be challenging to capture the ongoing subjects and EVS
can be an optimal candidate.

With object counting and size estimation, the number of microscale objects with
their respective sizes can be estimated during the flow. Conventional cytometry scat-
ter plots were provided in Fig. 3.5(A), (D), (G), including the gated population of
8, 15 µm microparticles and THP-1 cells based on their sizes and granularity from
FSC-A and SSC-A. For the 8 µm microparticle solution, in Table 3.1 and Fig. 3.5(B),
the total event count was 3,189 with 95.6% gated for 8 µm microparticles, exhibit-
ing a highly concentrated distribution of FSC-A measurements around 1.1 M arbi-
trary units, where ’M’ denotes millions (i.e., 1.1M = 1,100,000) with CytoFLEX; in
Fig. 3.5(C), the neuromorphic detection was adopted and generated an overall count
of 3,086 with gating tolerance between ±2 µm in respective size, and yields 98.1%
of the population as 8 µm microparticles. For the 15 µm microparticle solution, in
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Table 3.1 – CytoFLEX and neuromorphic output on the total event count of 8 µm,
15 µm microparticles and THP-1 cells in their sample solution.

Sample name Total population
(CytoFLEX)

Target population
(CytoFLEX)

Total population
(Neuromorphic)

Target population
(Neuromorphic)

8 µm microparti-
cles

3,189 3,049 (95.6%) 3,086 3,027 (98.1%)

15 µm microparti-
cles

3,220 2,990 (92.9 %) 3,898 3,848 (98.7%)

THP-1 cells 4,429 1,799 (40.6%) 3,072 N/A

Fig. 3.5(E), the total event count was 3,220 with 92.9% gated for 15 µm particles with
CytoFLEX, presenting a concentrated distribution around 3.4 M in FSC-A measure-
ment; in Fig. 3.5(F), the overall neuromorphic count was 3,898 with 98.7% gated as
15 µm microparticles. Both technologies yield remarkable counting similarities and
purities in measuring pure PS beads in different sizes, constructing a highly alike size
of distribution in describing the sample population. As the sample solutions are pre-
pared with only microbeads, our strategy can compete with conventional cytometry
to provide higher purity and accuracy. For THP-1 cells, in Fig. 3.5(H), a total event
number of 4,429 was estimated by CytoFLEX with 40.6% identified as live THP-1
cells, 26.6% dead cells and 28.8% debris; in Fig. 3.5(I), the neuromorphic count was
3,056 and condition of the cells and division into subsets remain inaccessible owing to
the inability to contrast different level of granularity. Although the majority of the
ongoing objects in varied sizes can be detected, such discrepancy in the total count
can be caused by the significant amount of tiny debris in the cell solution, which
can be easily recognised as noise-like events during the neuromorphic flow. As a re-
sult, our platform achieved high correspondence with commercialised cytometry when
conducting measurements on pure microscale objects; however, in the context of cell
measurements in real practice, the debris, doublets, complexity, viability and cycle of
cells can raise the parameters to be implemented to distinguish various components
in cell culture.

During the early testing stage, MCF-7 cells were observed under the platform for
testing the compatibility of neuromorphic vision with biological samples. In Fig. 3.3
(M),(N), in addition to the morphology acquisition, under phase contrast, the internal
nucleus-like objects were identified with distinct clarity during the view without the
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aid of any staining techniques. Such a phenomenon can be supported by the HDR
provided by neuromorphic vision. However, as this is the first instance of the event,
we cannot conclude an absolute explanation on the matter. Further investigations
and parallel studies on various cell lines are required to verify the specific mechanism
behind it. Nevertheless, if the assumption is valid, this unique feature can contribute
a deeper insight into neuromorphic cytometry and can be utilised as an additional
metric in conducting cell measurement and sorting.

3.5 Conclusion

In this work, we have concluded our first milestone in performing cell population mea-
surement in terms of object counting and size estimation. The high consistency and
purity in measuring microbeads in different sizes compared to commercialised cytome-
try indicated the measurement accuracy and similar characterisation of neuromorphic
cytometry. Although the function of classifying the cell condition and surrounding
events is putting forward, the low latency and event-focused architecture in neu-
romorphic has the potential to outperformance the conventional IFC in throughput
and data saving, enabling a prospect of a data- and cost-efficient fluorescence-sensitive
high-throughput neuromorphic cytometry.
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Figure 3.5 – Cytometry and neuromorphic measurements on microparticles and THP-1 cells.
(A) CytoFLEX interpretation of 8 µm microparticles based on forward scatter area (FSC-
A) and sideward scatter area (SSC-A), gating 95.6% of the population being 8 µm mi-
croparticles. (B) Histogram of 8 µm microparticle size distribution based on FSC-A mea-
surement. (C) Histogram of 8 µm microparticle size distribution based on neuromorphic
outputs. (D) CytoFLEX interpretation of 15 µm microparticles based on FSC-A and SSC-
A, gating 92.9% of the population being 15 µm microparticles. (E) Histogram of 15 µm
microparticle size distribution based on FSC-A. (F) Histogram of 15 µm microparticle size
distribution based on neuromorphic outputs. (G) CytoFLEX interpretation of THP-1 cells
based on FSC-A and SSC-A, gating 40.6% as live THP-1 cells, 26.6% dead cells and 28.8%
debris. (H) Size distribution of live THP-1 cells, dead cells and debris based on FSC-A.
(I) Histogram of THP-1 cell size distribution based on neuromorphic outputs.



Chapter 4

Cell Detection with Convolutional
Spiking Neural Network

In this chapter, we advanced NIC analysis with a ML model to perform cell detec-
tion tasks on THP-1 and LL/2 cell lines, evaluating its suitability for automating
manual gating strategy in working with cytometry data. The sample curated are
two biological cell lines and PS particles. A SNN model was developed and trained
on the curated dataset to maintain the entire framework is based on neuromorphic
architecture and whether it can synergise for compatible outcomes.

• Zhang, Z., Yang, H., Eshraghian, J. K., Li, J., Yong, K.-T., Vigolo, D., McGuire,
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Manual gating in cytometry data enables the classification of discrete cell populations
based on extracted features. However, this expert-driven technique can be subjective
and laborious, often presenting challenges in reproducibility and being inherently
limited to bivariate analysis. Numerous AI-driven cell classifications have recently
emerged to automate the process of including multivariate data with enhanced repro-
ducibility and accuracy. The previous chapters demonstrated the early development
of NIC, evaluating its feasibility in addressing the limitations of conventional frame-
based imaging systems in fluorescence sensitivity and throughput. Herein, we trained
a SNN-YOLO model to perform cell classification and detection on label-free samples
under neuromorphic vision. Spiking techniques are inherently suitable post-processing
techniques for neuromorphic vision sensing. The experiment was conducted with PS-
based microparticles, THP-1, and LL/2 cell lines. The network’s performance was
compared to a traditional YOLOv3 model fed with event-generated frame data to
serve as a baseline. In this work, our SNN-YOLO outperformed the YOLOv3 base-
line by achieving the highest average class accuracy of 0.974, compared to 0.962 for
YOLOv3. Both models reported comparable performances across other key met-
rics and should be further explored for future auto-gating strategies and cytometry
applications.

4.1 Introduction

Manual gating is adopted with IFC data to distinguish cells into discrete popula-
tions based on cell measurement. In IFC, 2D scatter plots are distributed based on
measured cell characteristics, often combining morphological-related parameters with
assigned fluorescence signals (Lippeveld et al., 2019). Although this strategy can ef-
fectively isolate the populations of interest, manual operation can lead to numerous
challenges, especially with high-dimensional cytometry data, as the following:

(1) A gating technique requires an experienced researcher or expert to correctly
interpret the morphological and fluorescence data to isolate the populations.
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(2) Manual gating of the high-dimensional cytometry data can inhibit the interpre-
tation into a bivariate hierarchical analysis of 2D scatter plots. In comparison,
IFC was designed to offer multivariate spatial feedback to reveal more intricate
and insightful data structures.

