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Abstract

Behavioral genomic studies employing the worm Caenorhabditis elegans have aided
the discovery of new gene-behavioral associations and the screening of new drugs. High-
resolution cameras record experiments with this worm, generating videos that compu-
tational solutions will later process for automated behavioral analysis. Because of the
large volume of data to be processed, these analyses usually have to be performed offline.
However, it is desired to develop a high-throughput implementation capable of operat-
ing in real-time, seeking to reduce the memory occupation by storing videos and allow
the realization of new kinds of experiments. One way to speed up the algorithms em-
ployed is through the use of reconfigurable computing. Therefore, this work proposes the
hardware development of the Otsu method for worm segmentation in real-time. The pro-
posed implementation was developed in Field Programmable Gate Array (FPGA) using a
fully parallel strategy with fixed-point representation. Architecture details are presented,
as well as synthesis results related to the hardware area occupation, throughput, and dy-
namic power consumption. Results about validation of the implementation using images
of the worms are also provided. The data show that the proposed architecture can achieve
high speedups compared to similar work presented in the literature, besides allowing the
segmentation of worms in real-time.

Keywords: FPGA, Image Segmentation, Otsu’s Method, Worm Tracking, C. elegans.





Resumo

Estudos sobre a genômica comportamental empregando o verme Caenorhabditis ele-
gans têm auxiliado a descoberta de novas associações gene-comportamentais e a triagem
de novas drogas. Os experimentos envolvendo esse verme são gravados por câmeras de
alta resolução, gerando vídeos que serão posteriormente processados por soluções com-
putacionais para análise comportamental automatizada. Devido o grande volume de dados
para ser processado, essas análises são geralmente realizadas offline. Contudo, deseja-se
desenvolver uma implementação de alto throughput capaz de operar em tempo real, bus-
cando reduzir a ocupação de memória pelo armazenamento dos vídeos e permitir a real-
ização de novos tipos de experimentos. Uma maneira de acelerar os algoritmos empre-
gados é através do uso de computação reconfigurável. Diante disso, este trabalho propõe
o desenvolvimento em hardware do método de Otsu para a segmentação dos vermes em
tempo real. A implementação proposta foi desenvolvida em Field Programmable Gate
Array (FPGA) utilizando uma estratégia totalmente paralela com representação em ponto
fixo. Os detalhes da arquitetura são apresentados, assim como resultados de síntese rela-
cionados a área de ocupação, tempo de processamento e consumo de potência dinâmica.
Também são fornecidos resultados sobre a validação da implementação utilizando ima-
gens dos vermes. Os dados mostram que a arquitetura proposta consegue obter elevados
speedups em comparação com trabalhos semelhantes apresentados na literatura, além de
permitir a segmentação dos vermes em tempo real.

Palavras-chave: FPGA, Segmentação de Imagem, Método de Otsu, Rastreamento de
Vermes, C. elegans.
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Chapter 1

Introduction

Behavioral genomics aims to understand the mapping between genome variation and
behavior. Several studies in this field have used the worm Caenorhabditis elegans (C. el-
egans), due to its relatively simple and well-characterized nervous system (Antoshechkin
& Sternberg 2007, Nigon & Félix 2017, Brown et al. 2013). These studies investigate
the worm’s behavioral changes after chemical and genetic perturbations, seeking to dis-
cover new gene-behavior associations (Maulik et al. 2017, Evans et al. 2021) and aid in
drug screening (Giunti et al. 2021, Kim et al. 2017). These analyses can occur by observ-
ing microscopic images, but performing this manually is usually exhaustive and costly.
Therefore, many works have proposed the development of solutions using computer vi-
sion methods to automate this process (McDiarmid et al. 2018, O’Reilly et al. 2014, Hus-
son et al. 2013). Thus, the analysis time of the experiments can be drastically reduced,
besides providing more accurate and unbiased data (McDiarmid et al. 2018).

The developed computational solutions perform the extraction of behavioral charac-
teristics of the worms by automatically processing videos of the experiments (McDiarmid
et al. 2018, Brown & Schafer 2015). These videos are usually captured by high-resolution
cameras, to provide images of the worms with a high level of detail (Barlow et al. 2021,
Swierczek et al. 2011). So the recorded videos can generate terabytes of data in just a
few hours, requiring a large amount of storage space and a long processing time (Barlow
et al. 2021). Therefore, aiming to reduce the use of memory and allow more complex stud-
ies on behavioral genomics, the development of real-time applications has been explored.
The acceleration of the algorithms employed could occur through the use of Graphics Pro-
cessing Units (GPU) and Reconfigurable Computing (RC). The real-time requirements of
tracking systems preclude the use of the cloud, which can offer GPU and RC resources,
with the need to implement the solutions at the data acquisition location.

Various works in the literature present comparisons between GPU and RC for the
acceleration of computer vision and digital image processing algorithms. In HajiRas-
souliha et al. (2018), a review of several papers that provide this analysis is presented,
concluding that for applications that require high processing speed, RCs are better suited.
The reconfigurable computing, with Field-Programmable Gate Arrays (FPGAs), allows
the exploitation of the algorithm parallelization and the development of dedicated hard-
ware to obtain performance improvement (Dias et al. 2021, Silva et al. 2020, Torquato &
Fernandes 2019, Da Costa et al. 2019, Coutinho et al. 2019). In this way, the designed
hardware can take advantage of the inherent parallelism of images (Vahid 2010, Gokhale
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& Graham 2005).
Thereby, the implementation of the system in hardware may allow the achievement of

high throughput, enabling the analysis of worms in real-time. The development of the en-
tire framework in hardware involves the architecture design of multiple computer vision
algorithms. The image segmentation algorithm is one of the most interesting to obtain
real-time performance, aiming to reduce the memory occupation problem. In this step,
the image pixels are divided as belonging to the worms region or the image background.
Pixels classified as the background are represented by a value equal to zero. Thus, using
compression algorithms, captured images could occupy less memory space as they have
most pixels represented by zero. Many works in the literature use Otsu’s method for worm
segmentation. Proposed in Otsu (1979), this method is a widely used global threshold-
ing technique, which proposes the definition of an optimal threshold by maximizing the
between-class variance.

Thus, the present dissertation proposes a fully parallel FPGA implementation of the
Otsu algorithm applied to real-time worm segmentation. This work is inserted in a broader
context, linked to the project Quantifying Behavioural Phenotype Space: Chemistry-to-
Gene Screens and Combination Therapies (PHENOSPACE) from Behavioral Genomics
Lab of the Imperial College London, which works with the analysis of the behavior of
worms with genomic changes. One of the goals of this project is to develop a high-
performance image processing platform to capture complex behavioral sequences and
automatically interpret them in real-time. Thus, this work contributes to the development
of a dedicated high-throughput hardware framework for the real-time tracking of worms.

1.1 Dissertation Contributions

The main contribution presented is a fully parallel implementation of Otsu’s method
in FPGA, capable of segmenting videos with high resolution and elevated frame rate in
real-time, applied to worm segmentation.

The hardware architecture was designed with a fully parallel scheme and fixed-point
resolution. Through this, it was possible to reduce the processing time of the algorithm.
The synthesis results were compared with other works in the literature, verifying the
achievement of higher throughputs and reduction of dynamic power consumption by the
proposed implementation. The high throughput achieved allowed the application of the
designed hardware in the segmentation of worms in real-time.

1.2 Objectives

This dissertation aims to collaborate with the PHENOSPACE project in the develop-
ment of a hardware framework for tracking worms. The proposal is associated with the
hardware implementation of Otsu’s method in FPGA, seeking to obtain high throughput
values that allow segmentation of the worms in real-time.

The specific objectives of this work are:
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• Development of Otsu’s method on FPGA with a fully parallel architecture and
fixed-point representation;

• Achieving high throughputs that enable real-time application;
• Obtaining high speedups by the developed hardware when compared to other works

in the literature;
• Application of architecture in real-time worm segmentation.

1.3 Published Papers
1. BARROS, W. K. P. et al. Proposal of the CAD System for Melanoma Detection

Using Reconfigurable Computing. Sensors, v. 20, n. 11, p. 3168, 2020. DOI:
10.3390/s20113168.

2. BARROS, W. K. P.; FERNANDES, M. A. C. Proposta de Implementação em Hard-
ware do Algoritmo de Otsu Aplicado ao Rastreamento em Tempo Real de Vermes.
Anais do Computer on the Beach, v. 12, p. 339-346, 2021. DOI: 10.14210/cotb.v12.
p339-346.

3. BARROS, W. K. P.; DIAS, L. A.; FERNANDES, M. A. C. Fully Parallel Imple-
mentation of Otsu Automatic Image Thresholding Algorithm on FPGA. Sensors, v.
21, n. 12, p. 4151, 2021. DOI: 10.3390/s21124151.

4. TARGINO, M. T.; BARROS, W. K. P.; FERNANDES, M. A. C. Proposta de Imple-
mentação Paralela do Método Naive Bayes em FPGA. In: XV Simpósio Brasileiro
de Automação Inteligente, 15., 2021, Online.

