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Abstract

CMOS Image Sensors (CIS) are crucial components in multimedia applications
for the Internet of the Things (IoT). They allow IoT devices to perceive, interpret,
and respond to the physical world, improving efficiency, safety, and convenience
across various industries. The images captured by these sensors are sent to an ex-
ternal digital device for processing. Additionally, the images produced by CMOS
sensors may contain defective pixels due to noise, manufacturing errors, or de-
vice malfunction. These defects need to be detected and corrected close to the
sensor before the images are processed, which is essential for ensuring the images
are helpful for human users as well as for image-processing and machine-vision
algorithms.

This thesis reports the design and evaluation of two Smart Image Sensor (SIS)
of 128×128 pixels using a 0.35 µm CMOS process, one for kernel-based spatial fil-
tering calculation and the other for detecting and correcting defective pixels. The
SISs are based on custom smart pixels that can perform some image processing
algorithms in the analog domain. The remaining processing, including machine-
vision algorithms and machine-learning methods, is handled by an external digital
device. The focus of this thesis does not extend to this latter aspect.

The first SIS enables spatial filtering using a single kernel, two different kernels
on the same image, or two cascaded kernels. The circuit calculates the absolute
value of each convolution on-pixel in parallel at each pixel using simple neighbor-
hood arithmetic during photocurrent integration. This process is repeated when
the filter requires more than one kernel. According to post-layout simulation, this
SIS processes images at frame rates ranging from 743 to 752 frames per second
(fps) and achieves a fill factor of 20.6 %. Our SIS outperforms state-of-the-art
circuits in denoising, being the best result with a Mean Square Error (MSE) of
0.90, Peak Signal to Noise Ratio (PSNR) of 48.55 dB, and Structural Similarity
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Index Measure (SSIM) of 0.99, configured as the mean filter. Additionally, it
demonstrates comparable edge detection performance to state-of-the-art circuits.
The best results were achieved with a MSE of 4.68, PSNR of 41.42 dB, and SSIM
of 0.97, using the y-direction Robert filter. Our proposed circuit demonstrated
good edge-location accuracy of 0.99 % with the Sobel filter, which is one of the
best results according to the Pratt Figure of Merit.

During photocurrent integration, the second SIS detects defective pixels in
parallel at each pixel using simple arithmetic operations within a neighborhood.
At the column level, the circuit replaces the defective pixels with the median value
of their neighborhood. According to post-layout simulation, this SIS processes
images at 694 fps, achieving a fill factor of 35.4 %. Our SIS produces better
results than current state-of-the-art algorithms: it achieves a PSNR and Image
Enhancement Factor (IEF) of 45 dB and 198.4, respectively, in images with 0.5 %
random defective pixels, and a PSNR of 44.4 dB and IEF of 194.2, respectively,
in images with 1.0 % random defective pixels.

The results demonstrate that, in a vision system, transferring part of the com-
putation to the CIS can be beneficial. In this setup, an analog circuit performs
computations at the pixel level using arithmetic operations within a pixel win-
dow while integrating photodiode current. This approach leverages the parallel
architecture of the pixel array, enabling high frame rates, low power consumption,
and compact size. Additionally, it minimizes the impact on fill factor and data
accuracy.

Thanks to the results obtained in this thesis, our contributions are that a SIS
is developed with on-pixel computing capabilities to perform kernel-based spatial
filtering, allowing external configuration for various kernels and executing com-
putations during photocurrent integration, achieving performance comparable to
other SISs. Additionally, an algorithm from the literature for detecting defective
pixels is modified for analog hardware implementation, yielding superior results
compared to existing methods. Furthermore, another SIS is developed to detect
defective pixels at the pixel level during photocurrent integration, implementing
correction at the column level. This SIS is the first instance reported in the state
of the art that combines detection and correction processes in the analog domain
using CMOS technology on the same chip, achieving better outcomes than other
implementations.



Resumen

Los sensores de imagen CMOS (CIS) son componentes cruciales en las aplica-
ciones multimedia del Internet de las cosas (IoT). Permiten a los dispositivos
IoT percibir, interpretar y responder al mundo f́ısico, mejorando la eficiencia, la
seguridad y la comodidad en diversos sectores. Las imágenes captadas por es-
tos sensores se env́ıan a un dispositivo digital externo para su procesamiento.
Además, las imágenes producidas por los sensores CMOS pueden contener ṕıxeles
defectuosos debido a ruido, errores de fabricación o mal funcionamiento del dis-
positivo. Estos defectos deben detectarse y corregirse cerca del sensor antes de
procesar las imágenes, lo que es esencial para garantizar que las imágenes sean
útiles tanto para los usuarios humanos como para los algoritmos de procesamiento
de imágenes y visión artificial.

Esta tesis reporta el diseño y evaluación de dos sensores de imagen inteligentes
(SIS) de 128× 128 ṕıxeles utilizando un proceso CMOS de 0.35 µm, uno para el
cálculo de filtrado espacial basado en kernel y el otro para la detección y corrección
de ṕıxeles defectuosos. Los SIS se basan en ṕıxeles inteligentes personalizados que
pueden realizar algunos algoritmos de procesamiento de imágenes en el dominio
analógico. El resto del procesamiento, incluidos los algoritmos de visión artificial
y los métodos de aprendizaje automático, es gestionado por un dispositivo digital
externo. El enfoque de esta tesis no se extiende a este último aspecto.