(3) This expert-driven process may need to be applied repeatedly based on exper-
iment and sample variety, which can generate a laborious workload for large
experiments.

(4) The interpretation can be subjectively biased and challenging to reproduce.

(5) Multiple fluorescence tags are often paired during cell readout and gating; this
can be cost-expensive and inflict confounding effects on the cells under research
(Hu et al., 2022; Lippeveld et al., 2019).

Thus, an automated gating strategy with label-free subjects is warranted to overcome
these drawbacks, enhancing IFC cell workflow and insights. Many endeavours have
been established to annotate cell populations with ML models as well as to discover
rare cell events from the high-dimensional data (Arvaniti and Claassen, 2017; Cheng
et al., 2022; Hu et al., 2022, 2020; Qiu et al., 2011).

Neuromorphic vision sensors NVS can asynchronously fire individual pixels to trans-
mit only the active pixel’s array address according to the contrast changes in a scene.
This event-focused architecture enables data efficiency, low latency, high temporal res-
olution, and low-light sensitivity (Lichtsteiner et al., 2008; Mueggler et al., 2017). Our
previous attempt at NIC proposed that these unique characteristics of NVS can be a
promising candidate for handling cell events in a high-throughput, data-efficient, and
fluorescence-sensitive manner. We evaluated the feasibility of exploiting such a vision
to conduct cytometric-like functions and accomplished high consistency with a com-
mercially available flow cytometer, CytoFLEX (Zhang et al., 2023). Building upon
NIC work, we adopted a ML approach to automate the basic cell analysis. In detail, a
convolutional SNN combined with the YOLOv3 model SNN-YOLO was developed to
perform cell classification and detection on label-free microscale objects. This work
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also assesses the compatibility of neural networks and imaging techniques under neu-
romorphic architecture in measuring cell events. The experiment was carried out with
3, 8, 15 µm PS-based microparticles, THP-1, and LL/2 cells. In addition, to validate
the accuracy of our model, the baseline performance of a traditional YOLOv3 fed
with event-generated frames was included.

4.2 Related work

Convolutional Neural Network (CNN)s are a deep learning model designed to adap-
tively learn spatial hierarchies of features from low- to high-level patterns, accom-
plishing remarkable performance for processing data with a grid pattern, including
images (Yamashita et al., 2018). Recent efforts have been investigated to develop an
AI-driven cell classifier that can categorize cell identities based on the measured fea-
tures. Research conducted by Eulenberg et al. (2017) develops a CNN, DeepFlow, to
reconstruct the cell cycle of Jurkat cells in seven different stages, including interphases
of G1, S, G2 and mitosis phases of Prophase, Anaphase, Metaphase, Telophase, re-
porting accuracy of 0.794 when considered seven phases with their respective class,
and an accuracy of 0.987 by categorising G1, S, and G2 phases as a single class. In
addition, Lippeveld et al. (2019) utilized CNNs, ResNet, and DeepFlow to classify
the white blood cell dataset, reporting a balanced accuracy of 0.649 and 0.703. The
models were also adopted to classify the eosinophil dataset with activating and rest-
ing states, contributing a balanced accuracy of 0.831 and 0.871. All these endeavours
and their proven contributions encourage the automation of sample gating with ML
to alleviate the cumbersome workload and manual featuring.

In this work, we exploited a YOLOv3 variant with a modified backbone module based
on the Energy-efficient Membrane-Shortcut Residual Network (EMS-ResNet) devel-
oped by Su et al. (2023) to train the SNN directly. The modified module comprises a
convolutional layer, BNTT, and Leaky Integrate-and-Fire (LIF) neurons in SNN to
convert extracted features into time-sequential data. The backbone model was com-
bined with a detection head, YOLOv3, for cell classification and detection. Adopting
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Figure 4.1 – Illustrative schema of neuromorphic imaging cytometry: (a) The sample
cells were introduced into the microfluidic channel, and the event camera captured
physical characteristics. The cell events were imported into the SNN-YOLO model
for cell classification and detection. (b) The configuration of the platform with the
event camera mounted onto the inverted microscope and connected to a computer
for imaging collection.

a spatiotemporal architecture in imaging collection and deep learning can inspire an
event-dedicated, data-efficient, high-throughput paradigm for future cytometry and
gating applications.

4.3 Methodology

4.3.1 Sample Preparation

PS-based microparticles in the size of 3, 8, and 15 µm at a concentration of 10 wt.%
(Sigma-Aldrich, USA) were used to simulate cells with different volumes. Particles
were diluted with PBS supplemented with 0.1% Triton X-100 into a final concen-
tration of 1 × 105 particles/mL. This procedure ensured an adequate sample count
while maintaining sufficient spaces among particles, preventing particle aggregation
or adherence to the delivery channel.

A human leukemia monocytic cell line, THP-1 cells were cultured with RPMI 1640
medium supplemented with 10% fetal bovine serum, 2mM L-glutamine, 100U/mL
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Figure 4.2 – The architecture of the SNN-YOLO network. The backbone comprises
a convolutional layer, BNTT, and EMS Module2 for feature extraction. The de-
tection head adopted a traditional YOLOv3 model to classify and detect objects.

penicillin, and 100 µg/mL streptomycin. The cell line was collected and centrifuged
at a speed of 400g for 5 minutes. The cell pellet was retrieved and re-suspended with
a flow cytometry buffer made of 0.02% sodium azide, 0.5% BSA, and 2mM EDTA in
PBS. The dilution was applied during the re-suspension to reach a final concentration
of 1 × 105 cells/mL. The sample solution was vortexed and equally distributed into
aliquots for microfluidic delivery and cell classification under neuromorphic vision.

A murine Lewis lung carcinoma cell line, LL/2 cells were maintained with Dulbecco’s
Modified Eagle’s Medium (DMEM) supplemented with 10% fetal bovine serum. The
sample was harvested and centrifuged at 200 g for 5 minutes. The cell pellet was col-
lected and re-suspended with the flow cytometry buffer. The dilution was conducted
during the re-suspension into a final concentration of 1 × 105 cells/mL. The solution
was then vortexed and equally aliquoted before the delivery procedure.

4.3.2 Microfluidic Imaging Platform

A straight microfluidic channel (35 µm-height, 100 µm-width and 30 mm long) was
fabricated out of Polydimethylsiloxane (PDMS) (Sylgard® 184 Silicone Elastomer
Kit, Dow Corning, UK), utilizing a standard soft-lithography protocol (Zaouk et al.,
2006). The narrow height of the channel was designed to restrain the position of
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the particles, aligning them into a relatively limited plane for in-focus imaging. A
neuromorphic camera, EVK4 (Prophesee, France), operated at 1280 × 720 resolu-
tion, 4.86 × 4.86 µm pixel size with time resolution equivalent to > 10, 000 fps, was
mounted on an inverted microscope (IX73 Inverted Microscope, Olympus, Japan).
The camera recorded the dynamics at the center of the channel using a 20× magnifi-
cation objective. Phase contrast was also adopted to enhance the contrast of the cell
samples.