1.4 Dissertation Organization
This dissertation is organized in 4 chapters, as presented in the following paragraphs.
In this first chapter, an introduction was presented, in which the motivation and theme

of the work are contextualized, as well as the main objectives of the proposal and pub-
lished articles during the master’s period.

Chapter 2 proposes a fully parallel design of Otsu’s method on FPGA. The imple-
mentation details and an analysis of the synthesis results concerning the hardware area
occupation, throughput, and dynamic power consumption are presented. As well as com-
parisons with other works in the literature.

Chapter 3 presents a study about the application of the developed hardware in real-
time worm segmentation. Analyses are performed using different numbers of bits in
the decimal part of the architecture and in the representation of the pixels of the image.
Therefore, besides the segmentation results, synthesis results regarding the hardware area
occupation and processing time are presented.

Finally, Chapter 4 presents the conclusions of this dissertation and perspectives for
future works.



4 CHAPTER 1. INTRODUCTION



Chapter 2

Otsu Algorithm on FPGA

This chapter describes a high-throughput implementation of the Otsu algorithm on
FPGA, aiming to segment high-resolution videos in real-time. The architecture designed
uses a fully parallel strategy associated with fixed-point resolution. This chapter presents
the implementation details, as well as synthesis results related to the hardware area occu-
pation, throughput, and dynamic power consumption. These results are used to evaluate
and compare the performance of this proposal with other works in the literature.

2.1 Introduction
The Otsu algorithm, used in worm tracking systems, has a high computational cost

due to the complex arithmetic operations performed interactively, hindering its use in
real-time applications. Therefore, many studies proposed the Otsu algorithm developed
in hardware, such as FPGA, to overcome the processing time constraints. This allows the
achievement of real-time or near real-time processing. However, FPGA implementations
found in the literature are often developed with sequential processing schemes in some
stages of the Otsu algorithm, limiting the hardware’s processing speed (Jianlai et al. 2009,
Tian et al. 2003, Pandey et al. 2014, Torres-Monsalve & Velasco-Medina 2016, Pandey &
Karmakar 2019, Das et al. 2014).

Many proposals can be found in the literature for real-time applications of the Otsu
algorithm deployed in FPGAs. In Wang & Huang (2013), an adaptive lane departure
detection and alert system is presented, while in Zhao et al. (2014), a lane departure and
frontal collision warning system. Meanwhile, in Alhamwi et al. (2015), a vision system
is presented to detect obstacles and locate a robot that navigates indoors; in Ren & Wang
(2016), is presented a system for detecting moving objects; Tulasigeri & Irulappan (2016),
presents a system to assist in the diagnosis of glaucoma; and, in Kim (2018), a system for
improving thermograms. However, these articles provide few details about the hardware
implementation.

Among the first FPGA implementations of the Ostu algorithm is the proposal of Jian-
lai et al. (2009), synthesized for an Altera Cyclone II FPGA. The design improved the
algorithm’s performance through a hybrid hardware architecture and Altera MegaCores,
eliminating complex divisions and multiplications of the algorithm. The architecture de-
veloped was used for the segmentation of an image with a resolution of 320× 240 and
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pixel represented by 10 bits. Through visual segmentation results, they evaluated the
implementation performance as satisfactory.

Other works have proposed a hardware implementation using logarithmic functions
to eliminate the division and multiplication circuits. In Tian et al. (2003) and Torres-
Monsalve & Velasco-Medina (2016), the authors implemented two versions of the Otsu
algorithm, in which one version uses the logarithmic functions, to compare the results
achieved between them. The architectures developed by Tian et al. (2003) were syn-
thesized for a Xilinx Virtex XCV800 HQ240-4 FPGA. The implementation without the
logarithmic functions occupied a hardware area of 622 slices and 103 Input/Output Blocks
(IOBs), obtaining a clock latency of 362.4ns. Meanwhile, the logarithmic function im-
plementation occupied 109 slices and 49 IOBs, obtaining a clock latency of 132ns.

The architectures presented by Torres-Monsalve & Velasco-Medina (2016) were de-
veloped on the Altera Cyclone IV EP4CE115F29C6N FPGA. The synthesis results ob-
tained for the algorithm implemented without the logarithmic functions occupied 6,525
logic elements, 4,920 registers, 18,266 bits of memory, and 79 multipliers of 9 bits. Re-
garding the processing time, considering an image with a resolution of 1,280×1,024, the
system achieved a maximum frequency of 130.89 MHz and latency of 589 clock cycles.
In contrast, the implementation with the logarithmic function used 2,440 logic elements,
1,026 registers, 10,943 bits of memory, and 79 multipliers of 9 bits. Moreover, it achieved
a maximum frequency of 114.62 MHz and a latency of 536 clock cycles. Therefore, the
results presented in Tian et al. (2003), and Torres-Monsalve & Velasco-Medina (2016)
indicate that the algorithm designed with logarithmic function reduced the FPGA area
occupation and latency.

In Pandey et al. (2014) and Pandey & Karmakar (2019), were deployed similar archi-
tectures of the Otsu algorithm in the Virtex-5 xc5vfx70t ffg1136-1 FPGA, available on the
Xilinx ML-507 development platform. Both proposals were developed in VHDL, using
fixed-point representation, operating at a clock frequency of 25.175MHz. The proposal
described in Pandey et al. (2014) occupied 168 slices and 33 IOBs, while in Pandey &
Karmakar (2019), the implementation reached an area occupation of 161 slices, 21 IOBs,
72 Look-Up Tables (LUTs), 591 registers, 4 blocks of RAM (BRAMs) and 5 DSP48Es.
In addition, Pandey & Karmakar (2019) presented results related to the processing time
for a 640×480 image, with pixels represented by 8 bits. This work reached a latency of
5 clock cycles and throughput of 40.28 megabits processed per second (Mbps).

Meanwhile, it was presented in Das et al. (2014) an implementation for binarization
and thinning of fingerprint images, using the Otsu method, on a Spartan 6 LX45 FPGA.
Concerning the area occupation, 1,898 registers, 1,859 LUTs, 735 slices, 10 IOBs and 44
BRAMs were used. Regarding processing time, a maximum clock frequency of 100MHz
was achieved, with the execution time of 1,489ms for processing a 280×265 image and
latency of 531 clock cycles or 5,310ns. Besides, a comparison with the same technique
implemented in Matlab was also presented, showing that the FPGA was ≈ 10× faster
than the Matlab version.

Thus, this chapter presents a fully parallel FPGA implementation of the Otsu algo-
rithm. Unlike most approaches proposed in the literature, a full-parallel implementation
reduces the bottleneck for processing speed compared to sequential systems or hybrid
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hardware architectures, that is, architectures implemented with sequential and parallel
schemes. The hardware implementation was developed in Register-Transfer Level (RTL),
using fixed-point representation, in an Arria 10 GX 1150 FPGA. The results concerning
the hardware area occupation and throughput are also presented.

The remainder of this chapter is organized as follows: Section 2.2 addresses the theo-
retical foundation of the Otsu method; Section 2.3 shows a detailed description of the ar-
chitecture proposed; while Section 2.4 present and analyze the synthesis results obtained
from the described implementation, including a comparison to other works. Finally, Sec-
tion 2.6 presents the final considerations about this chapter.

2.2 Otsu’s Algorithm

The Otsu is one of the most popular thresholding algorithms, used to find an optimal
threshold that separates an image into two classes: the background and object. These
classes are represented by C0 and C1, respectively. This method has the advantage of
performing all its calculations based only on the histogram of the image (Gonzalez &
Woods 2018, Otsu 1979).

Initially, the algorithm starts by calculating the normalized histogram of an image, A,
in grayscale, which is described as

A(m) =


a0,0(n) · · · a0, j(n) · · · a0,M−1(n)

... . . . ... . . . ...
ai,0(n) · · · ai, j(n) · · · ai,M−1(n)

... . . . ... . . . ...
aN−1,0(n) · · ·aN−1, j(n) · · ·aN−1,M−1(n)

 (2.1)

where ai, j is one pixel of b bits and M×N is the image dimension. The pixels can assume
L distinct integer intensity levels, represented by k and characterized as a value in a range
of 0 to L−1, where L = 2b. Each n-th pixel is processed in an instant ts, which represents
the sampling time. Thus, one complete image can be processed at every m-th moment,
where

m = M×N × ts. (2.2)

This equation must be changed if more than one pixel is processed per sample time.
The normalized histogram of each m-th image, A(m), is calculated and stored in the

vector
p(m) = [p0(m), . . . , pk(m), . . . , pL−1(m)] (2.3)

where each k-th component, pk(m), is defined as

pk(m) =
nk(m)

M×N
, (2.4)

in which nk(m) denotes the number of pixels with intensity k of the m-th image, described
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as

nk(m) =
N−1

∑
i=0

M−1

∑
j=0

ci, j(n), (2.5)

with ci, j(n) expressed as

ci, j(n) =
{

1 if ai, j(n) = k
0 otherwise . (2.6)

Subsequently, after obtaining the normalized histogram, stored in the vector p(m), the
Otsu algorithm calculates an optimal threshold between the two classes, i.e., C0 and C1.
The optimal threshold called here as k∗(m) can be characterized as

k∗(m) = argmax
0≤k≤L−1

σ
2
k(m). (2.7)

where σ2
k(m) is the k-th between-class variance of the m-th image, defined as

σ
2
k(m) =

(µL−1(m)×ωk(m)−µk(m))2

ωk(m)(1−ωk(m))
, (2.8)

where ωk(m) and µk(m) are the probability of class occurrence given a k threshold and the
mean intensity value of the pixels up to the k threshold of the m-th image, respectively,
meanwhile, µL−1(m) is the average intensity of the entire m-th image, called the global
mean, with a value equal to µk(m) when k = L−1.