El primer SIS permite el filtrado espacial utilizando un único kernel, dos kernels
diferentes en la misma imagen o dos kernels en cascada. El circuito calcula el
valor absoluto de cada convolución en paralelo en cada ṕıxel utilizando simple
aritmética en la vecindad durante la integración de la fotocorriente. Este proceso
se repite cuando el filtro requiere más de un kernel. Según la simulación post-
layout, este SIS procesa imágenes a frecuencias de cuadro que vaŕıan entre 743
y 752 fotogramas por segundo (fps) y alcanza un fill factor de 20.6 %. Nuestro
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SIS supera a los circuitos del estado del arte en la eliminación de ruido, siendo
el mejor resultado con un Error Cuadrático Medio (MSE) de 0.90, una Relación
Peak Señal a Ruido (PSNR) de 48.55 dB, y una Medida del Índice de Similitud
Estructural (SSIM) de 0.99, configurado como el filtro mean. También demuestra
un rendimiento en la detección de bordes comparable al de los circuitos del estado
del arte. Los mejores resultados se obtuvieron con un MSE de 4.68, PSNR de
41.42 dB, y SSIM de 0.97, utilizando el filtro Robert de dirección y. Nuestro
circuito propuesto demostró una buena exactitud de localización de bordes del
0.99 % con el filtro Sobel, que es uno de los mejores resultados según la figura de
mérito de Pratt.

Durante la integración de la fotocorriente, el segundo SIS detecta los ṕıxeles
defectuosos de forma paralela en cada ṕıxel utilizando operaciones aritméticas
simples dentro de una vecindad. A nivel de columna, el circuito sustituye los
ṕıxeles defectuosos por el valor medio de su vecindario. Según la simulación
post-layout, este SIS procesa las imágenes a 694 fps, alcanzando un fill factor del
35.4 %. Nuestro SIS muestra mejores resultados que los algoritmos del estado del
arte, alcanzando una PSNR y un factor de mejora de la imagen (IEF) de 45 dB y
198.4, respectivamente, en imágenes con un 0.5 % de ṕıxeles defectuosos aleatorios,
y una PSNR de 44.4 dB y un IEF de 194.2, respectivamente, en imágenes con un
1.0 % de ṕıxeles defectuosos aleatorios.

Los resultados demuestran que, en un sistema de visión, transferir parte del
cálculo al CIS puede ser beneficioso. En esta configuración, un circuito analógico
realiza cálculos a nivel de ṕıxel utilizando operaciones aritméticas dentro de una
ventana de ṕıxel mientras integra la corriente del fotodiodo. Este enfoque aprovecha
la arquitectura paralela de la matriz de ṕıxeles, lo que permite altas frecuencias de
cuadro, un bajo consumo de enerǵıa y un tamaño compacto. Además, minimiza
el impacto sobre el fill factor y la exactitud de los datos.

Gracias a los resultados obtenidos en esta tesis, nuestras aportaciones son
que se desarrolla un SIS con capacidad de cómputo sobre el ṕıxel para realizar fil-
trado espacial basado en kernels, permitiendo la configuración externa para varios
kernels y ejecutando los cálculos durante la integración de la fotocorriente, con-
siguiendo un rendimiento comparable a otros SISs. Además, un algoritmo de
la literatura para la detección de ṕıxeles defectuosos se modifica para la imple-
mentación de hardware análogo, dando resultados superiores en comparación con
los métodos existentes. Además, se desarrolla otro SIS para detectar ṕıxeles de-
fectuosos a nivel de ṕıxel durante la integración de fotocorriente, implementando
la corrección a nivel de columna. Este SIS es el primer caso reportado en el estado
del arte que combina procesos de detección y corrección en el dominio análogo
utilizando tecnoloǵıa CMOS en el mismo chip, consiguiendo mejores resultados
que otras implementaciones.



1
Introduction

1.1 General introduction

Internet of the Things (IoT) is rapidly transforming our world, with more than 75
billion smart devices expected to be connected by the end of 2025 [2]. The IoT is
a network of devices embedded with sensors, software, and network connectivity
to collect and share data without human intervention [3, 4]. Users can access and
utilize the data outputs thanks to the integration of embedded devices within the
internet infrastructure facilitated by the IoT. The IoT has experienced significant
growth in recent years, driven by its widespread adoption in various consumer
and industrial applications. These include smart homes, environmental moni-
toring, transportation systems, industrial connectivity, security, and professional
services [2, 5].

The explosion of multimedia-on-demand traffic, referring to images and video
between devices connected to each other and to the Internet, has drastically
changed the vision of the IoT from scalar to Multimedia Internet of Things
(M-IoT) [6, 7]. Although IoT devices are typically resource-constrained, with
limited processing power, memory, and battery life, this is especially notable for
M-IoT devices due to three factors: capturing images from an image sensor, trans-
mitting images, and processing images on the host processor [6, 7].

A wide range of M-IoT applications capture images using a CMOS Image
Sensor (CIS), which captures the image of its surroundings by converting inci-
dent light into proportional electrical signals. and perform image processing to
extract meaningful information. For example, the OV6620 CIS protects against
rice spoilage by capturing images of the Nilparvatha lugens insect in wireless
sensor nodes [8], while the MT9V034 CIS acts as the eyes of the SmartVision
system to ensure the safety of railroad bridges [9]. In industrial environments, the

1



2 1.1. General introduction

OV2640 CIS automates and records measurements from circular gauge images in
hazardous or hard-to-reach areas, ensuring precise and safe operation [10], and
the AR0231AT CIS captures images that utilize driverless public transportation
managed by passengers themselves in urban environments [11].