Each sample solution was loaded into a 1mL syringe (Terumo Syringe, Terumo Corpo-
ration, Philippines) and introduced into the microfluidic channel via a syringe pump
(LEGATO 200 Syringe Pumps, KD Scientific Inc, USA) operating at the flow rate of
1µL/min. After each delivery class, a new channel was adopted to avoid contamina-
tion of the collected data by the leftover particles. A reduced flow rate was adopted
in this experiment to increase the exposure time permitted to the sensor under the
neuromorphic vision. The constant flow in the channel induced the necessary light
changes between the particles and the background, activating the correlated pixels
to represent the cell events. Once the objects travelled through the field of view, the
event camera recorded all dynamics in the scene. Metavision Studio software provided
by Prophesee was used during the recording to optimize the visual feedback with ad-
justable accumulation time and event-generated threshold. A 60-second footage was
recorded three times per object class. A total of 900 seconds of event footage was
collected to train the SNN-YOLO network.

4.3.3 Data Preprocessing

Particles of different sizes as well as THP-1 and LL/2 cells were verified by the cell
researcher at the Charles Perkins Centre, University of Sydney. The researcher has
expertise in cell research with an advanced background in the analysis of microscale
objects under microscopic and neuromorphic vision. The data were annotated by
the individual following the You Only Look Once (YOLO) formatting standards,
considering the sample sizes, morphological information, methods of culture, and
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nature of the cell lines. This approach ensured that a high degree of accuracy and
reliability was maintained in the annotated dataset.

For data preprocessing, the resolution was reduced via the four-step preprocessing
implementations (Abreu et al., 2023). The event visualisation window was cropped
into a 10% width area at the sensor’s centre and the event coordinates were down-
sampled with a scaling factor of four. The pre-processed event stream was integrated
into a layer of LIF neurons. A filtering technique was applied to eliminate random
noise by setting the Vth = 3.5V , which required more continuous events to trigger a
single spike from a neuron. The data were separated into individual samples with a
duration time of 200 µs. Within the sample, each event was allocated to four different
time bins. To remove the samples without any particles, the samples containing fewer
than 150 events were discarded.

We mapped 2D representations from the event stream at fixed temporal bins for the
data labelling. A labelling tool, LabelImg (Tzutalin, USA), was utilised to annotate
all the particles that existed in the sample.

4.3.4 Convolutional SNN Development

In this work, we adopted a directly trained SNN object detection network, inspired by
Energy-efficient Membrane-Shortcut You Only Look Once (EMS-YOLO) previously
proposed by Su et al. (2023), and the original YOLOv3 network for object detection
and classification tasks. These models mainly consist of two modules: a feature
extraction backbone and a detection head.

In the backbone, we implemented the SNN residual blocks, Membrane-Shortcut (MS)-
Block and EMS-Block, to replace the similar function block in the YOLOv3 backbone
(DarkNet-53). These two residual blocks enabled a deeper network’s depth without
causing gradient vanishing.

• The MS-Block was structured with two sequentially connected LCB blocks. The
LCB comprised sequentially connected layers: a LIF layer, a convolution layer,
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and a batch normalisation layer with a residual connection.

• The EMS-Modules had two branches: the first had two connected LCB blocks;
the second started with a max pooling layer to increase channel numbers. A
split path was followed with one connection to the LCB block and a shortcut
path. All outputs were concatenated into one output, combined with the first
branch’s output.

To process the time series data in the event stream, a temporal BNTT was applied to
the network, enabling it to effectively normalise the features across both spatial and
temporal dimensions (Kim and Panda, 2021). The membrane potential activities of
this layer can be represented by Equation 4.1 (Eshraghian et al., 2023a):
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i + BNTTyt = λut−1
i + γt
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∑j wijS
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i)2 + ϵ
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where λ is the leak factor and γi is a learnable parameter whose value changes over
time. Both parameters range from (0, 1); wij represents each spike’s weight between
two neurons. St

j is the binary spike at t timestep which are expressed by volts (V ),
σ(V ) is the global variation and µ(V ) is the global mean.

This approach ensures consistent internal network dynamics over time, which is criti-
cal for maintaining stability and improving learning efficiency in networks processing
temporal data. Moreover, object detection is a hybrid task that combines classifica-
tion and regression. SNN models have difficulties in regression tasks because of the
binary input data. To address this problem, we added potential-assisted blocks, a LIF
block proposed in Zhu et al. (2022), to the SNN network. Following the approach,
we introduced three membrane potential neuron layers at the network’s downsam-
pling stages. The outputs of these layers were concatenated with the final membrane
potential in the output layers to produce the prediction area.

In the training of SNNs, the Surrogate Gradient algorithm (Eshraghian et al., 2023a;
Fang et al., 2021) plays a pivotal role in facilitating the learning process, despite
the inherently non-differentiable nature of spiking neurons. The algorithm employs
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a continuous approximation of the network’s discrete spiking behaviour, which can
be shown in Equation 4.2, allowing for the application of gradient-based optimisation
methods.

S ≈ S̃ = 1
π

arctan
(

πU − α

2

)
(4.2)

where U is the membrane potential, and α is a parameter that defaults to two.

Therefore, by integrating the Surrogate Gradient algorithm(Eshraghian et al., 2023a;
Fang et al., 2021) and the algorithm of AdamW optimizer(Loshchilov and Hutter,
2019), the parameter update process during the model training can be represented in
Equation 4.3, 4.4:
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where m̂t is the bias-corrected first-order moment estimates of gradients (∇w), v̂t is
the bias-corrected second-order moment estimates of gradients, and both of them are
the function of gradients. η is learning rate, and λ is the weight decay.

In the detection module, a conventional YOLOv3 was adopted to perform object de-
tection, enabling three different scales to figure out objects of various sizes (Farhadi
and Redmon, 2018). Our SNN network was constructed using snnTorch developed
by Eshraghian et al. (2023a). The model was trained with the dataset for 150 epochs
with an AdamW optimiser(Loshchilov and Hutter, 2019) to enhance generalisation
performance. We used 3 × 10−5 and 1 × 10−4 for the learning rate (η) and weight de-
cay (λ) in Equation 4.4. All training sessions were conducted on a machine equipped
with 64GB Random Access Memory (RAM), a 14-core Intel i5-13600kf Central Pro-
cessing Unit (CPU), and an RTX2080Ti Graphics Processing Unit (GPU) with 11 GB
VRAM.
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Figure 4.3 – The raw event footage of 3, 8, 15 µm microparticles, THP-1 and LL/2
cell lines in contrast to event footage processed by the SNN-YOLO with bounding
boxes representing categorized class and class confidence.

4.4 Results and Discussion

The configuration of the current NIC setting was demonstrated in Fig. 4.1. Cells
were introduced into the microfluidic channel with a constant flow rate. The chan-
nel was designed with a narrow height of 35 µm to restrain the vertical position of
the particles, reducing the impacts of poor imaging quality caused by out-of-focus
particles. The reduction in height can also alleviate the extensive calibration re-
quired for in-focus imaging. Moreover, as a decreased height was integrated into the
experiment, the number of particles should be carefully addressed to avoid channel
blockage. The integrated NVS captured the physical characteristics of the samples
at a 20× magnification to enhance the morphological details, attempting to increase
more distinct features among cell types. The collected footage was trained on the
SNN-YOLO network to perform cell classification and detection tasks. Depending
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Figure 4.4 – Recorded training curves for the SNN-YOLO and YOLOv3: (a) Average
class accuracy during the training process for every 10 epochs. (b) Average no-
object accuracy for every 10 epochs. (c) Average loss during the training process
for every epoch. (d) Average mAP during the training process for every 10 epochs.

on future endeavours, the platform can implement an inertial microfluidic focusing
technique to align the particles into a common travelling path vertically and hori-
zontally (Di Carlo, 2009). This can significantly reduce the risks and limitations of
the technique, optimising the permitted throughput and data quality per experiment.
Furthermore, if real-time classification decisions are available, the trained model and
the platform in this research can integrate into a cell-sorting device to isolate or collect
the cells of interest from a large population.