The variables ωk(m) and µk(m) can be expressed as

ωk(m) =
k

∑
i=0

pi(m) (2.9)

and

µk(m) =
k

∑
i=0

i · pi(m). (2.10)

After finding the optimal threshold value, k∗(m), the pixels of the input image, A(m),
can be classified as a background or object (C0 and C1), generating a mask for the input
image.

2.3 Hardware Proposal

In this section a fully parallel architecture of the Otsu method capable of processing
images of any resolution is proposed, focused on obtaining high-speed processing. The
details of the hardware implementation are described in the following subsections.
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2.3.1 General Architecture

The general hardware architecture implemented is presented through a block diagram,
shown in Figure 2.1. As can be observed, the architecture was developed according to the
definition of Otsu’s algorithm provided in Section 2.2. Therefore, it consists of five main
modules: Normalized Histogram Module (NHM), Probability of Class Occurrence Mod-
ule (PCOM), Mean Intensity Module (MIM), Between-Class Variance Module (BCVM),
and Optimal Threshold Module (OTM).

(m)σ2
L−1

NHM

(n)a0
ij

(m)p0
(m)ωk

(m)μk

(m)μL−1

(m)σ2
0

(m)σ2
k∗

PCOM

MIM

(m)pk

(m)pL−1

...
...

...
...

...
BCVM

(m)μ0

(m)ωL−1

(m)ω0

OTM
(m)σ2

k

(m)k∗

...
...

...
...

...
...

...
(n)aG

ij

...

t1

t2 t3

t4

Figure 2.1: General architecture of the proposed Otsu Algorithm implementation.

Initially, the NHM module receives the parallel input of G image pixels, where G is
the number of submodules internal to the NHM that simultaneously calculate the normal-
ized histogram, according to Equations 2.3 and 2.4. Subsequently, the PCOM module
uses the histogram components to calculate the class occurrence probabilities, according
to the Equation 2.9, while the MIM module calculates the average intensities, based on
Equation 2.10. The PCOM and MIM modules perform their calculations simultaneously.
Afterward, these two modules outputs are supplied to BCVM, in which the values of the
between-class variance are computed, according to the Equation 2.8. Finally, the calcu-
lated between-class variances are compared in the OTM to select the optimal threshold
value, as described in Equation 2.7.

All variables and constants shown in Figure 2.1 were implemented in fixed-point to
reduce the bit-width compared to floating-point implementations. The amount of bits used
can be adjusted to adapt the precision of the results obtained to the desired application.
Therefore, each pixel, ag

i j(n), of the input image were configured with 8 bits in the integer
part (without sign), then L = 28 = 256 is defined. For the histogram components, pk(m),
and the probabilities of class occurrence, ωk(m), which has a positive value less than 1,
only 24 bits are used in the decimal part. For the average intensity elements, µk(m), 8
bits are used in the integer part (without sign) and 24 bits in the decimal part. For the
between-class variances, σ2

k(m), 27 bits are used in the integer part (one bit for sign) and
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24 bits in the decimal part. Finally, for the optimal threshold, k∗(m), only 8 bits are used
in the integer part (without sign).

The modules of this architecture are pipelined, and the system operates on the same
sample time, ts. Nonetheless, each module has a different execution time, characterized
here as t1, t2, t3 and t4. To minimize control, due to the lack of synchronism between the
modules, the hardware proposed here defines t1 = t2 = t3 = t4 = tI , where tI is the time
to process a complete image, being equal to the m-th moment that an image is processed.
The time tI is defined by the NHM block, since t1 has the longest execution time. Thus,
the system has an initial latency expressed as

D = 4× tI (2.11)

and a throughput characterized as
th = 1/tI. (2.12)

2.3.2 Normalized Histogram Module (NHM)
The NHM is responsible for generating the normalized histogram of the input image,

by performing the equations 2.3 and 2.4. Usually, this step of the algorithm costs more
clock cycles to complete than other steps, as the entire image needs to be scanned to
obtain the normalized histogram components. We propose the parallelization of this step
by calculating the components’ partial values in a parallel way to optimize this process.
Afterward, these values are summed to obtain their final values. The architecture of this
module is shown in Figure 2.2.
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Figure 2.2: Architecture of the NHM.

As can be observed, the NHM module is constituted of G identical submodules, called
Partial Normalized Histogram (PNH), responsible for computing the partial values of the
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histogram components. Each g-th input pixel, ag
i j(n), is processed by the g-th PNHg.

Likewise, the PNH modules are internally constituted of L submodules, called Partial
Component of the Normalized Histogram (PCNH), as shown in Figure 2.3. Thus, each
k-th partial component of the histogram calculated by the g-th PNH, pg

k(n), is computed
in parallel by a PCNHg

k submodule. Figure 2.4 shows the internal circuit of each PCNH
module, consisting of a comparator (COMPg

k ), an adder (SUMg
k ), two registers (R) and

two constants (C1 and C2).

PCNH
g
0

PCNHg
k

PCNH
g

L−1

...
(n)a

g

i,j

PNHg

...
(n)p

g

k...
...

(n)p
g

0

(n)pg

L−1

Figure 2.3: Architecture of the PNHg.
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k
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kR

R

C2

C1

en

Figure 2.4: Architecture of the PCNHg
k .

Initially, in each k-th comparator of the g-th PCNHg
k , COMPg

k , it is checked whether
the input pixel, ag

i j(n), has value equal to C1, according to Equation 2.6. The constant
C1 has a different value of k in each PCNHg

k submodule. Following, the COMPg
k output,

ci, j(n), which is a Boolean value, enables the adder, SUMg
k , when equal to 1. Therefore,

when SUMg
k is enabled, the constant C2 is summed with its previous value, thus operating

as an accumulator. The constant C2 is defined as 1
M×N , so it determines the value of pk(m)

when summed nk times, according to Equation 2.4. After entering all the image pixels,
each PCNHg

k outputs the k-th partial component of the normalized histogram computed
in the g-th PNH, pg

k(n).
After that, the final value of each k-th component of the m-th image, pk(m), is obtained

by summing all the k-th partial values provided as an output of each g-th PNH, pg
k(n). This

sum is performed for each k-th component through an adder tree (SUM), as represented in
Figure 2.2. This tree has a depth equal to log2 G. At the end, the value of the components
of the normalized histogram, pk(m), is obtained, according to Equation 2.3.
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Instead of processing 1 pixel per sample time in the histogram, the proposed archi-
tecture allows processing G pixels in parallel. Consequently, the amount of clock cycles
required in this step is reduced and, thus, the processing time of a complete image, tI .
Consequently, the latency is also reduced, and throughput increased. With this scheme,
based on the Equation 2.2, the value of tI can be defined by

tI =
(

M×N
G

+ ⌈log2(G)⌉
)
× ts. (2.13)

Through this equation, it is possible to observe that the higher the value of G, the lower
the value of tI and, consequently, better the performance achieved.

In each PCNH submodule, the constant C1 assumes a grayscale value between 0 and
L− 1, and is represented with only 8 bits in the integer part (without sign). The con-
stant C2, which has a positive value less than 1, uses only 24 bits in the decimal part.
This bit-width is also used for all the adders of the NHM module, as the normalized his-
togram components also assume positive values less than 1. All the k-th components of
the histogram, pk(m), are transmitted in parallel to PCOM and MIM.

2.3.3 Mean Intensity Module (MIM)
The MIM calculates the average intensity value of the pixels up to level k, accord-

ing to Equation 2.10. Each k-th average intensity, µk(m), is calculated in parallel. The
architecture of this module, shown in Figure 2.5, consists of L gains submodules (Gk),
L
2 × log2 L adders (SUM) and one register (R) after each component.
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Figure 2.5: Architecture of the MIM.

Based on the Equation 2.10, each k-th pk(m) component of the normalized histogram
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is first multiplied by a gain with the value of k. These gains are represented in the architec-
ture block diagram by G0, ...,GL−1, and the index indicates the value of the applied gains.
Thereafter, each k-th average intensity, µk(m), is obtained by summing the outputs of all
gains with an index from 0 to k. The sum of these values is carried out in parallel based
on the adder proposed by Ladner & Fischer (1980), with a maximum of log2 L cascading
adders using this technique.