CIS are preferred over Charge Coupled Device (CCD) in portable devices
based on IoT technologies due to their higher dynamic range and lower current
and voltage requirements [12]. In addition, recent advances in deep submicron
Complementary Metal Oxide Semiconductor (CMOS) have brought significant
advantages to CIS, such as compatibility with standard CMOS technology, the
ability to integrate sensors with analog and digital circuitry for pixel-level image
processing, random access to image data, low power consumption, and high-speed
image acquisition [13, 14, 15, 12, 16].

The CIS collects a substantial amount of environmental data, which is trans-
mitted and subsequently processed by a digital processor—typically a Central
Processing Unit (CPU) in the IoT server or an embedded co-processor in the IoT
node. On-node processing provides faster data access, lower latency response,
high security, and reduced communication bandwidth. However, the hardware
above mentioned may need more performance for video processing or may be
costly in terms of power, resources and size. These programmable solutions can
be a limitation in applications that require on-node processing.

To address these challenges, dedicated digital hardware, such as Field Pro-
grammable Gate Arrays (FPGA) devices, can facilitate portable on-node process-
ing [17, 18]. However, the serial data transmission from the CIS to digital hard-
ware can negate the benefits of on-node processing and hinder the parallelization
of algorithmic tasks. This creates a bottleneck that obstructs the real-time ex-
ecution of image and video processing, as well as vision algorithms [19, 20, 21].
Furthermore, this sensor-processor approach is not well-integrated into IoT appli-
cations, as it consumes substantial power, which is unavailable in IoT nodes, and
generates high latency during image data transmission, limiting frame rates and
pixel resolution [22, 23, 24].

The sensor-processor problem is not new and has been addressed in the lit-
erature, with proposed solutions that involve offloading some processing tasks
directly onto the CIS [25, 26, 27, 21], transforming it into a Smart Image Sen-
sor (SIS). By integrating processing capabilities within the sensor itself, the SIS
effectively alleviates the limitations of traditional sensor approach. This approach
allows for a more efficient division of processing tasks between the sensor and ex-
ternal digital hardware. SIS research shows they can provide fast, simultaneous
data acquisition and processing, low power requirements, ease of fabrication us-
ing digital CMOS technology, and affordability [16, 28, 21, 29, 30], making them
attractive for resource-constrained M-IoT systems. The SIS implements image
processing algorithms, usually preprocessing algorithms, on the same die to im-
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prove image quality or extract some information. These algorithms are typically
implemented in the analog domain within the CIS, making them smaller and more
power efficient than their digital counterparts [31, 32]. SIS takes advantage of the
CMOS-based technology of the CIS to add this circuitry [33, 21].

Several SISs can be found in the literature implementing spatial filters, such
as kernel-based spatial filters for noise reduction [34, 35, 36] and edge detec-
tion [37, 19, 38]. Although these SISs can be part of an IoT network, the pro-
cesses of acquiring the photodiode value and calculating the convolution are in
different phases, resulting in decreased frame rates per second, such as 480 frames
per second (fps) [39], 100 fps [40], and 60 fps [33], all at resolution similar to ours
proposed CISs. It causes delays between capturing and reacting to a scene in
critical applications such as robotics or autonomous vehicles.

According to the literature, there is significant interest in the design of SIS cir-
cuits and their application in various fields, including IoT. While many SIS have
already been developed, the growing use of portable devices, multimedia systems,
and information acquisition technologies in our daily lives demands increasingly
strict characteristics, such as low power consumption, compact size, high resolu-
tion, high accuracy data and high frame rates. In this context, we focus on two
types of processing: noise reduction and edge detection and the detection and
correction of defective pixels. These processes enhance image quality and enable
the extraction of relevant information for both human users and image-processing
or machine-vision-based systems.

This thesis presents the design and evaluation of two new 128 × 128 pixel
SIS circuits that can compute two image preprocessing algorithms: 3 × 3 pixel
kernel-based spatial filtering and detecting and correcting defective pixels. Spa-
tial filtering is performed at the pixel level to enhance image quality (denoising)
and extract features by edge detection. Defective pixel detection is also employed
to enhance image quality and is conducted at the pixel level. Similarly, pixel
correction is performed for the same objective but at the column level to avoid
a reduction in the photodetector’s effective area. Both SISs comprise Capacitive
Transimpedance Amplifier (CTIA)-based smart pixels that perform computations
of the algorithms during photocurrent integration. This technique not only in-
creases the frame rate per second but also reduces the impact of device mismatch
and nonlinearity on the accuracy of the results while lowering the area overhead
of the computation circuits. Both SISs are suitable for integration into portable
devices, where they can be used to acquire images of a scene or, depending on
their architectures, one of the two types of pre-processing mentioned above.
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1.2 Hypothesis

The thesis hypothesizes that integrating analog circuits into a SIS can enhance
image preprocessing by performing computations directly within the pixel. By
utilizing window operations and leveraging the parallel architecture of the pixel
array during the photodetector current integration process, this approach aims
to meet the requirements for high frame rates, compact size and high accuracy,
while minimizing the impact on the fill factor. These characteristics are essential
for integrating the proposed SIS into the portable devices typical of modern IoT
systems.

1.3 General objective

The general objective of this thesis is to design and evaluate a Smart Image Sensor
that employs analog integrated circuit design techniques with CMOS technology
to perform image preprocessing algorithms directly on the pixel, thereby achieving
optimal frame rates, compact size, high accuracy, and minimal impact on the fill
factor.

1.4 Specific objectives

1. Define digital image processing algorithms in the literature to identify an
algorithm based on pixel-level operations that can be parallelized.

2. Adapt the algorithms to the specific hardware constraints within each sensor
pixel.

3. Design the analog circuits using CMOS technology to implement the algo-
rithms, integrating them within each smart sensor pixel of the SIS.