The architecture of the SNN-YOLO model was demonstrated in Fig. 4.2. The 2D
representation based on temporal bins of the event stream was fed to the model for
feature extraction, direct SNN training, classification, and detection purposes. Input
events were first imported to the feature extraction backbone. A convolutional layer
transformed inputs into corresponding spikes, and temporal BNTT normalised the
extracted features into spatial and temporal dimensions. The following EMS-Module2
contained LIF neurons to integrate input spikes and output firing was triggered once
the signal accumulation surpassed the threshold. For the detection head, a conven-
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Table 4.1 – SNN-YOLO and YOLOv3 performance accuracy percentage (%) and mAP
of each class for every 50 epochs.

TYPE Epoch mAP@50∗ 3 µm 8 µm 15 µm LL/2 THP-1
SNN-YOLO 50 0.670 0.960 0.933 0.816 0.669 0.992
SNN-YOLO 100 0.769 0.995 0.999 0.926 0.900 0.984
SNN-YOLO 150 0.799 0.997 0.999 0.926 0.767 0.984
YOLOv3 50 0.747 0.997 0.979 0.965 0.864 0.923
YOLOv3 100 0.746 0.975 0.965 0.979 0.885 0.936
YOLOv3 150 0.798 0.997 0.986 0.993 0.853 0.944

tional YOLOv3 model was adopted to perform classification and track the position of
the objects from the given event stream by considering three different scales to verify
objects of various sizes. In the work of Su et al. (2023), the EMS-YOLO was based
on the YOLOv3-tiny framework, which limited the network to two scales of predic-
tions and could not perform multiple size realisation. Thus, we adopted a modified
Darknet-53 with a YOLOv3 framework to conduct the detection tasks.

The SNN-YOLO model was trained on a five-class dataset. The raw event footage of
3, 8, 15 µm microparticles, THP-1, and LL/2 cells under 200 µs accumulation time
was illustrated in Fig. 4.3. After being processed by the network, the object of interest
was marked by a bounding box to represent the object’s coordinates, categorised class,
and class confidence.

The model performed multi-target detection, demonstrated with 3µm particles in the
scene. However, as this experiment used a relatively narrow channel and the view of
interest was divided into 10% width of the original vision, the chance of collecting
multiple large targets in a common scene was rare. In Table 4.1, the average accuracy
and mAP for every 50 epochs of the SNN-YOLO and YOLOv3 were reported for
each class. Both models classified and detected the microscale targets with a high
accuracy rate, except for LL/2 detection with optimal accuracy of 0.900 and 0.885 for
SNN-YOLO and YOLOv3 at 100 epochs. The underperformance could be attributed
to the incomplete pixel-address registration of morphological data by the universal
accumulation time and optical setup applied to all samples. As objects in the channel
could move at different velocities and depths, the visual representation of certain
cell events might be compromised by a constant value, especially considering the
complexity of cell structures. Additionally, a noticeable reduction in LL/2 accuracy
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was observed in both SNN-YOLO and YOLOv3, dropping from 0.900 and 0.885 at
100 epochs to 0.767 and 0.853 at 150 epochs. This decline suggests that the model may
have overfitted during extended training with the LL/2 dataset and could also result
from learning compromised features. Even though this study adopted a channel with
reduced height to limit the travelling plane, the free space still existed, and a further
decrease in the dimensions could cause particle aggregation and channel blockage. For
future endeavours, a focusing technique should be incorporated to unify the objects
in motion into a common pathway, enhancing the visual integrity of the cells under
neuromorphic vision.

The highest score of SNN-YOLO was 0.999 in detecting 8 µm particles, and YOLOv3
achieved 0.997 for 3 µm particles. Both models acquired highly similar mAP values
(0.799 and 0.798) after 150 epochs. The training curve of average class accuracy, no-
object accuracy, loss, and mAP values for every 10 epochs was illustrated in Fig. 4.4.
In average class accuracy, the YOLOv3 started with a high accuracy rate of 0.952
at 20 epochs and reached its highest of 0.962 at 60 epochs. Even though the train-
ing requirement to achieve the desired outcome was realised sooner by YOLOv3, the
SNN-YOLO demonstrated an increase in accuracy, starting from 0.841 at 20 epochs
and outperforming YOLOv3 after 70 epochs, resulting in the highest average accu-
racy score of 0.974 at 90 epochs. Additionally, SNN-YOLO attained high no-object
accuracy in a brief period of the training process compared to YOLOv3. Regard-
ing loss and average mAP, both models coherently descended and ascended as the
number of epochs increased.

In this study, we successfully trained a convolutional SNN with the YOLO model to
conduct cell detection and outperform a conventional YOLOv3 in terms of average
accuracy score (0.974 vs. 0.962). Although both models exhibited comparable perfor-
mance across other key metrics, the SNN network has been indicated as a preferred
neural network in working with neuromorphic architecture (Kim et al., 2020). Con-
sidering the superior energy efficiency and real-time processing of SNN, combining
SNN with NVS data can significantly benefit any time-sensitive or point-of-care cell
tasks, such as microfluidic cell sorting. For future endeavours, an increase in data
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categories of cell types should be involved to reveal the key features in individual cells.
One of the long-standing challenges in label-free cell classification is sub-typing cells
with similar morphological structures (Eulenberg et al., 2017; Lippeveld et al., 2019).
In this case, differentiating more vital or subtle features is essential to classify them
correctly. Moreover, optimisation of the current NIC platform can enable numerous
applications and high-performance outcomes. These bio-inspired machine learning
and imaging approaches can be promising candidates for next-generation auto-gating
and cytometry applications.

4.5 Data Availability

The code that supported this article is available at https://github.com/NeuroSyd/

SNN-YOLO-Cell-Detection. Additional data is available from the corresponding
authors upon request.

https://github.com/NeuroSyd/SNN-YOLO-Cell-Detection
https://github.com/NeuroSyd/SNN-YOLO-Cell-Detection


Chapter 5

Classification and Cell Analysis of
Human Blood Cells

In this chapter, we utilised our platform to experiment with more clinically practical
and complicated cells from human blood samples, curating the first neuromorphic
cell dataset with the detailed resolution provided. We also developed a lightweight
hybrid SNN model to perform cell classification and analysis for six classes of samples,
including RBCs, neutrophils, lymphocytes, platelets, PS particles and HUVECs. In
this section, we included our latest and more comprehensive insights on NIC and IFC
compared to our initial proposal.

• Zhang, Z., Yang, H., Li, J., Chong, S. W., Eshraghian, J. K., Yong, K.-T.,
Vigolo, D., McGuire, H. M., & Kavehei, O. (2024). “Neuromorphic Imaging
Cytometry on Human Blood Cells.” bioRxiv, 2024–11. Cold Spring Harbor
Laboratory. https://doi.org/10.1101/2024.11.16.623904
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Recently, numerous endeavours have been invested to develop NIC with diverse
modalities and ML approaches to overcome the traditional constraints of IFC. How-
ever, the majority of the current investigation is focusing on artificial particles in-
stead of biological cells, which fails to capture the intricate and meaningful biological
structure of cells. In this work, we adopted our NIC to experiment with clinically sig-
nificant cells from human blood samples, curating the first neuromorphic cell dataset
with RBCs, neutrophils, lymphocytes, platelets, PS particles and HUVECs. Such
a dataset serves as a baseline of healthy cell groups for future diagnostic and re-
search purposes. In addition, the rich spatial information derived from cell images
has exceptional uses with Deep Learning (DL) approaches to automate cell analysis,
classification, sorting, and gating strategy. We trained a lightweight model combining
the convolutional block attention module with a spiking neural network, CBAM-SNN
to automate cell analysis and classification. The proposed architecture has achieved
a promising performance of 97% accuracy and F1 score with a significant reduction
in computation requirements. Combining the data sparsity in neuromorphic imag-
ing with a lightweight DL model and operation platform can enable next-generation,
AI-driven cytometry to deliver point-of-care diagnostic and research solutions.