All k-th gains of this module, Gk, have their output represented with 8 bit in the integer
part (without sign) and 24 bits in the decimal part. Similarly, this bit resolution is also
used for the adders, SUM, as the average intensity values of the pixels are at most equal to
L = 256, for input images with pixels represented by 8 bits. All k-th average intensities,
µk(m), are provided to BCVM in parallel.

2.3.4 Probability of Class Occurrence Module (PCOM)

The probability of class occurrence for a given threshold k, ωk(m), is performed in
PCOM based on Equation 2.9. This module has an architecture similar to MIM, but it does
not have the gain submodule to weight the input. Therefore, the inputs are directly linked
to the adders (SUM). Thus, this architecture is composed only of adders and registers, as
shown in Figure 2.5.

According to Equation 2.9, the ωk(m) values are obtained by adding all the compo-
nents of the histogram from index 0 to k. Thus, using the parallel adder proposed by
Ladner & Fischer (1980), all ωk(m) values are computed simultaneously through the sum
of the k-th entries pk(m).

The adders in this module were implemented for the same bit resolution of the inputs,
pk(m), since the probability of class occurrence also assumes positive values less than 1.
All k-th probabilities ωk(m) calculated are propagated to the BCVM in parallel.

2.3.5 Between-Class Variance Module (BCVM)

The k-th between-class variance of the m-th image, σ2
k(m), are calculated by BCVM

based on the Equation 2.8. The BCVM module is internally composed of L equal sub-
modules, named Between-Class Variance of k (BCVk), with the same architecture shown
in Figure 2.6. Each k-th σ2

k(m) is computed in parallel by the k-th submodule BCVk. This
submodule consists of four multipliers (MULTi,k), two subtractors (SUBi,k), a point shift
(BPCK), a Look-Up Table (LUTk) and eleven registers (R).

The Equation 2.8 is performed in parallel in this architecture. Therefore, the nu-
merator and denominator are performed simultaneously. Concerning the numerator, it is
obtained by first multiplying the k-th probability, ωk(m), by the global mean, µL−1(m),
on MULT1,k. Subsequently, the k-th SUB1,k submodule perform the subtraction between
µk(m) and the MULT1,k output. Finally, the result of this subtraction is multiplied by itself
in the k-th MULT2,k. Regarding the denominator, it is calculated by initially subtracting
the k-th probability, ωk(m), from the value 1 in the k-th SUB2,K . Lastly, the result is
multiplied by the same ωk(m) in the k-th MULT3,k.
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Figure 2.6: Architecture of the BCVk submodule.

The arithmetic operation of division is highly costly to the hardware in terms of pro-
cessing speed, being the architecture’s bottleneck due to the highest critical time. One
way to avoid using the division is to multiply the numerator by the reciprocal of the
denominator. By definition, the reciprocal of a number is its inverse. Thereupon, the de-
nominator’s reciprocal can be approximated for a range of predefined values and stored in
a LUT. Thus, the division can be performed using only one LUT and a multiplier, LUTk
and MULT4,k, consequently increasing the throughput of the implementation.

Thus, each k-th value in the output of MULT3,k has a reciprocal approximated value in
the k-th LUTk. This LUT was configured with a depth of L, storing words of 33 bits, where
9 bits represent the integer part (one bit for sign) and 24 bits the fractional. The mapping of
the output value of each k-th MULT3,k to an address of the LUTk is performed by shifting
the binary point eight bits to the right by the k-th BPCk. The approximate value of the
reciprocal shown at the output of each k-th LUTk is multiplied by the calculated value
of the numerator in MULT4,k. The result of this multiplication is the k-th between-class
variance of the m-th image, σ2

k(m).
The subtractor SUB1,k was configured with 9 bits in the integer part (one bit for sign)

and 24 bits in the decimal part, while SUB2,k, uses only 24 bits in the decimal part. The
multiplier MULT1,k uses 8 bits in the integer part (without sign) and 24 bits in the decimal
part, while MULT2,k uses 18 bits in the integer part (one bit for sign) and 24 bits in the
decimal part. Meanwhile, MULT3,k was configured with only 24 bits in the decimal part,
and MULT4,k uses 27 bits in the integer part (one bit for sign) and 24 bits in the decimal
part. Each k-th between-class variance calculated is propagated in parallel to the OTM.

2.3.6 Optimal Threshold Module (OTM)
The OTM module performs the last step of the Otsu algorithm, responsible for com-

paring all k-th values of the between-class variance, σ2
k(m), to determine the optimal

threshold of the m-th image, k∗(m), based on Equation 2.7. The architecture of this mod-
ule is shown in Figure 2.7. As can be observed, it consists of L−1 comparators (COMPk),
2 · (L−1) multiplexers (MUX) and a register (R) after each component.

According to Equation 2.7, the optimal threshold of the m-th image, k∗(m), is the
threshold value for which the highest value of between-class variance is obtained. For this
purpose, the between-class variances of the m-th image, σ2

k(m), are compared through a
comparator tree. Each k-th COMPk, compares whether a given variance σ2

k(m) is greater
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Figure 2.7: Architecture of the OTM.

than the other, σ2
k+1(m). This comparator is used as a key selector of two multiplexers,

defining on the outputs the largest variance value that was compared and its respective
threshold k. All outputs of the multiplexers are passed to the next branch of the tree until
the last comparator, COMPL−1, in which the optimal threshold value of the m-th image,
k∗(m), should be selected as the output of the multiplexers, as well as its between-class
variance, σ2

k∗(m).
Therefore, the optimal threshold of the m-th input image is determined by the pro-

posed architecture of a fully parallel design. A new value of k∗(m) is computed for every
m-th instant.

2.4 Results

The architecture presented in the previous section was developed on an FPGA Arria
10 GX 1150, and the analysis of the synthesis results was carried out concerning hardware
area occupation, throughput, and power consumption.

2.4.1 Hardware Area Occupation Analysis

Initially, the hardware area occupation analysis was performed for the architecture
with one PNH module only. The results are shown in Table 2.1. The first to the third
columns indicate the number of logical cells occupied (nLC), the number of multipliers
implemented using DSP blocks (nMult), and the number of block memory bits (nBitsM),
respectively. It also presents the resources used in percentage.

Table 2.1: Hardware area occupation for nPNH = 1.

nLC nMult nBitsM

591,946 (69.3%) 1,222 (80.5%) 2,162 K (3.9%)
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As can be observed, only 4% of the block memory bits available have been used,
while 69% of the logic cells were occupied. The most used resource was the multipliers,
occupying 80% of the total DSPs available. Therefore, the data presented in Table 2.1
demonstrate the feasibility of implementing the proposed architecture in the target FPGA.
Besides, the Arria-10 FPGA still has resources available that can be used to implement
additional logic, thus, allowing to increase the number of PNH modules.

PNH modules require only logical cells for their implementation since they are not
designed with multipliers and memories. Therefore, the 30% of unused logic cells in
the Arria-10 allows increasing the number of PNH modules. Hence, we also analyzed
the area occupation for the Arria-10 FPGA by increasing the number of PNH modules
(nPNH). It is presented in Table 2.2, the number of occupied logical cells as there is no
change in the use of other resources.

Table 2.2: Number of logic cells required per PNH module.

nPNH nLC

1 591,946 (69.3%)
2 629,096 (73.6%)
4 680,884 (79.7%)
6 740,368 (86.6%)
8 788,092 (92.2%)

10 848,630 (99.3%)

Figure 2.8 shows the curve obtained by linear regression using the set of values pre-
sented in Table 2.2. The equation associated with the regression analysis is expressed
by

nLC =
⌈
(2.8 ·nPNH +56.9) ·104⌉ . (2.14)

This equation can obtain the number of logical cells occupied by the architecture without
the NHM module when defining nPNH = 0. Through this, it is possible to observe that
increasing the amount of PNH modules causes a minor impact on the total number of
occupied hardware resources. This characteristic is one of the advantages of the proposed
architecture, which allows increasing the degree of parallelism of the implementation with
a few more hardware resources.

Therefore, Equation 2.14 allows estimating the maximum number of PNH modules
an FPGA can support. It is presented in Table 2.3, the maximum number of PNH modules
supported on different commercial FPGAs (Intel 2020b, Intel 2020a). The first and sec-
ond columns present the label and FPGA, respectively, while the third and fourth columns
present the number of logical cells available (nmax

LC ) and the maximum number of PNH
modules that can be implemented with these resources (nmax

PNH). Hence, a high degree of
parallelism can be achieved through our proposed architecture, limited only by the FPGA
resources available.
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Figure 2.8: Linear regression curve for the hardware area occupation (logic cells) per
nPNH .

Table 2.3: Estimated number of PNH modules, nmax
PNH , for some commercial FPGAs.