4. Evaluate the performance of the SIS using standard image quality and
sensor-specific metrics.

1.5 Scope

The scope of this thesis includes several key areas: the research and proposal of
SIS circuits, as well as the simulation and evaluation of their performance in terms
of speed, area, and accuracy. The results of this work will be prepared for pub-
lication in journals indexed by Web of Science. The two SISs are designed on a
CMOS technology process, but future adaptations using alternative technological
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processes will also be considered. This research will exclusively focus on the SIS
circuit, omitting the Analog to Digital Converter (ADC) design and any compu-
tations performed on external digital devices. According to the general objective
of designing a SIS, the algorithms evaluated and reviewed in this thesis will be
restricted to low-complexity ones found in the literature. Consequently, the liter-
ature analysis will focus on studies relevant to the two implemented applications:
kernel-based spatial filtering for denoising and edge detection and defective pixel
detection and correction.

1.6 Contribution

The major contributions of this research thesis are highlighted as listed:

1. A SIS is developed with computing capability on-pixel to perform kernel-
based spatial filtering. This imager can be externally configured to operate
with different kernels, and the computation is performed during photocur-
rent integration. Its performance is comparable to state-of-the-art SISs.

2. The algorithm presented in [41] for detecting defective pixels is modified and
adapted for its implementation in analog hardware. The resulting algorithm
shows better results than those existing in the state-of-the-art.

3. A SIS is developed with computing capability to detect defective pixels at the
pixel level, with correction implemented at the column level. The computa-
tion is performed during the integration of the photocurrent. This circuit is
the first reported in the state-of-the-art to perform detection and correction
processes in the analog domain with CMOS technology on the same chip
and to report better results than other state-of-the-art implementations.

1.7 Thesis structure

The rest of this thesis report is organized as follows:
Chapter 2 discusses the literature review. It overviews imaging systems, CIS,

and SIS. In addition, a literature review is presented that focuses on two types
of image preprocessing to be implemented at the pixel level in the CIS: kernel-
based spatial filters for denoising and edge detection, and techniques for detecting
and correcting defective pixels. Chapter 3 presents the design and evaluation of
the SIS, which computes a kernel-based spatial filtering image at the pixel level
with the proposed denoising and feature extraction by edge detection. Chapter
4 presents the design and evaluation of the SIS that computes the detection and
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correction of defective pixels at the pixel and column level, respectively. Chap-
ter 5 concludes the whole thesis and discusses some interesting future research
directions.



2
Literature review

2.1 Introduction

This chapter introduces the fundamentals of CMOS Image Sensor (CIS) and their
evolution into Smart Image Sensor (SIS). It also provides a literature review
of existing Smart Image Sensors, focusing on two key applications: kernel-based
spatial filtering and detecting and correcting defective pixels. Finally, it discusses
the issues addressed, reinforcing the motivation behind this thesis.

2.2 Fundamentals of CIS

2.2.1 Imaging system

A computer vision system enables machines to interpret and understand visual
information from the world around them, mimicking human vision to perceive, an-
alyze, and make decisions based on digital images or videos [16, 24]. By leveraging
techniques such as image processing, pattern recognition, and machine learning
algorithms, computer vision systems can detect objects, classify scenes, recognize
faces, and even estimate spatial relationships within an environment.

More advanced systems use dedicated hardware to accelerate the processing
stage and gain portability, including microcontrollers, Application Specific Inte-
grated Circuit (ASIC)s, or Field Programmable Gate Arrays (FPGA)s. However,
conventional vision system architectures typically separate the information (im-
age) capture and processing modules. Image sensors capture the information, con-
verting the incident light into electrical signals using photosensitive elements [42].
These devices achieve performances similar to those of the human eye, and their
core operation consists of two steps: first, the image sensor converts the incident
photons into electron–hole pairs, and then, it transforms the resulting current into

7
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Figure 2.1: Conventional vision system architecture.

a voltage [43, 44]. The voltage at each photosensitive element is proportional to
the number of photons received during the acquisition time. Currently, Charge
Coupled Device (CCD) and CIS are the preferred technologies for digital imag-
ing devices [45, 28, 16]. Although CCDs often deliver better image quality and
low-light robustness, CIS are preferred on mobile applications due to their higher
dynamic range and smaller current and voltage requirements. Furthermore, recent
advances in deep submicron Complementary Metal Oxide Semiconductor (CMOS)
have brought significant advantages for CIS, such as compatibility with standard
CMOS technology, the possibility of integrating sensors with analog and digital
circuits for image processing at the pixel level, random access to image data, low
power consumption, and high-speed image acquisition.

A CIS-based vision system is shown in Figure 2.1, which consists of an optical
lens, a CMOS image sensor, and a digital processor. The scene’s light is directed
through a lens onto a sensor plane containing a two-dimensional array of pixels.
Each pixel utilizes a photodiode to convert incoming light into a voltage signal.
This voltage signal undergoes conditioning prior to entering an Analog to Digital
Converter (ADC). The resulting digital signal from the ADC accurately represents
the illumination intensity at each pixel. Subsequently, these digital signals are
transmitted to a digital processor as an image for processing and decision-making
purposes.

2.2.2 Image sensor architectures

The most important component of an image sensor is its two-dimensional array
of pixels that detect light rays, as shown in Figure 2.2. Each pixel contains a
photodetector that measures light intensity, shown in gray. The remaining area
of the pixel, shown in white, consists of a transistor-based circuit that is essential
for processing the signal from the photodetector.