5.1 Introduction

The morphological information of cells serves as gold criteria for disease diagnosis
and prognosis (Salek et al., 2023; Salto-Tellez, 2018). Cell morphology, structure and
composition are closely linked to their physiological function and are crucial for cell
identity (Caicedo et al., 2017; Nitta et al., 2018). IFC is an indispensable cell analytic
tool that measures cells with rich spatial and fluorescence information from single-
cell images, characterising cells with high-dimensional multi-parameters (Barteneva
et al., 2012; Rees et al., 2022). IFC offers visualisation conventionally by FBSs, such
as CCD or CMOS, to capture cells in a flow stream (Han et al., 2016; LaBelle et al.,
2021; Rees et al., 2022). As with any image-enabled instrumentation, IFC is also
susceptible to the triangle of imaging constraints—speed, resolution, and sensitivity;
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increasing one performance can lead to degradation in others (Rees et al., 2022).
Furthermore, characterising cells with frame-based architecture can accumulate enor-
mous pixel data registered with blank and redundant background information that is
irrelevant to cell events. Such data structures can generate a significant data volume
and are cumbersome for real-time processing, especially considering the concentration
of a cell population can easily exceed 1 × 106, cells/mL and multiple tests may be re-
quired for one experiment. With the ImageStream system, a sample concentration of
2–3 × 107, cells/mL is recommended for operation (Rees et al., 2022). Thus, a data-
efficient image acquisition system with high temporal resolution remains untapped
for resolving the conventional constraints of IFC.

In the previous chapters, we have discussed our development of a NIC to resolve
the conventional challenges in IFC. Recently, this paradigm has emerged in diverse
modalities and ML methods. Abreu et al. (2023) implemented an SNN on neuro-
morphic hardware to enable fast and energy-efficient binary particle classification for
16µm and 20 µm PMMA microspheres, achieving 98.5% accuracy with an event-
based pipeline and 97.5% with frame-based data. The following work by Gouda et al.
(2024a) on fungal cells and PMMA microparticle classification using both unsuper-
vised and supervised learning techniques, including K-means, PCA, and logistic re-
gression, attaining 100% accuracy with PCA without relying on training annotations.
In addition, the recent work conducted by Tsilikas et al. (2024)developed an NIC
integrated with lightweight photonic neuromorphic processing, achieving high classi-
fication accuracy for 12 µm, 16 µm, and 20 µm PMMA particles while significantly
reducing the number of trainable parameters. The proposed architecture reported
a classification accuracy of 98.2% and 98.6% for the optimal FNN and RNN config-
urations. At the current stage, the majority of the research is experimenting with
artificial-made particles instead of biological cells or experimenting with extremely
limited biological classes (one or two) without providing detailed and subcellular res-
olution. This can lead two major concerns that need to be addressed: (1) one of the
core motivations for developing an image-enabled cytometer is to visualise cells with
spatial resolution on cell morphology, subcellular structure and localisation. A NIC
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platform without this capacity will lose the key advantage of being an image-enabled
system. (2) in the ML aspect, training a model with limited biological classes and
simple morphological structure can make the model fail to learn the complicated and
subtle phenotypical expression of cells. This can render the algorithm incapable of
being generalised for broader cell events or clinical uses, especially for the use of a
cytometer.

In this work, we utilised our NIC to curate a label-free neuromorphic cell dataset,
including human blood cells (RBCs, neutrophils, lymphocytes, platelets), primary
HUVECs, and PS-based microparticles with well-defined morphology. The structural
integrity, cell counts, and characterisation of human blood cells serve as diagnostic
criteria for many critical conditions such as sickle cell anaemia, leukaemia, sepsis,
and blood cancer (Alsalem et al., 2018; Alzubaidi et al., 2020; Boldú et al., 2021;
Sant et al., 2010; Sen et al., 2021; Young et al., 2021). Although this dataset does
not include cells with abnormalities, it can demonstrate a standard baseline for the
healthy cell group to compare with diseased cells. Moreover, the presence of circulat-
ing endothelial cells is a rare event in peripheral circulation. The increased numbers
can indicate vascular injury, vasculogenic stimuli, or other disease states (Blann et al.,
2005; Khan et al., 2005; Samsel et al., 2013). To the best of our knowledge, none
of the preceding studies has demonstrated biological cells captured by NVS in detail
and whether it is capable of depicting informative features under such a unique per-
ception. With the continuous emergence and development of neuromorphic-enabled
cytometry and cell analysis, this dataset is pivotal for future work in NIC. Further-
more, we have directly trained a lightweight hybrid model, CBAM-SNN, to automate
cell feature analysis and classification tasks. This model has accomplished a 97%
accuracy and F1 score with a significant reduction in memory usage and power con-
sumption compared to a classic CNN. With the short inference time and advanced
accuracy, this approach also holds great promise for enabling high-throughput image-
based cell sorting (ICS) or other applications requiring fast intervention on sample
cells. Combining the data sparsity in neuromorphic imaging with a lightweight DL
model and operation platform can enable next-generation, AI-driven cytometry to



5.2 Results & Discussion 68

deliver point-of-care diagnostic and research solutions.

5.2 Results & Discussion
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Figure 5.1 – Schema of the neuromorphic imaging platform. The samples were pre-
pared by bulk separation to extract the cells of interest. As the cells were introduced
into the microfluidic channel, the cell events were registered by NVS for two usages:
(1) cell events were transformed into 2D images for visualisation and data cura-
tion. (2) cell events were transformed into tensors that undergo a neural network
for cell classification.

5.2.1 Neuromorphic imaging platform

Human blood samples and other sample cells undergo bulk separation to obtain tar-
geted cell lines. Cells are introduced into NIC, as shown in Fig. 5.1. As the cells pass
through the view of interest, an NVS records the cell features with their respective
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pixel address, polarity and timestamp (x, y, p, t). Such information can be divided
into two usages: (1) collected events are transformed into tensors and then inferred
by the developed CBAM-SNN to conclude its respective class. (2) events are trans-
formed into frame-based outputs to examine the integrity of captured features and
allow calibration work to optimise the visual effects. These data are then curated
into the dataset for further analysis and model development.

5.2.2 Data curation

RBCs, neutrophils, lymphocytes, platelets, HUVECs, and 8 µm particles were curated
in an event format and image format at a resolution of 224 ×224 pixels for illustra-
tion in Fig. 5.2. Cell images containing multiple targets were included for enhanced
generalisation and robustness. 8 µm particles were added to resemble similar sizes
of RBCs and lymphocytes to potentially increase the data complexity and constrain
the model for low-dimensional feature extraction based only on size variants.

The average number of activated pixels of each class under neuromorphic vision was
recorded and compared with the frame data. Owing to the sparse activation in NVS,
cells were registered only with correlated pixel addresses, whereas frame data contain
a fixed pixel quantity regarding the default resolution, resulting in a significant differ-
ence in overall pixel recruitment. This difference can be exacerbated when observing
particles of smaller sizes, as these objects only require a small proportion of pixels to
characterise themselves. In this dataset, pixel activation in NVS has a 15–240 times
reduction compared to the frame data.