Label FPGA nmax
LC nmax

PNH

FPGA1 Arria 10 GX 1150 854,400 10
FPGA2 Agilex AGF 027 1,825,600 44
FPGA3 Stratix 10 GX 10M 6,932,160 227

2.4.2 Time Processing Analysis

The data related to the system’s processing time was obtained considering a clock
cycle of 13.3ns, which is defined by its critical path. Moreover, as the circuit operates
with the same clock, the sampling time is also defined as ts = 13.3ns.

The system’s processing time, for different amounts of nPNH , is presented in Table
2.4. The first column indicates the number of nPNH . Meanwhile, from the second to
fourth columns are shown, respectively, the image processing time, tI , defined accord-
ing to Equation 2.13, the initial system latency, D, according to Equation 2.11, and the
throughput, th, which in this proposal consists in the number of images processed per
second (IPS), determined through the Equation 2.12. According to Equation 2.13, the
processing time of an image depends on its size. Thus, the data presented in Table 2.4
concern the processing of a 3,840×2,160 image with 4K resolution.

As can be observed in Table 2.4, the value of nPNH is directly proportional to th
and inversely proportional to tI and D. Thus, the more PNH modules employed in the
implementation, the better the system performance. Figure 2.9 shows the curve obtained
by linear regression that relates the values of nPNH and th. The equation associated with
this curve is expressed by

th = th(nPNH = 1)×nPNH . (2.15)
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Table 2.4: System’s processing time.

nPNH tI (ms) D (ms) th (IPS)

1 110.32 441.28 9
2 55.16 220.64 18
4 27.58 110.32 36
6 18.39 73.56 54
8 13.79 55.16 72

10 11.03 44.12 90

According to 2.12, and 2.13, the Equation 2.15 can be rewriten as

th =
1(M×N

1 + ⌈log2(1)⌉
)
× ts

×nPNH =
nPNH

M×N × ts
. (2.16)
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Figure 2.9: Throughput in IPS, th, per nPNH .

Equation 2.16, allows to define tI values as

tI =
1
th

=
M×N × ts

nPNH
. (2.17)

When comparing this equation to Equation 2.13, it is observed that the only difference
between them is the absence of the sum of the logarithm. The reason for that is

⌈log2(nPNH)⌉ ≪
M×N
nPNH

. (2.18)

Thus, this component can be disregarded in the calculation of tI .
Afterward, the proposed architecture’s processing time was analyzed for other com-

mercial FPGAs, previously presented in Table 2.3, adopting for each FPGA an nPNH =
nmax

PNH . For this purpose, the values tI and th were defined according to Equations 2.16 and
2.17, respectively, and different image resolutions considered. The results are shown in
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Table 2.5.

Table 2.5: Values of tI and th for some commercial FPGAs for different image sizes.

Image Size FPGA1 FPGA2 FPGA3
tI (ms) th (IPS) tI (ms) th (IPS) tI (ms) th (IPS)

4K (3,840×2,160) 11.03 90 2.51 398 0.49 2,057
8K (7,680×4,320) 44.13 22 10.03 99 1.94 514

10K (10,240×4,320) 58.80 16 13.40 74 2.60 385
16K (15,360×8,640) 176.50 5 40.11 24 7.78 128

All FPGAs models analyzed achieved a high throughput in processing images with
4K resolution, allowing real-time processing of 4K videos in all models. For images with
8K and 10K resolutions, real-time processing proved to be more viable in the FPGA2
and FPGA3. Finally, a high throughput was also achieved by the FPGA3 in processing
16K images, allowing real-time processing of videos with this resolution. Therefore, the
FPGA3 offers better performance due to the high number of PNH modules that can be
implemented, i.e., the increased architecture’s parallelism.

2.5 Comparison with State-of-the-Art Works
Comparisons with the state-of-the-art works were performed for the three commercial

FPGAs previously mentioned. The architectures were implemented using the maximum
number of PNH modules, presented in Table 2.3. The results were compared only with
works that presented data about hardware area occupation and processing time.

2.5.1 Hardware Occupation Comparison
Table 2.6 presents the comparison of the hardware area occupation. The first col-

umn indicates the reference analyzed. The second to fifth columns show the FPGA, the
number of logical cells, multipliers, and the number of bits of memory blocks, respec-
tively, of the reference. Meanwhile, the last four columns present the commercial FPGA
to be compared and the ratio between the hardware components used in our proposed
implementation, nwork, and those used in the literature, nre f . The ratio of the hardware
occupation can be expressed as

Roccupation =
nwork

nre f
, (2.19)

where nwork and nre f can be replaced by nLC, nMULT , or nBitsM. This ratio was calculated
using the hardware occupancy data of the proposed architecture previously presented,
using the values of nMULT and nBitsM provided by Table 2.1 and nLC given by Table 2.3.
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The proposal presented by Das et al. (2014) was deployed on a Spartan-6 LX45 FPGA
and occupied an area of 1,859 LUTs and 44 RAM blocks. This FPGA uses about 1.6 logic
cells (LC) per LUT, having used about 2,975 LC, and each block of RAM has 18 Kbits,
so 792 Kbits of memory is used (Xilinx 2010). The number of multipliers used was not
available.

In Torres-Monsalve & Velasco-Medina (2016), results were presented for two differ-
ent implementations of the Otsu method, deployed on the Altera Cyclone IV EP4CE115-
F29C6N FPGA. The comparison with this work was performed considering the best re-
sults presented by these authors, i.e., the method using logarithmic functions. The imple-
mented hardware used 2,440 LC, 10.94 Kbits of memory, and 46 multipliers.

The proposal presented in Pandey & Karmakar (2019) uses the Virtex-5 xc5vfx70tffg1-
136-1 FPGA and occupied a total of 161 slices, 4 BRAMs and 5 multipliers. Each slice
of this FPGA has 4 LUTs of 6-input, hence, 6.4 LC per slice was used, and each memory
block has 36 Kbits (Xilinx 2006). Thus, about 1,030 LC and 144 Kbits of memory were
used.

Through Table 2.6, we found that in all comparisons performed our design presented a
more significant hardware area occupation, due to the high degree of parallelism adopted
in our proposed implementation, which results in more hardware resources.

2.5.2 Time Processing Comparison
Table 2.7 presents a throughput comparison. The analysis was carried out for all the

commercial FPGAs previously presented. As can be seen, the first column presents the
analyzed reference, while the second to fourth columns show the image resolution (IR),
the clock (Clk), and the throughput achieved (thre f ), respectively, by the reference. The
last three columns indicate, respectively, the FPGAs analyzed, the throughput (thwork),
and speedup reached with our architecture. The values of thwork are calculated according
to the Equation 2.16, employing the same clock and image size adopted by the compared
reference. The speedup calculation is defined as

Speedup =
thwork

thre f
. (2.20)
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In Das et al. (2014), the runtime results are presented using a clock of 10ns and a
280×265 input image, with pixels represented by 8 bits. The processing time is 1.489ms,
achieving a throughput of 671.59 IPS.

In Torres-Monsalve & Velasco-Medina (2016), time and latency data were presented
considering a clock of 8.72ns and the processing of a 1,280× 1,024 image, also with
pixel representation for 8 bits. As the processing time of an image was not presented by
the authors, it was estimated as the clock value times the number of cycles required to
enter an image and obtain its respective output. The processed image’s input and output
are performed serially, requiring 1,280× 1,024 clocks cycles to scan the entire image.
The latency indicated for the implementation of the Otsu method using logarithmic op-
timization is equal to 536. Thus, the calculated time for processing an image is equal
to (1,280× 1,024× 2+ 536)× 8.72 · 10−9 ≈ 22,87ms per image. Hence, achieving a
throughput of 43.72 IPS.

The proposal presented by Pandey & Karmakar (2019) displays results from through-
put for processing a 640× 480 image, with pixels represented by 8 bits, and adopting
a clock of 39.72ns. The throughput shown indicates the number of megabits processed
per second (Mbps), which in turn is 40.28Mbps. As each pixel has 8 bits, the number of
images processed per second can be obtained by 40.28·106

8×640×480 ≈ 16,39IPS.
According to the results presented in Table 2.7, our proposed architecture obtained

better throughput values than other works in the literature in all comparisons performed.
High speedup values were obtained, varying between 20× and 1,128×. The performance
achieved by the developed architecture is mainly due to the high degree of parallelism
explored in this proposal, with a focus on parallelizing the calculation of the histogram. In
contrast, works in the literature present implementations with a low degree of parallelism,
and are focused on optimizing the calculation of between-class variance.