During readout, the row select activates a specific row, allowing its pixels to
connect to readout circuits that convert the captured light into voltage signals.
These signals are then sent off the sensor chip. The readout block comprises
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Figure 2.2: General CIS architecture.

signal conditioning circuits such as amplification, row-noise correction, and black-
sun correction, along with ADCs. Additionally, it may include timing circuits,
bandgap and reference generation circuits, configuration registers, and other re-
lated components.

The position of the ADC within a sensor significantly impacts system perfor-
mance in terms of speed, power, and area. Based on its location, CIS architectures
can be categorized into three main types: chip-wise, column-wise, and pixel-wise,
illustrated in Figure 2.3. In the chip-wise architecture (Figure 2.3a), all pixel
signals are sequentially read and converted by a single ADC. An analog buffer
selects column outputs for conversion, making this architecture compact with the
smallest footprint. However, its processing speed is often constrained, particularly
for real-time and high-resolution imaging applications.

Conversely, the column-wise architecture (Figure 2.3b) enhances processing
speed by employing multiple ADCs dedicated to a column. This approach reduces
the speed and power demands on the buffer and ADC compared to chip-wise
designs. Nonetheless, column-parallel ADC introduces challenges like increased
area overhead and column-to-column variation, necessitating additional circuitry
for mitigation.

An alternative for even greater imaging speed is the pixel-wise architecture
(Figure 2.3c), where each pixel integrates its own ADC, allowing simultaneous
digitalization of all pixels. Although this configuration achieves the highest speed,
it enlarges pixel size, increasing sensor area and impacting power consumption due
to greater parasitic capacitance and circuit leakage. Moreover, the limited space
within each pixel restricts the use of additional circuit techniques, potentially
constraining ADC performance.



10 2.2. Fundamentals of CIS

(a) (b) (c)

Figure 2.3: CIS architectures: (a) Chip-wise, (b) Column-wise, and (c) Pixel-wise.

Figure 2.4: PPS architecture.

2.2.3 Pixel architectures

A pixel is the fundamental unit of a CIS, and its architectural configuration is
consistent across all pixels within the CIS. Pixel architectures are classified into
active or passive pixels. The distinction between the two types of pixels depends
on whether the pixel contains signal amplification circuitry.

The Passive Pixel Sensor (PPS) consists of a photodiode and a switching tran-
sistor connected to the column readout bus [46, 47], as shown in Figure 2.4. The
photodetector predominantly occupies the area of the PPS pixel. However, due
to the significant column parasitic capacitance, conventional PPS image sensors
are susceptible to KTC noise with a low Signal to Noise Ratio (SNR).

In contrast, Active Pixel Sensor (APS) incorporates a local active buffer, typ-
ically a source follower transistor, in conjunction with the reset and selection
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Figure 2.5: 3T-APS architecture.

transistors [46, 48]. This configuration results in a lower area for the photodetec-
tor than for passive pixels. Nevertheless, APS topologies also offer advantages.
For example, the reduction in capacitance within each pixel decreases in read
noise for the array, thereby increasing the Dynamic Range (DR) and SNR. Fig-
ure 2.5 shows a standard 3T-APS architecture. Some active-pixel architectures
more common are 4T-APS [49], Digital Pixel Sensor (DPS) [50], Current Mode
Pixel [51], and Capacitive Transimpedance Amplifier (CTIA) Pixel [29].

The essential element within both types of pixels is the photodetector. The
most commonly employed version is the photodiode due to its straightforward
integration into a standard CMOS process. Any parasitic PN junction originating
from the N-Well or P-Well can be used as a photodetector.

2.3 From CIS to SIS

As illustrated in Figure 2.1, the CIS sequentially transmits the complete frames,
pixel by pixel, to the digital processor for subsequent processing. This approach
has significant drawbacks, including the inability to parallelize algorithmic data,
increased latency and power consumption, limited frame rate, and substantial
memory and computational demands on the digital processor [28, 19, 26]. Let
us consider a CMOS image sensor with a typical resolution of 500 × 500 pix-
els [52, 53, 54] and a 10-bit ADC circuit. In this case, the amount of data per
frame is 312.5 kbytes. At a standard video frame rate of 30 frames per sec-
ond (fps), a minimum required for many consumer and professional devices, the
total data transmission rate requires 9.4 Mbytes per second. This substantial
data volume leads to challenges such as increased latency, network bandwidth
constraints, higher storage costs, and the need for extensive hardware resources
for data conversion, processing, and transmission [28, 16, 55].

A novel approach has been devised to address the limitations above, draw-
ing inspiration from biological organisms that achieve high efficiency and perfor-
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Figure 2.6: Modified vision system architecture.

mance by first operating locally on the data at the image sensor in parallel and
then transferring the resulting information to a central processing system that
performs higher cognitive functions. In this approach, a portion of the processing
originally conducted by the digital processor is transferred to the CIS embedded
within the pixel. The algorithms implemented in the CIS are typically designed
to enhance image quality and facilitate subsequent analysis, a process known as
preprocessing. These algorithms must process a substantial amount of data and
are highly demanding regarding power and speed. In contrast, while the amount
of data may be smaller in post-processing, the complexity of the algorithms is
often greater. Incorporating computational capability at the pixel level enables
the CIS to become a SIS, thereby establishing a novel vision system architecture,
as shown in Figure 2.6. This transformation allows the SIS to acquire images and
process them to extract features, thereby eliminating redundant information and
reducing the data throughput for the digital processor [16, 28, 21, 29, 30].