The total number of collected cell images is also illustrated in Fig. 5.2. The discrep-
ancy in cell images curated for each sample type can be due to the natural concentra-
tion difference in samples, loss during microfluidic delivery, and the separation yields.
Furthermore, the ± polarity of NVS data is based on contrast changes. Objects trav-
elling in various directions can lead to distinct changes in colour distribution. To
encompass a broader perspective of cells, we rotated each image at a 90-degree angle
three times and generated a new cell image at each rotation. This augmentation
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technique can enhance the model to become invariant to orientation and expand the
data volume.

Number of activated pixels
RBC Neutrophil Lymphocyte Platelet 8-μm particle HUVEC

Event data 1057 3279 1191 209 1231 2907
Frame data 50176

Number of cell images per class
RBC Neutrophil Lymphocyte Platelet 8-μm particle HUVEC

Original 2708 1087 2720 1859 4210 1246
Augmented 10832 4348 10880 7436 16840 4984

RBC Neutrophil Lymphocyte Platelet 8-μm particle HUVEC

Figure 5.2 – Neuromorphic data curation for human blood cells (RBCs, neutrophils,
lymphocytes, platelets), 8 µm particles, and HUVECs illustrated in Metavision
Studio dark blue theme representation. The average number of activated pixels per
cell type was calculated in event data and compared with frame data. The original
number of sample cells and the number of sample cells after data augmentation
were reported.



5.2 Results & Discussion 71

a b

c d

Figure 5.3 – CBAM-SNN-18 model performance based on neuromorphic cell data.
a Cell clusters in UMAP revealing high-dimensional feature correlation in a 2D
plot. b Confusion matrix based on each class’s prediction outcome and ground
truth annotation. c Processing time for image construction and data transfer with
class inference time in a hierarchical arrangement of events from lowest to highest
processing time. d Precision-recall curve for validation trained with 1:1 balanced
and 1:10 imbalanced datasets.

5.2.3 Model performance

Cells with subtle morphological variation are critical to identify in a label-free state,
as many cells can appear with similar physical traits in size and shape. Thus, the
degree of feature NIC and DL can extract determines its applicability to conduct
precise cell analysis and classification. In Fig. 5.3a, the learned features by the
CBAM-SNN model were embedded into a UMAP for feature analysis, evaluating
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the high-dimensional feature extraction and correlation among classes. Most of the
cell events were grouped into their respective clusters with a minor number of out-
liers resembling features across classes. Noticeably, the clusters of neutrophils and
HUVECs were plotted relatively close together. This can be owing to the high resem-
blance of observable traits in size and internal complexity. RBCs and 8µm particles
were also distributed similarly. A confusion matrix was constructed based on the
network’s prediction and ground truth in Fig. 5.3b. All predictive classes achieved a
high ratio (>0.94) matching with the true annotation. The classification for platelets,
lymphocytes, and 8µm particles accomplished outstanding scores of 1.00, 0.98, and
0.98. Given the fact that NIC can capture cells with subtle characteristic differences
and these features can be recognised by DL models to accomplish outstanding per-
formance in feature analysis and classification, NIC can be a suitable or advanced
solution to address the conventional IFC challenges with its superior data efficiency,
temporal resolution, and fluorescence sensitivity.

For ICS-like applications, the processing time from generating an image to decision-
making is critical for overall throughput. A rank-ordered fraction of events based
on processing time is shown in Fig. 5.3c with 98.3% events concluded within 1 ms.
Compared to conventional feature gating, DL-based cell sorting was reported with
an 11.5-fold increase in processing time but an 11-fold improvement in enrichment
capability (Hayashi et al., 2023). In this study, we have achieved an average of 0.74 ms
processing time compared with previously reported 4 to 5 ms measured on an image-
by-image basis. Considering the continuous advancement in computing hardware and
model architecture, the trade-off between speed and enrichment will be overcome or
significantly alleviated in the future.

Furthermore, to accommodate the concentration variance among cells in the real
biological environment, for example, human blood consists of 40–45% RBCs, 1%
white blood cells, 1% platelets, or rare occurrences of endothelial cells in peripheral
circulation (Samsel et al., 2013), a balanced and imbalanced dataset was introduced
to the networks by maintaining a 1:1 ratio for targeted cells to total cells per class in
the balanced case, and a 1:10 ratio in the imbalanced case. As shown in Fig. 5.3d, a
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precision-recall curve was plotted for each class’s balanced and imbalanced conditions,
with the Area Under the Curve (AUC) provided. The network exhibited a saturated
curve with high precision and recall values in a 1:1 ratio, resulting in an average
AUC of 0.994. Even the RBCs class, which had the lowest performance, achieved an
AUC of 0.988, and the platelet class achieved a perfect score of 1.000. The model
experienced a score drop with the imbalanced dataset but could still reach an average
AUC of 0.891.

Traditional neural networks were designed to train with frame data, which requires
cumbersome transformation to work with event streams. SNN has been proposed as a
natural fit with NVS data to provide direct inference (Kugele et al., 2020; Vicente-Sola
et al., 2025). To evaluate the compatibility of DL models with NIC, we trained two
classic neural networks, ResNet-18 (He et al., 2016b) and EMS-ResNet-18 (Su et al.,
2023), and developed a CBAM-SNN-18 model in Table 5.1 for comparison. While
ResNet-18 achieved the highest performance, CBAM-SNN-18 reported comparable
results with significantly lower computational requirements. This trade-off suggests
that CBAM-SNN-18 may be better suited for lightweight, portable circumstances,
whereas ResNet-18 is ideal for tasks prioritising maximum accuracy.

5.3 Method

5.3.1 Sample preparation

Human blood samples were collected into EDTA tubes from healthy volunteers follow-
ing written informed consent under the Sydney Local Health District ethics protocol
X23-0300. To ensure each footage contained the respective cells while maintaining a
sufficient sample volume for data labelling and training purposes, the samples were
treated with individual approaches to bulk separate the blood cells. Firstly, the
platelet-containing plasma layer was separated following centrifugation at a speed of
800 g for 15 minutes. The plasma-depleted blood, layered with Ficoll-Paque (GE
Healthcare, Sweden), underwent gradient centrifugation at a speed of 500 g, with no
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brake for 30 minutes to separate layers of different compositions in the blood. Lym-
phocytes were retrieved from the interface layer. At the bottom layer of the sample,
RBCs were retrieved via conventional pipetting and diluted by a factor of 100 with
PBS to reduce the excessive concentration of RBCs in the original sample. A sec-
ond aliquot of the bottom layer was treated with red blood cell lysis to enrich the
remaining neutrophils.

HUVECs (Lonza) were cultured in endothelial growth media (EGM-2, Lonza) at
37,◦ C and 5% CO2. Cells were passaged using TrypLE Express (Gibco) and used
between passage 4 and passage 6 for experiments. To prepare the cell suspension
for microfluidic imaging experiments, dissociated HUVECs were resuspended in fresh
warm media at a concentration of 6 × 105 cells/mL and used within 30 minutes.

5.3.2 Microfluidic imaging platform

A standard soft-lithography protocol (Zaouk et al., 2006) was used to fabricate a
straight microfluidic channel (35 µm height, 100 µm width, and 30mm long) with
PDMS (Sylgard® 184 Silicone Elastomer Kit, Dow Corning, UK). To ensure the sam-
ple cells travelled at a common depth for in-focus imaging, the channel was designed
with a limited height to narrow the z-plane passage during delivery. An event camera,
EVK4 (Prophesee, France), adopted in this experiment operated at 1280 × 720 reso-
lution, 4.86 × 4.86 µm pixel size, with a time resolution equivalent to > 10, 000 fps.
The camera was integrated into an inverted microscope (IX73 Inverted Microscope,
Olympus, Japan) to record the cell dynamics under 40 × magnification in phase
contrast mode. The magnification was chosen to enhance the captured features and
reveal the unique internal complexity of the cells. Metavision Studio software pro-
vided by Prophesee was utilised during the recording to optimise the visual feedback
at an accumulation time of 200 µs.