2.5.3 Power Consumption Comparison

Table 2.8 presents a comparison of our design’s dynamic power consumption com-
pared to other proposals in the literature. The dynamic power consumption can be ex-
pressed as

Pd ∝ Ng ×Fclk ×V 2
DD (2.21)

where Pd is the dynamic power consumption, Ng is the number of hardware components,
Fclk is the frequency, and VDD is the supply voltage. The frequency at which a circuit can
operate is proportional to the voltage (McCool et al. 2012, Silva et al. 2020). Thus, the
Equation 2.21 can be rewritten as

Pd ∝ Ng ×F3
clk. (2.22)

For all comparisons, the value of Ng was calculated as

Ng = nLC +nMult . (2.23)
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Based on the Equation 2.22, the saved dynamic energy, Sd , can be expressed by

Sd =
Nre f

g × (Fre f
clk )3

Nwork
g × (Fwork

clk )3
(2.24)

where Nre f
g and Fre f

clk are the number of hardware components and clock of literature
works, respectively, and Nwork

g and Fwork
clk are the number of components and the clock

adopted in this proposal to obtain the same throughput of the reference to which it is
being compared.
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Table 2.8 shows that our implementation presents a significant reduction in energy
consumption. The results presented indicate an energy-saving, regarding works in the
literature, between 2.33 ·101 and 9.98 ·105×. This reduction is obtained through the high
degree of parallelism of the technique, which allows obtaining high throughput with the
circuit operating at a low clock frequency. Therefore, although the circuit uses many hard-
ware components, the energy consumed is reduced due to the low-frequency operation.

2.6 Conclusions
This chapter presented a parallel implementation proposal of the Otsu method in

FPGA. The hardware architecture was developed using RTL design and fixed-point rep-
resentation. All the implementation details were presented, and the synthesis results re-
lated to the hardware area occupation and processing time. The results showed that the
proposed architecture achieved high throughput, enabling real-time processing of high-
resolution videos. Comparisons with state-of-the-art works were also performed regard-
ing the hardware area occupancy, throughput, and dynamic power consumption. Our
proposed architecture outperformed the compared ones in terms of throughput and power
consumption, achieving a speedup from 20× until 103× and reducing the power from
23× until 105×. However, the amount of hardware resources required is higher than in
other architectures due to the high degree of parallelism adopted in our method.



Chapter 3

High-Throughput Worm Segmentation

This chapter proposes the segmentation of worm images using the architecture de-
scribed in Chapter 2. Results regarding resource utilization, throughput, and validation of
the segmentation in hardware are provided. These results are used to evaluate whether the
hardware architecture meets the real-time requirements of the system.

3.1 Introduction
In recent years, several automated tracking systems have been proposed for the be-

havioral analysis of C. elegans, which is a species of nematode worm widely used in
biology research because of its small and well-characterized nervous system. These sys-
tems can be divided into two general categories, depending on the number of worms
tracked (McDiarmid et al. 2018, Brown & Schafer 2015). Some works in the litera-
ture propose tracking a single worm to obtain high-resolution images that provide more
details for accurate quantification of the animal’s behavior (Hebert et al. 2021, Moy
et al. 2016, Kwon et al. 2013, Yemini 2013, Faumont et al. 2011, Leifer et al. 2011, Wang
et al. 2009, Tsibidis & Tavernarakis 2007, Cronin et al. 2006, Feng et al. 2004, Baek
et al. 2002). These systems usually require motorized stages to keep the worm centered
in the camera’s field of view. Meanwhile, other works propose tracking multiple worms
by capturing many worms in a single field of view. Such systems reduce the amount of
detail in the representation of each worm, but increase throughput by allowing the track-
ing of multiple worms simultaneously (Layana Castro et al. 2021, Koopman et al. 2020,
Bornhorst et al. 2019, Perni et al. 2018, Risse et al. 2017, Roussel et al. 2015, Moore
et al. 2013, Mathew et al. 2012, Swierczek et al. 2011, Ramot et al. 2008, Tsechpenakis
et al. 2008, Dusenbery 1985).

Because of the expensiveness and reduced throughput of single-worm tracking sys-
tems, the use of high-resolution cameras has been explored in multi-worm tracking sys-
tems to allow the capture of each worm with a high degree of detail. In Barlow et al.
(2021), a multi-worm tracking system is proposed, with an array of six 12-megapixel
cameras being used to simultaneously capture the image of all the wells of a 96-well plate
with a resolution of 80 pixels/mm at 25 frames per second (FPS). This system enables the
analysis of multiple worms simultaneously, representing each worm with sufficient reso-
lution to extract accurate features. However, the experiments performed with this system



28 CHAPTER 3. HIGH-THROUGHPUT WORM SEGMENTATION

generate a massive volume of data, with the camera array producing about 6.5 Terabytes
per hour (TB/h). The high memory requirement and, subsequently, the long processing
time for this data are considered the main disadvantages of using such systems. Thus, the
aim is to reduce this problem by processing the data in real-time.

A multi-worm tracking system with real-time processing is proposed by Swierczek
et al. (2011), in which high-resolution cameras (4 Megapixels, 30 FPS, 41.2 pixels/mm)
are used to track many worms on a single plate. In this paper, two different software are
proposed, one for real-time image analysis, Multi-Worm Tracker (MWT), and another
for offline analysis of several features, Choreography. The real-time processing provides
only low-level features, such as the position and outline of the worm. Because MWT
runs on CPU, system delays may occur due to a heavy workload or operating system call,
in which case the software may skip some frames and process only the most recent one.
Thus, the system does not work strictly in real-time.

In White et al. (2013) a high-throughput tracking system is also proposed to identify
the stage of worm development. The software developed, called DevStaR, uses computer
vision and machine learning techniques to segment images and count animals belonging
to different developmental stages in a mixed population. This software processes images
with a resolution of 1200×1600 pixels in an average time of 15 seconds. To carry out the
analysis of a 96-well plate takes about 1.5 minutes. The data presented in this paper were
obtained by running the software on a 16-core Linux box with 24 GB RAM.

The multi-worm tracking systems presented in the literature can achieve high through-
puts, allowing them to perform even some simple analysis in real-time. However, it is still
necessary to achieve higher throughputs that permit the entire system to operate in real-
time. A possible way to get better performance results is through the development of
dedicated hardware.

Thus, this chapter proposes to apply the Otsu method implemented in FPGA in the
segmentation of worms, using the architecture presented in Chapter 2. In this chapter,
results of hardware occupation and processing time are analyzed using different numbers
of bits in the decimal part of the architecture and the representation of the image pixels,
seeking to understand the impacts of this on throughput and hardware resource utilization.
In addition, images of the worms captured by the system presented in Barlow et al. (2021)
are utilized to validate the segmentation in hardware. Through the analysis of these data,
it is possible to understand better the gains achievable with the development of the entire
system in hardware.

The remainder of this chapter is organized as follows: Section 3.2 presents the tracking
system used to capture worm images; Section 3.3 shows hardware performance evaluation
metrics; while Section 3.4 provides the results related to hardware occupation, throughput,
and segmentation validation. Finally, Section 3.5 presents the final considerations about
this chapter.

3.2 Tracking System
This section presents the structure used in the PHENOSPACE project for tracking

worms in multiwell plates. Details about the imaging system, the amount of data produced
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by recording the experiments, and the image processing are provided.

3.2.1 Image Acquisition Framework
The PHENOSPACE project conducts research on behavioral genomics of the nema-

tode C. elegans, exploring molecular mechanisms underlying nervous system function to
identify genes and gene networks that affect behavior. This project is associated with
the Behavioral Genomics Lab, which uses the high-resolution camera system proposed in
Barlow et al. (2021) to track worms in multiwell plates. The imaging system presented
in Barlow uses six 12 Megapixel cameras arranged as a 3× 2 array. Through them, im-
ages of 96-well plates are captured simultaneously, with a resolution of 80 pixels/mm at a
rate of 25 FPS. A public dataset with videos captured by this framework was made avail-
able by McDermott-Rouse* et al. (2021b), and the recorded experiments are described at
McDermott-Rouse et al. (2021a). The videos provided in this dataset have a resolution of
3036×3036 pixels.

In the Behavioral Genomics Lab, five identical structures were built with this imaging
system, seeking to increase the system throughput by performing parallel experiments.
Thus, there are a total of 30 cameras recording videos from 480 wells simultaneously.
The five imaging systems mounted in the Behavioral Genomics Lab are shown in 3.1a.
The details of each structure with the camera arrays and the multiwell plates are presented
in 3.1b. Figure 3.2 shows the image of the 480 wells (A), with the approximation of a
set of wells (B) and a single well (C), highlighting one of the worms present in it to
demonstrate the degree of details of the worms in the images obtained with this structure
(D).

(a) (b)

Figure 3.1: (a) Structures with camera array for recording the worms in the Behavioral
Genomics Lab. (b) Arrangement of the camera array and plates for recording the worms.
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A B C D

Figure 3.2: Images of the plates with the worms captured by the camera arrays of all five
structures.

As described in Barlow et al. (2021), video recording using the proposed camera ar-
ray generates approximately 6.5 TB/h. When the five available structures perform exper-
iments simultaneously, this value increases to 32.5 TB/h. Thus, this system generates a
massive volume of data that requires a lot of storage space and a long time to process.
Therefore, it is desired to develop an implementation of high-throughput capable of pro-
cessing the videos in real-time. Through this solution, all behavioral analyzes must be
performed in real-time, eliminating the need to store videos. In addition, this processing
speed will also allow the development of more complex studies on behavioral genomics.