However, incorporating computation into the pixel presents some challenges.
First, adding circuitry reduces the area available to the photodetector, which can
result in less light being captured by the sensor. In addition, the computational
circuitry is often analog, which can decrease the accuracy of the data. Despite
these disadvantages, carefully choosing the algorithm to implement in the pixel
and designing the circuit with the minimum number of transistors and correct
dimensions can result in a SIS with good performance.

Research on SIS using the previous approach shows that they can provide fast
and simultaneous data acquisition and processing, low power requirements, and
ease of fabrication using digital CMOS technology [16, 28, 21, 29, 30], making
them attractive for resource-constrained Internet of the Things (IoT) systems.

This thesis is focused on two types of image preprocessing to be implemented at
the pixel level in the CIS. Section 2.4 reviews the existing literature on the kernel-
based spatial filters for denoising and edge detection in preprocessing. Section 2.5
reviews the existing literature on the techniques for the detection and correction
of defective pixels.
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2.4 Kernel-based spatial filtering image sensors

In image and video processing systems, preprocessing is crucial for enhancing
overall quality and making subsequent analysis more effective. One common
preprocessing technique is the use of two-dimensional spatial filters, which sig-
nificantly impact subsequent processing stages and overall system performance.
However, implementing these filters in portable hardware devices presents addi-
tional challenges due to constraints such as power consumption, size limitations,
and resource utilization [56, 45, 57]. Digital Signal Processing (DSP)s, ASICs,
and FPGAs are specialized chips commonly used for portability, as evidenced by
numerous studies [58, 59, 60].

FPGAs are the most attractive portable solution for implementing image and
video processing algorithms among these platforms. These devices can exploit
fine-grained parallelism, enable reusable computation, and implement pipelined
architectures, providing an excellent performance/area tradeoff and high flexi-
bility [61, 62, 63]. These characteristics allow for the implementation of efficient
kernel convolution-based image processing algorithms [64, 65]. Furthermore, there
are specific filter designs based on kernel properties, such as symmetry [66] or sep-
arability [67], that can be implemented on these platforms to improve performance
metrics.

While digital hardware such as FPGAs offers excellent capabilities for image
and video processing, the serial data transfer from CIS can limit parallelism,
introduce latency, and increase power consumption [21, 29, 30]. In contrast,
SIS provides an alternative to this drawback by utilizing an in-sensor approach
that combines CIS and analog processing with a fine-grained architecture. Ad-
ditionally, this design strategy reduces memory requirements, latency, and power
consumption, making it optimal for resource-constrained Multimedia Internet of
Things (M-IoT) applications. This approach compromises some computation
accuracy and reduces the photodiode area [31, 32, 68, 69]. Some works pro-
posed a SIS that performs edge detection or noise removal using a specific ker-
nel [70, 71, 72, 38, 73, 74, 75, 34, 35]. These architectures have the advantage
of low power and resource consumption and typically produce high frame rates
per second. In [70], the authors implemented analog edge detection based on a
variation of the Robert operator. The computation is performed by a cascaded
bump circuit integrated directly next to a photodiode array. The results showed
improvement over [71] in detection sensitivity, frames per second, and power con-
sumption. Garcia-Lamont [76] presented an analog SIS architecture to compute
the Prewitt edge detection filter using a simple analog arithmetic circuit integrated
with each photodiode in the imaging array. In [72, 38], the authors proposed a
SIS that uses a simple kernel, which requires only a single operation to detect
edge data. This approach leverages mature APS architecture and single-slope
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ADCs and incorporates a minimal digital circuits, leading to low power consump-
tion and processing time. The authors of [73, 74, 75] proposed a retinal circuit
inspired by biology that utilizes only current mirrors and current subtractors for
the convolution operation, with all processing in the current domain. In [73],
the authors used a custom kernel, while in [74] they used the Laplacian kernel.
In [75], they used a high-pass filter kernel. The objective is to enhance the pa-
tient’s visual perception. In the first two cases, they counteract the effects of the
lateral inhibition phenomenon in the human retina, while in the last case, they
increase contrast. Soell et al. [77] proposed an intelligent analog image sensor
that can perform the Sobel algorithm, calculate absolute values in both the x
and y directions, and sum using operational amplifier-based circuits. Finally, it
can output a 1-bit image using a comparator. Shi et al. [34] reported a SIS that
can act as a mean or binomial spatial filter to reduce image noise. Irmanova et
al. [35] presented a method for identifying similarities between a central pixel and
its surrounding pixels within a given filter window using on-sensor neuromorphic
vision hardware. These similarity scores are then used to construct an adaptive
denoising filter. Unlike [34], which only used circuits based on classical configu-
rations of operational amplifiers, [35] included comparators and digital memory
circuits.

Other SIS architectures in the literature used kernels that allow value modifi-
cation and offer more versatility, but they increase die area and power consump-
tion [78, 79, 80, 33]. Dubois et al. [78] proposed kernel-based spatial gradient
computation. The pixel-level processing element performs a linear combination of
the four adjacent pixels using a four-quadrant multiplier and adder circuit with
the four associated weights. Hsu et al. [79] presented a programmable 3 × 3
kernel for convolution-based feature extraction. Besides, the imager features the
Pulse Width Modulation (PWM) pixel and eight-directional analog Multiply-
Accumulate (MAC) operation of 3 × 3 subarray. Chen et al. [80] reported a
kernel-readout CIS and analog computation close to the sensor unit. This enables
the MAC operation, pooling, and nonlinear function operations for convolutional
computation. Song et al. [33] proposed a processing-in-pixel architecture that
performs convolution by modulating the exposure time of photodiodes in each
pixel. The resulting values are stored on capacitors, and charge redistribution
seamlessly integrates the multiplication results and performs the accumulation.