For microfluidic delivery, the sample solution was loaded into a 1 mL syringe (Terumo
Syringe, Terumo Corporation, Philippines) and actuated into the channel via a sy-
ringe pump (LEGATO 200 Syringe Pumps, KD Scientific Inc, USA) to induce a flow
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velocity of 4.78 mm/s. The flow velocity adopted in this experiment permitted suf-
ficient exposure time to the sensor while maintaining a relatively fast speed. A new
channel was implemented after each delivery class to avoid sample contamination
from leftover particles.

5.3.3 Data preprocessing

As the cells were captured at a resolution of 1280 × 720, which is not ideal for single-
cell analysis and machine learning import, the event data were first cropped into a
224 × 720 region of interest. A filtering technique that set an event threshold of 300
was applied to eliminate potential background noise and cell debris in the solution.
Events were removed if the total event count fell below the threshold within the
period. For platelets, a smaller threshold of 50 was adopted due to their significantly
smaller size compared to the other samples.

The cell events were then cropped into 224 × 224 using K-means clustering to centre
the samples within the images and data array. The event stream was divided into
individual samples with a duration of 200 µs to generate 2D images for annotation
and tensors with dimensions (x, y, p, t) for model training. Outliers with radical mor-
phological differences, blurry edges, or out-of-focus images were manually discarded
by the researcher, who had empirical experience working with NVS and targeted cell
lines.

5.3.4 Model development

All training and validation were conducted on a Linux platform (Ubuntu 22.04) with
an Intel i5-13600KF CPU and an NVIDIA RTX 2080 Ti GPU (22 GB VRAM).
Event data can be cumbersome to process with traditional neural networks due to
the unique event generation mechanism. SNNs are a natural match for implementa-
tion since they can be trained directly and exploit temporal information. They are
also characterised by low latency, superior memory, and energy efficiency (Herbozo
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Table 5.1 – CBAM-SNN-18, ResNet-18, and EMS-ResNet-18 performance comparison.
The F1 score is weighted. Processing time is the sum of image preprocessing and
inference time per sample. Inference memory represents the VRAM consumption
of the model per sample.

Accuracy
(%)

F1 Score
(%)

Processing
Time

(ms)

Memory
(MB)

Parameter
(M)

Energy
Consump-
tion (µJ)

CBAM-
SNN-18

97.17 97.16 0.74 93.46 6.32 215

ResNet-18a 99.82 99.82 0.75 165.17 11.69 8417

EMS-Res-
18b

96.21 96.18 0.70 88.77 6.32 170

a ResNet-18 and b EMS-ResNet utilised in this work adopted the original architecture in (He et al., 2016b) and (Su
et al., 2023) trained on this dataset.

Contreras Sr et al., 2024). The forward propagation action in this network can be
represented by Equ. 5.1 (Eshraghian et al., 2023b):

U t+1
i,j = βU t

i,j + Wi,jX
t+1
i,j − RVthv

St+1
i,j = 1, ifU t+1

i,j ≥ Vthv

(5.1)

where U t+1
i,j and U t

i,j represented the membrane potential (V ) in location (i, j),Wi,j

is the weight for different input spikes, S is the input spikes (V ), β is the learnable
parameter controlling membrane potential decay, R is the parameter represent the
reset mechanism.

Surrogate Gradient was adopted to train our SNN directly. It replaced the infinite
gradient with the arc-tan function in the backpropagation process to solve the dead
neurons problem, which is shown in Equ. 5.2 (Eshraghian et al., 2023b; Fang et al.,
2021; Neftci et al., 2019b).

S ≈ 1
π

arctan πU
α

2
∂S

∂U
= 1

π

1
(1 + (πU α

2 )2)

(5.2)

where S is the spikes this neuron produced (V ), U is membrane potential (V ), and
α is a parameter with a default value of 2.

The model architecture of CBAM-SNN is demonstrated in Fig. 5.4a. As shown in
Equ. 5.1, the LIF layer does not account for information from nearby neurons because
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Figure 5.4 – CBAM-SNN model overall architecture. a The general structure of
the CBAM-SNN model. Each basic block has three layers: one downsampling
EMS block and two SNN-Residual blocks. Two bottleneck LCB layers construct
the SNN-Residual block (He et al., 2016a). One local attention CBAM block is
inserted into two LCB layers to build up the CBAM-SNN Residual layer. b The
structure of the CBAM-SNN Residual block. When spikes enter this block, they
first go through one LCB layer; channel-wise attention is calculated in Equ. 5.3 and
multiplied with the input spikes. The result of this multiplication acts as the input
of the spatial attention layer, repeats the previous operation, and then passes the
result to the final LCB block.
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its behaviour depends only on the history of its own signals. Therefore, the convolu-
tional layers in a Convolutional Spiking Neural Networks (CSNN) are responsible for
extracting spatial features. However, a few convolutional layers with small kernels
in CSNN cannot sufficiently capture spatial features due to their limited receptive
fields (Luo et al., 2016). Hence, to further enhance the network’s capability without
introducing excessive parameters and unnecessary computations, a local attention
block, Convolutional Block Attention Module (CBAM), as shown in Fig. 5.4b, was
implemented into the SNN-ResNet structure. This block is a widely known local at-
tention mechanism that helps the network focus more on the important parts of the
input data(Woo et al., 2018). It has already been used in many lightweight networks
due to its efficiency (Chen et al., 2023; Wang et al., 2022; Zhang et al., 2024a). The
combined local attention mechanism is expressed as Equ. 5.3,

Attentiont
C = Sigmoid(MLP(Avg(X t)) + MLP(Max(X t)))

Attentiont
S = Sigmoid(Conv(Concat(Avg(X t), Max(X t))))

(5.3)

where t represents the current time step, X is the input spikes and MLP(·) is the
shared multilayer perception, which has the same structure as SE-Block (Hu et al.,
2018), Avg(·) is global average pooling, Max(·) is global Max pooling and Concat(·)
represents the action concatenating two tensors in channel dimension.

All the blocks are built upon the fully spiked EMS block (Su et al., 2023), which
consists of two branches. One branch consists of two consecutive LCB blocks con-
structed by LIF networks, batch normalisation layers, and convolution layers sequen-
tially. The other branch is the residual branch, which consists of one Max-pooling
layer used to transform the shape of the input data and avoid involving more Multiply-
Accumulate (MAC) operations and one LCB block. In the second branch, the output
from the two components is concatenated and acts as the result of the residual branch.
The final output of this layer is the sum of these two branches, forming a fully spiked
residual connection.

To avoid the possibility of under-fitting during training (Hu et al., 2024; Orhan and
Pitkow, 2018), skip connections were added to all the local attention blocks, and
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residual connections were added to each down-sampling layer. These connections
greatly enhance the performance of the model and render the training processes more
stable (He et al., 2016a; Huang et al., 2017). To further reduce the MAC operation,
all skip and residual connections use the same structure as EMS-ResNet used in
EMS-Module 1 (Su et al., 2023), which consists of Max-pooling and LCB blocks.
Moreover, depth-separable convolution layers were implemented to replace the normal
convolution layers to reduce computation consumption (Chollet, 2017; Howard, 2017).