3.2.2 Image Processing

Currently, the videos taken by this framework are processed offline by the Tierpsy
Tracker software (Barlow et al. 2021, Javer et al. 2018). Even using GPUs, the implemen-
tation cannot perform real-time processing. One way to meet the timing requirements of
the system is to develop dedicated hardware for the worm tracking algorithms. Through
hardware implementation, it is possible to exploit the inherent parallelism of images. In
the specific case of the videos captured by the Behavioral Genomics Lab structure, each
well and, in some instances, each worm can be processed in parallel to improve system
performance. With the development in FPGA, it is also possible to have throughput gains
by employing multiple FPGAs, allowing further parallelization of the process.

One of the first steps in worm tracking is image segmentation, in which pixels are
classified as belonging to the worm region or background. In the Tierpsy Tracker soft-
ware, the Otsu method is one of the techniques employed in this process. Therefore, this
chapter will discuss the application of the hardware architecture presented in Chapter 2 in
the real-time segmentation of worms. The validation of the segmentation results obtained
by the hardware architecture will be performed using images of the worms extracted from
the videos available in the plubic dataset (McDermott-Rouse* et al. 2021b).
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3.3 Image Segmentation with Designed Hardware
This section indicates the metrics adopted to evaluate the worm segmentation using

the hardware proposed in Chapter 2, specifying the architecture configuration for which
the results were obtained.

3.3.1 Hardware Setup
In Chapter 2, synthesis results related to hardware occupancy and processing time of

the proposed architecture were presented for different FPGA models. The data presented
for each model considered the implementation of the maximum number of modules PNH
supported. It was also considered the utilization of 24 bits in the decimal part of the
architecture and 8 bits in image pixel representation.

This chapter presents results for resource utilization, processing time, and validation
of the worm image segmentation. These data are obtained considering the synthesis of
the hardware architecture employing ten PNH modules. The results are analyzed with the
reduction of the number of bits used in the decimal part of the architecture and the rep-
resentation of the image’s pixels, seeking to obtain higher throughputs. For this analysis,
the decimal part of the architecture assumes values of 24, 19, and 14 bits, while the image
pixels are represented by 8, 7, and 6 bits. The reduction of the number of bits used in
the representation of the image pixels occurs by discarding the least significant bits that
represent the intensity value. Only the NHM module does not have the number of bits of
the decimal part of its components changed, being adopted a 32-bit resolution, because of
the higher error accumulation in this stage.

3.3.2 Evaluation Metrics
Hardware Area Occupation

The hardware area occupation is analyzed regarding the number of logic cells occu-
pied, multipliers implemented in DSP, and memory bits used. All the results presented
were acquired by synthesizing the architecture for the Arria 10 GX 1150 FPGA.

Time Processing

The results related to the system processing time considering the processing of an
image with dimensions 3036× 3036, resolution equal to that of the videos available in
the public dataset (McDermott-Rouse* et al. 2021b). The processing time of an image
was calculated using Equation 2.17. Meanwhile, the initial system latency and throughput
were calculated, respectively, through Equations 2.11 and 2.12.

Segmentation Validation

The validation of the worm segmentation utilizing the designed hardware was per-
formed using a video with 6 minutes of duration, captured at the rate of 25 FPS, available
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in the public dataset (McDermott-Rouse* et al. 2021b). From this video, 1800 frames
were extracted with a spacing of 5 frames between them. The selected frames were
cropped to obtain images with a resolution of 240× 320, covering a region containing
three worms. The evaluations carried out considered as golden standard of the images the
segmentation results obtained through the Otsu method implemented in software.

The employed metrics use the golden standard to evaluate the classification of each
pixel of the images segmented by the hardware as true positive (TP), false positive (FP),
false negative (FN), or true negative (TN). Five distinct metrics are calculated using this
data: precision, recall, F1-score, Intersection over Union (IoU), and accuracy. These
metrics are expressed by

Precision =
T P

T P+FP
, (3.1)

Recall =
T P

T P+FN
, (3.2)

F1-Score =
2 ·T P

2 ·T P+FP+FN
, (3.3)

IoU =
T P

T P+FP+FN
, (3.4)

e
Accuracy =

T P+T N
T P+FP+T N +FN

. (3.5)

3.4 Results

The results related to the occupation of hardware resources, time processing, and seg-
mentation validation are provided in this section. Through them, the feasibility of real-
time worm segmentation using the designed architecture is evaluated.

3.4.1 Hardware Area Occupation Analysis

The results related to hardware resource occupation are presented in Table 3.1. The
first and second columns indicate the number of bits used to represent the image pixels
(b) and the decimal part of the architecture components (d). And the third to the fifth
columns indicate the number of logical cells occupied (nLC), the number of multipliers
implemented using DSP blocks (nMult), and the number of block memory bits (nBitsM),
respectively. The percentage of resource utilization available on the target FPGA is also
provided.

Based on the data in Table 3.1, Figure 3.3 displays the surface that best relates the
values of b, d, and nLC. The equation associated with this surface, obtained by regression
analysis (R2 = 0.9715), can be expressed as

fnLC(b,d) = 4 ·106 −1.1 ·106 ·b−6.8 ·104 ·d +7.2 ·104 ·b2 +1.1 ·104 ·b ·d (3.6)
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Table 3.1: Hardware area occupation results for different values of b and d.

b d nLC nMult nBitsM

8 24 476,484 (56%) 1,518 (100%) 2,162,688 (4%)
8 19 314,846 (37%) 1,518 (100%) 1,835,008 (3%)
8 14 244194 (29%) 1,518 (100%) 1,507,328 (3%)

7 24 146,242 (17%) 1,518 (100%) 1,081,344 (2%)
7 19 131,348 (15%) 936 (62%) 917,504 (2%)
7 14 120,704 (14%) 936 (62%) 753,664 (1%)

6 24 70,432 (8%) 768 (51%) 540,672 (<1%)
6 19 63,898 (7%) 448 (30%) 458,752 (<1%)
6 14 58,662 (7%) 448 (30%) 376,832 (<1%)
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Figure 3.3: Surface, fnLC(b,d), found to estimate the number of logical cells occupied,
nNLC, as a function of the number of bits b and d.

Observing the data presented in Table 3.1 and the surface shown in Figure 3.3 it is
possible to conclude that the values of nLC are directly proportional to b and d. The d
value determines the number of bits used in the decimal part of the architecture compo-
nents, so reducing this value implies using fewer hardware resources to implement the
components. This variable has a linear relationship with nLC. Meanwhile, the value of
b impacts the number of components employed by the architecture, since the designed
modules have their parallelism levels related to the number of bits used for pixel repre-
sentation. Each reduced bit in the representation of the image pixels decreases the number
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of components employed in the architecture by approximately half. This relationship can
be better observed in the data presented for nBitsM. Thus, this variable has an exponential
relationship with nLC.

The lower hardware resources usage allows for increased parallelism of the archi-
tecture, enabling the use of more PNH modules, or implementation of additional logic.
Moreover, it is possible to implement the system on commercial FPGAs with fewer re-
sources available.

3.4.2 Time Processing Analysis
Table 2.4 shows the results associated with the time processing. The first and second

columns indicate the number of bits used to represent the image pixels (b) and the decimal
part of the architecture components (d), respectively. The third gives the clock (Clk) at
which the circuit operates, adopting the maximum frequency of each implementation. The
fourth displays the image processing time (tI), calculated according to Equation 2.13. The
fifth presents the initial system latency (D), obtained according to Equation 2.11. And the
sixth provides the architecture throughput (th) in IPS, determined through the Equation
2.12.

Table 3.2: Time processing results for the different values of b and d.

b d Clk (ns) tI (ms) D (ms) th (IPS)

8 24 6.04 5.56 22.24 179
8 19 4.86 4.48 17.92 223
8 14 4.63 4.27 17.08 234

7 24 5.87 5.41 21.64 184
7 19 4.68 4.31 17.24 232
7 14 4.45 4.10 16.40 243

6 24 5.56 5.12 20.48 195
6 19 4.58 4.22 16.88 236
6 14 4.44 4.09 16.36 244

Through the data in Table 2.4, the surface that best relates the throughput to the values
of b and d was obtained, shown in Figure 3.4. The equation associated with this surface,
determined by regression analysis (R2 = 0.9961), can be expressed as

fth(b,d) = 91.3−0.8 ·b+22.8 ·d −0.3 ·b ·d −0.7 ·d2 (3.7)

The results presented in Table 3.2 and Figure 3.4 show that the designed architecture
can achieve high throughputs in the segmentation of images with the resolution of the
videos available in the public dataset (McDermott-Rouse* et al. 2021b). Analyzing the
exposed data, it is observed that the reduction of the values of b and d provide an increase
in throughput. It happens because the lower b and d, the fewer bits need to have their
values computed, consequently reducing the critical time of the system.
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Figure 3.4: Surface, fth(b,d), found to estimate the throughput, th, as a function of the
number of bits b and d.