In summary, previous research indicates an interest in using spatial filters
for image and video processing on hardware, specifically for edge detection and
noise reduction. These tasks are essential to enhance image quality and enable
extracting relevant information for human users and image-processing or machine-
vision-based systems. The focus is on hardware implementations that utilize the
low power and parallel processing capabilities of CMOS technology, making it
suitable for IoT devices. Performing computations directly at the pixel level offers
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a feasible alternative to traditional digital processors. This approach achieves
low power consumption and high frame rates required by portable devices while
reducing the impact of device mismatch and nonlinearities on accuracy. In-pixel
analog processing during photocurrent integration reduces circuit area overhead
with minimal cost of accuracy.

2.5 Detection and correction defective pixels im-

age sensors

The defective pixel rate is one of the most significant characteristics used to eval-
uate the quality of an image sensor at the end of its manufacturing process and
during its useful life [81, 82, 83]. The occurrence of defective pixels results in
degradation of the overall visual quality of the captured image, which can have a
critical effect on its subsequent interpretation, mainly if additional processing is
performed on the image. For example, using CIS in IoT systems is very attrac-
tive for autonomous vehicles. Continuous data collection in the form of images
enables real-time analysis of the vehicle’s environment, facilitating the decision-
making necessary for proper operation. However, defective pixels can compromise
this capability, leading to erroneous decisions or inaction, putting the lives of pas-
sengers at risk and causing damage to the vehicle [84]. On the other hand, in
home automation, IoT systems use cameras with CIS for biometric recognition
and home security. However, defective pixels in these cameras can cause errors in
person identification or motion detection, compromising system efficiency and pro-
viding an unsafe environment for people [85]. Therefore, defective pixel detection
and correction algorithms are crucial for correctly interpreting the information in
the image. In this work, we focus on online algorithms, which detect defective
pixels in the image sensor from one or more video frames acquired during normal
operation in real time [83, 86, 87]. In particular, we focus on single-frame de-
fective pixel detection algorithms, which are faster and require less memory than
multi-frame algorithms.

Chan [88] proposed a dead pixel detection method that labels a pixel as de-
fective when its value lies outside of an interval defined as [a− r, a + r], where a
is the average of its eight neighbors except for the second-to-largest and second-
to-smallest values and r is the range between these two values. Cho et al. [89]
detected defective pixels based on whether the difference between its value and
the average between two of its neighbors is greater than the mean of the pixel
and its four neighbors or the maximum pixel value minus this mean. These algo-
rithms use only basic operations such as absolute difference, comparison, spatial
neighborhood averages, and rank-ordering. Although they can be implemented ef-
ficiently, these algorithms produce high false positive rates, increasing the number
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of pixel corrections and degrading the resulting image quality [41]. El-Yamany [90]
showed a robust method of identifying singlets and couplets of defective pixels that
uses comparison, averaging, minimum, and maximum operations. They used two
tunable parameters that control the detection sensitivity and specificity. Tchend-
jou et al. [41] proposed an algorithm that flags defective pixels when the difference
between the actual and estimated value is greater than a threshold (or the max-
imum pixel value minus this threshold). The threshold is computed as the mean
between the pixel value and a simple average of its eight neighbors. The estimated
value is computed as a weighted (or, in the simplified version, unweighted) aver-
age of the adjacent pixels. They achieved better sensibility, specificity, Positive
Predictive Value (PPV), and phi-coefficient than [88, 89]. The authors of [91]
proposed an optimization algorithm to detect and correct defective pixels in an
image using two defective pixel detection methods; the first uses the distance be-
tween the pixel and its neighbors [41], while the second uses the dispersion of the
pixel values within a neighborhood window [92]. Yongji et al. [93] used a method
similar to Chan [88] for defective pixel detection, except that they used a 5 × 5-
pixel window to compute the average and excluded the two largest and the two
smallest pixels in this window.

The algorithms described above can achieve good accuracy; however, they
must be programmed on high-performance processors in order to achieve short
processing times. While the subsequent cost in die area and power consumption
of these solutions may not be a limitation in larger applications, they are typi-
cally unsuitable for portable and mobile devices. Consequently, many researchers
have proposed special-purpose processing systems based on custom hardware
architectures in order to focus on speed, portability, and low power consump-
tion [94, 86, 92, 83]. In fully-digital solutions, FPGA are a widely used platform
to implement these architectures thanks to their large fine-grained parallelism and
relatively low cost and power consumption compared to traditional programmable
processors. Kumar et al. [94] implemented real-time non-uniformity correction
and defective pixel detection on a Xilinx XC2S1500 FPGA using a thresholding
criterion based on the mean ± 3 times the standard deviation of the pixel values
within a neighborhood. In [86], the authors implemented a combination of offline
and online defective pixel detection and correction on a Lattice Semiconductors
ECP2 FPGA. In each frame, they computed the difference between the current
pixel and the average of its neighbors and then compared it to a threshold in order
to select candidate defective pixels. If the same pixel was detected in consecu-
tive frames, that pixel was considered to be defective. In [92], the authors used
the median, standard deviation, range, interquartile range, and other statistical
dispersion parameters of pixel blocks to detect and correct defective pixels in an
image. Running their algorithm on a Microblaze microcontroller embedded in a
Xilinx VC707 FPGA, the quality of their results was only slightly lower than those
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in [41] while achieving a 3.5 times faster computation time. Tchendjou et al. [83]
presented a heterogeneous architecture on a Xilinx ZC702 device implementing
three detection algorithms: the first was the algorithm presented in [41]; the sec-
ond was similar to the first, except that it computed the estimated pixel value as
the median of the neighborhood window; the third, described in [92], was faster
and able to achieve slightly better results than the first two, though it used more
hardware resources. Moreover, the last algorithm required five parameters to be
determined empirically based on the images in the dataset.