5.4 Conclusion

NVS has been widely adopted in the fields of auto-driving, aerial drone vision, and
robotics, owing to its superior spatiotemporal resolution, data efficiency, low power
consumption, and high dynamic range (Ayyad et al., 2023; Chen et al., 2020; Paredes-
Vallés et al., 2024). However, this architecture has not yet been fully exploited in cell
research, where it can be useful for handling large-scale cell data and time-critical
applications. In this work, we presented the first neuromorphic cell dataset curated
by NIC, including human blood cells, endothelial cells, and artificial microparticles,
evaluating the event quality for representing the spatial content of biological struc-
tures. This dataset also serves as a baseline for healthy cell groups under NVS to
compare with diseased cells for future diagnostic purposes. Our previous attempt
confirmed a superior fluorescence sensitivity of NVS compared to traditional CMOS
sensors (Zhang et al., 2023). Although the dataset curated is label-free, NIC can
synergise with fluorescence signals for immunophenotyping and functional analysis.
Additionally, the event-driven perception is not only an excellent candidate for IFC
but also holds great potential for ICS, 3D cytometry, and other biological instrumen-
tation requiring fast intervention or readout on samples.

To examine the feasibility of DL with NVS data for automating cell analysis and
classification tasks, we developed a CBAM-SNN for evaluation. Cell feature analysis
based on UMAP was illustrated, with all clusters distinctly separated. Cells with
similar morphology were grouped in relatively close proximity but remained well-
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separated. These results highlight that NIC and DL are capable of capturing subtle
features that distinguish different cell groups. The proposed networks also achieved
promising performance across evaluation metrics, processing time, and imbalanced
datasets. In the future, we will continue to expand this dataset by collecting additional
cell lines or cell types specific to the biological context. The outcomes of this study
demonstrate that NIC and DL form a powerful combination for AI-driven cell analysis
and cytometry. By integrating efficient architectures in both imaging and processing
methods, this approach has the potential to enable point-of-care solutions for research
and diagnostic applications.
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5.7 Acknowledgement

S.W.C. acknowledges funding from The University of Sydney’s Faculty of Engineering
Scholarship.

https://github.com/NeuroSyd/CBAM-SNN
https://doi.org/10.6084/m9.figshare.27788970


5.8 Supplementary Information 81

5.8 Supplementary Information
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development information can be viewed in supplementary content.
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Chapter 6

Concluding Remarks

6.1 Thesis Contribution

In this dissertation, we included the complete development milestones of NIC dis-
tributed in each chapter. Our early investigation on developing this paradigm spec-
ulates the theoretical advantages of NVS over FBS for cytometry applications. It
also provides the results of PS-particles under neuromorphic vision, evaluating the
plausibility and quality of such sensing method in describing micro-scale targets with
simplicity in shape. The effect of AT at different durations was also illustrated in
this work for reference visual feedback and an indication of object dynamics. Most
importantly, this research introduced the adoption of an event camera for cytome-
try applications for the first time, establishing a fundamental milestone for future
research in this domain.

Although the implementation seems straightforward, significant effort is required to
realise the functionalities and draw a conclusion about the idea. In the following
research, we implemented the essential cytometric functions for cell counting and
size estimation. Our performance was compared with a commercialised cytometer
and yielded competitive results. The superior fluorescence sensitivity of NVS was
also demonstrated in measuring FITC particles with low excitation power. This
confirms the theoretical advantage of HDR (>120 dB) can suppress the performance of
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traditional FBSs in terms of fluorescence sensitivity. Considering many biomolecules
exist in trace amounts, characterising these target cells or cellular components with
fluorescence probes can result in compromised or missed information captured by
FBS. Therefore, the advanced fluorescence sensitivity of NIC can deliver an enriched
analysis on a broader range of cell types, proteins, enzymes and other biomolecules.

Moreover, we have investigated the compatibility of NIC with ML method to auto-
mate cell classification and detection. A SNN model, SNN-YOLO was developed to
detect particles with similar morphology, including PS-particles with different sizes,
THP-1 and LL/2 cells. The proposed network has achieved a 97.4% accuracy in cell
detection, outperforming the baseline model, YOLOv3 that was trained on frame
data, by 1.2%. This outcome also confirmed the validity of integrating the entire
framework based on neuromorphic architecture for data-efficient and possibly minia-
turised cytometric devices.

Recently, the NIC platform has been developed in varied modalities and ML ap-
proaches. Despite these advancements, the majority of the work is performed only
with artificial particles or limited biological samples without capturing complexity
in structure. To examine the imaging capacity of the platform and train the algorit
hm to learn more diverse morphology, our following work curated the first neuro-
morphic cell dataset including RBCs, neutrophils, lymphocytes, platelets, HUVECs
and other micro-scale targets with well-defined structure. This dataset can serve as
a baseline for healthy cell groups under NVS to compare with diseased cells for fu-
ture diagnostic purposes. Our hybrid model, CBAM-SNN has yielded a high score of
97% accuracy and F1 score with a significant reduction in computational resources
compared to other networks. The extracted features by CBAM-SNN were embedded
into UMAP for feature analysis, evaluating the high-dimensional feature extraction
and correlation among classes. This work proved that the current lightweight ML ar-
chitecture is able to distinguish and provide analysis on clinical-significant cells with
subtle differences under neuromorphic vision.
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6.2 Future Research Directions

Although our NIC platform has advanced with numerous functionalities, it has not
yet reached the full capabilities of a commercialised cytometer. Future endeavours
should include the integration of additional features and the compacting of the sys-
tem into a more portable, ready-to-use platform. One major drawback of the current
system is the cumbersome calibration work on focusing the sample cells. As in a
flow system, objects can pass through the field of view in an extremely brief window
and normally, focusing on a static sample is a straightforward solution. However,
with NVS a dynamic scene must be maintained to allow the firing of the pixel for
visualisation. Calibration, while samples are in motion or vibration on the platform,
is currently a primitive solution. An autofocus technique is critical to provide ef-
ficiency in the workflow and reach the sharpest event representation. Moreover, a
customised NVS or paired with specialised techniques for cytometry application can
further enhance the capacity of the platform to achieve higher throughput and res-
olution. For example, CCD sensor coupled with a time delay integration technique
has been adopted to increase the sensitivity to detect weak fluorescence signals and
avoid motion blur(Basiji et al., 2007; Elliott, 2009; Han et al., 2016). Multiple fields
of view onto CMOS camera also burst the throughput by magnitudes and circumvent
the trade-off (Schonbrun et al., 2012). Similar strategies can be implemented with
NVS to elevate the imaging performance. Considering the superior data efficiency,
sensitivity and temporal resolution of NVS, this paradigm should be also encouraged
on ICS, 3D cytometry and other biological instrumentation requiring fast intervention
or readout on samples.

In the aspect of ML, our latest model, CBAM-SNN is capable of classifying and
providing analysis on human blood cells and cells with subtle differences. The AUC
score was dropped when the imbalance dataset was introduced. This can indicate
that the model is not robust enough to handle a largely imbalanced sample size,
where in nature, biological samples can composite with cells in extremely different
concentrations. Additionally, a cytometer screens a significantly diverse range of cell
types for multi-parametric analysis. To implement AI in cytometry applications, the
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network must be able to identify these cells with high confidence. In the future, we
will continue to build on this dataset by including broader cell classes or cell types
that are specific to their biological context. Moreover, the network was operated
on a conventional GPU, applying the entire computation process on neuromorphic
hardware could significantly enhance processing speed, thereby mitigating the trade-
off.

This project was developed from scratch without any preceding research on the topic
to a functional platform and feasibility study that can classify cells with complicated
structures. Although the current platform has not yet equipped with full capabilities
for a commercialised cytometer, we believe that the continuous efforts and develop-
ment of NIC can enable an AI, high-throughput and sensitive cell-analytic tool for
point-of-care clinical and research solutions.
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