The videos recorded with the structure presented in Barlow et al. (2021) are captured
at a rate of 25 FPS, thus obtaining one frame every 40 ms. According to the data presented
in Table 3.2, the longest image processing time, tI , was obtained for b = 8 and d = 24,
as equal to 5.56 ms. And the smallest value of tI was obtained for b = 6 and d = 14, as
equal to 4.09 ms. Considering the time between the capture of each frame equal to 40
ms, the highest and lowest value of tI use, respectively, 13.9% and 10.2% of this time
to perform the image segmentation. Therefore, the designed architecture can perform
the image segmentation in real-time, even in the case of the largest tI value. In addition,
the low utilization of the available time between frame captures allows the development
of more processes in real-time, such as the execution of more system algorithms or pro-
cessing several videos on the same architecture. Thus, it is possible to perform real-time
segmentation of the images from the five structures in the Behavioural Genomics lab us-
ing a single implementation on FPGA. It demonstrates the feasibility of developing a high
throughput worm tracking system in hardware.

3.4.3 Segmentation Analysis
The validation of the image segmentation using the designed architecture was realized

for different values of b and d. The images of the worms, extracted from a video available
in the dataset, were segmented by hardware implementation to obtain the masks used in
this evaluation. Examples of the masks obtained are shown in Figures 3.5, 3.6 and 3.7.

The 1800 images used for segmentation validation had masks generated by the de-
signed hardware and software. The obtained masks were compared pixel by pixel to
define the values of TP, FP, FN, and TN. These data are presented in the confusion matri-
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(a) (b) (c)

Figure 3.5: Result of image segmentation with b = 8 and different values of d. (a) d = 14.
(b) d = 19. (c) d = 24.

(a) (b) (c)

Figure 3.6: Result of image segmentation with b = 7 and different values of d. (a) d = 14.
(b) d = 19. (c) d = 24.

(a) (b) (c)

Figure 3.7: Result of image segmentation with b = 6 and different values of d. (a) d = 14.
(b) d = 19. (c) d = 24.

ces illustrated in Figures 3.8, 3.9, and 3.10 In these representations, the numbers 1 and 2
indicate the pixels classified as the worm region and image background, respectively.

Table 3.3 shows the results related to the validation of the image segmentation in
hardware. The first and second columns indicate the number of bits used to represent the
image pixels (b) and the decimal part of the architecture components (d), respectively. The
third shows the precision of the obtained results, calculated according to 3.1. The fourth
presents the recall values, calculated by Equation 3.2. The fifth displays the F1-Score
values, obtained according to Equation 3.3. The sixth shows the IoU values, determined
using Equation 3.4. And the seventh gives the accuracy values obtained according to
Equation 3.5.
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Figure 3.8: Confusion matrix for b = 8 and different values of d. (a) d = 14. (b) d = 19.
(c) d = 24.
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Figure 3.9: Confusion matrix for b = 7 and different values of d. (a) d = 14. (b) d = 19.
(c) d = 24.
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Figure 3.10: Confusion matrix for b = 6 and different values of d. (a) d = 14. (b) d = 19.
(c) d = 24.

Based on the data in Table 3.3, Figure 3.11 presents the surface that relates IoU to
the values of b and d. The equation associated with this surface, obtained by regression
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Table 3.3: Image segmentation validation results as a function of different values of b and
d.

b d Precision Recall F1-Score IoU Accuracy

8 24 0.9862 0.9800 0.9831 0.9667 0.9994
8 19 0.9851 0.9797 0.9824 0.9654 0.9993
8 14 0.9779 0.9220 0.9491 0.9032 0.9982

7 24 1.000 0.9197 0.9582 0.9197 0.9985
7 19 1.000 0.9198 0.9582 0.9198 0.9985
7 14 1.000 0.9175 0.9570 0.9175 0.9985

6 24 1.000 0.8986 0.9466 0.8986 0.9981
6 19 1.000 0.8993 0.9470 0.8993 0.9981
6 14 1.000 0.8992 0.9469 0.8992 0.9981

analysis (R2 = 0.8810), is expressed by

fIoU(b,d) = 0.93+0.02 ·b+0.01 ·d +0.01 ·b ·d −0.01 ·d2 (3.8)
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Figure 3.11: Surface, fIoU(b,d), found to estimate the Intersection over Union, IoU, as a
function of the number of bits b and d.

Through the analysis of the results shown in Table 3.3 and Figure 3.11, it is possible
to observe the reduction of Recall, F1-Score, IoU, and accuracy values along with the b
and d values. It occurs because the decrease of d causes a reduction in the precision of the
representation of the values, increasing the error in the results. And decreasing b reduces
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the possibilities of threshold representation, causing an approximate threshold value to
be obtained. However, even with the smallest values of b and d, the results obtained can
still be considered satisfactory, since, as shown in Figures 3.5, 3.6 and 3.7, the worms can
be identified in all the images. The presented images have some noise misclassified as
worm region, but this noise is removed later by filters in the other image processing steps
adopted in the worm tracking system.

3.5 Conclusions
This chapter presented an analysis of the feasibility of segmenting worm images in

real-time using the Otsu method implemented in FPGA. The hardware performance was
analyzed using different numbers of bits in the decimal part of the architecture compo-
nents and the representation of image pixels. Results related to the occupation of hardware
resources, time processing, and segmentation validation were presented. The validation
was performed using high-resolution images of the worms extracted from videos avail-
able on a public dataset. The results indicated that the designed architecture performed
the segmentation satisfactorily and met the system’s time requirements, enabling real-time
processing.
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Chapter 4

Conclusion

This dissertation proposed the development of Otsu’s method in FPGA for applica-
tion in real-time worm image segmentation. Initially, contextualization of the theme was
performed, explaining the applications of worm tracking systems and the need to achieve
high processing speeds, indicating the reasons for using reconfigurable computing. Sub-
sequently, the main contributions of this dissertation were highlighted as the development
of a hardware architecture with a fully parallel scheme for Otsu’s method and the demon-
stration of the ability to segment the worm images in real-time using this implementation.

Subsequently, the details of the architecture designed for the Otsu method were pre-
sented, with a fully parallel scheme and fixed-point representation. In the proposed im-
plementation, the histogram computation module can have its parallelism level adjusted.
Thus, synthesis results were presented for three different FPGAs, in which the histogram
module was implemented with the maximum parallelism allowed by the amount of hard-
ware resources available. All results indicated the achievement of high throughput val-
ues, demonstrating the possibility of processing high-resolution images in real-time. The
throughput reached in the processing of 4K resolution images ranged between 90 and
2,057 IPS, while for 16K resolution images these values varied between 5 and 128 IPS.
Compared to works in the literature, the designed architecture demonstrated that the full
parallelization performed well concerning speedup and power consumption reduction.
These gains were obtained by further exploiting the parallelism of the algorithm and us-
ing fixed-point representation, as well as reducing the bottleneck of the between-class
variance calculation by using LUTs. The speedups achieved ranged between 20× and
103×, while power consumption was reduced between 23× and 105×.

Following this, the results obtained by applying the designed architecture to worm im-
age segmentation were analyzed. This analysis was performed considering the processing
of images extracted from high-resolution videos of the worms captured at a rate of 25 FPS.
All results were obtained for different numbers of bits employed in the decimal part of the
architecture components and the representation of the image pixels. Hardware resource
occupancy and time processing data were presented with the synthesis of the architecture
for the Arria 10 GX 1150 FPGA. The presented values indicated the range of throughputs
between 179 and 244 IPS. With these throughputs, a maximum of 13.9% of the available
time between the capture of each frame of the video is used, making it possible to perform
the segmentation in real-time. The validation of the segmentation was done by comparing
the results obtained in the hardware architecture to those obtained by software, present-
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ing data about precision, recall, F1-Score, IoU, and accuracy. In addition, images were
shown as examples of the hardware segmentation results, indicating good segmentation
of the worms. The IoU values achieved ranged between 0.96 and 0.89.

Thus, it is possible to conclude that the hardware proposed in this dissertation can
perform real-time segmentation of high-resolution videos from worm tracking systems.
According to the data presented, the high throughput achieved allows the implementation
of other processes to be executed within the real-time requirements of the system. These
data indicate the feasibility of obtaining a high throughput worm tracking system through
the development of dedicated hardware.

4.1 Future Works
For future work, we intend to compare the results achieved with those obtained through

the Tierpsy Tracker software on GPU, seeking to understand the throughput gains pro-
vided by the hardware implementation compared to the one currently used. In addition,
we should study the bit configurations that allow obtaining segmentation results with the
appropriate precision for the tracking system.

The system must be implemented at the image acquisition location for real-time tests.
Thus, it will be necessary to develop the communication between the FPGA and the cam-
eras to provide the images directly to the hardware architecture.

Finally, aiming to develop a hardware framework to perform several processes and
analyses in real-time, there should be efforts to implement in hardware more algorithms
used in the worm tracking system. The development of fully parallel implementations
that allow high throughputs must be explored.
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