Despite the advantages of the architectures described above, these custom
digital processors operate outside the CIS, accessing the pixel values sequentially
after analog to digital conversion. This limits the intrinsic data parallelism of the
algorithm, reducing the throughput and increasing the implementation latency.
Moreover, sequential access to the pixel values requires line buffers in the digital
processor to implement window-based operations. As an alternative, all or part of
the operations of the algorithm can be performed in a SIS at the pixel or column
level, usually via analog circuits integrated into the image sensor [95, 96, 40]. This
approach greatly increases the parallelism of the implementation, though at the
cost of increasing the pixel size or decreasing the area available for photodetectors.
Ginhac et al. [97] reported a dynamically configurable parallel processor array in-
tegrated into a CMOS image sensor. A Single Instruction Multiple Data (SIMD)
architecture enabled programmable kernel-based image processing computation
on each pixel. Garcia-Lamont [76] described an analog SIS to compute the Pre-
witt edge detection algorithm using a simple arithmetic analog circuit integrated
with each photodetector in the imaging array. Suárez et al. [98] presented a SIS
for Gaussian pyramid extraction with per-pixel analog processing circuits and lo-
cal analog memories. Gottardi et al. [99] proposed a vision sensor that computes
a four-bit Local Binary Pattern (LBP) for each pixel during the integration time.
They demonstrated using these LBPs to perform software-based image descrip-
tion and retrieval.

The research described above shows the importance of detecting and correcting
defective pixels before displaying or processing an image. While most hardware
implementations of these algorithms have used digital programmable logic devices,
research shows that implementing the computation at the pixel or column level
can greatly improve the parallelism of the implementation. Moreover, performing
the computation in the analog domain during photocurrent integration can reduce
the impact of device mismatch and nonlinearity on the accuracy of the results and
lower the area overhead of the computation circuits.
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2.6 General discussion

High-performance, fully digital solutions, such as FPGA, are extensively employed
in computing tasks involving substantial data volumes and high computational
complexity, particularly in digital image processing, computer vision, and machine
learning. However, these solutions typically receive data serially, necessitating
line buffering and conducting processing post-acquisition and digitization of image
data. This sequential approach increases communication bandwidth requirements
and power consumption. Research indicates that integrating SISs with fully digital
devices presents a robust alternative to enhancing overall system performance,
notably in contemporary IoT systems.

A literature review reveals a critical and growing interest in applying spatial
filters for image and video processing on hardware, with a significant focus on edge
detection and noise reduction. Additionally, addressing defective pixels before
an image is displayed or processed is essential for maintaining the accuracy and
reliability of image processing systems. These issues are not just peripheral but
central to ensuring the system’s overall performance. To this end, our research
emphasizes developing hardware implementations that leverage the advantages of
CMOS technology, including its low power consumption, compact size, high frame
rate capability, and parallel processing efficiency. These attributes make CMOS
technology a viable solution for enhancing IoT devices, tackling these critical
challenges directly, and setting a new standard for performance and reliability in
image processing.

The enhancement of image quality through the reduction of noise and the
correction of defective pixels is of paramount importance in achieving reliable post-
processing outcomes. The process of edge detection is essential for the extraction
of image features and can reduce the data volume transmitted to high-performance
digital devices. In all cases, the level of computing is low, focusing primarily on
pixel-wise addition and multiplication operations within spatial image windows.
This operational simplicity facilitates efficient implementation in analog hardware,
as analog circuits can manage basic pixel-wise computations effectively with less
complexity than digital systems.

Both kernel-based spatial filtering and defective pixel detection benefit from di-
rect pixel-level computations, offering a viable alternative to conventional digital
processors. This approach capitalizes on SISs’ exploitation of pixel-level paral-
lelism, achieving high frame rates and low power consumption, which are crucial
for portable devices. Moreover, conducting computations in the analog domain
during photocurrent integration mitigates accuracy issues from device mismatches
and nonlinearities. In-pixel analog processing during photocurrent integration also
curtails circuit area overhead with minimal compromise on accuracy.

This review demonstrates the potential of SISs in revolutionizing image pro-
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cessing paradigms and there is significant interest in the design of these circuits
and their application in various fields, including IoT. While many SIS have already
been developed, the growing use of portable devices, multimedia systems, and in-
formation acquisition technologies in our daily lives demands increasingly strict
characteristics, such as low power consumption, compact size, high resolution,
and high frame rates. In this context, we focus on two types of processing: noise
reduction and edge detection and the detection and correction of defective pix-
els. These processes enhance image quality and enable the extraction of relevant
information for both human users and image-processing or machine-vision-based
systems.
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3
On-chip kernel-based spatial filter for CMOS

Image Sensor

3.1 Introduction

This chapter outlines the proposed method for kernel-based spatial filtering using
convolution, focusing on noise reduction and edge detection applications. We
detail the CMOS implementation of this method in the analog domain at the pixel
level, leading to the development of the SIS. Additionally, we present results from
post-layout simulations that evaluate the performance of the designed SIS.

3.2 Method

Kernel-based spatial filtering is equivalent to performing a two-dimensional con-
volution with the flipped kernel. The kernel contains the weights to be assigned
to each corresponding pixel in the neighborhood of the original pixel. The convo-
lution consists of traversing the entire image, pixel by pixel, so that each of these
pixels coincides with the central pixel of the kernel, multiplying the matching
values, and then summing to obtain the new value. We can calculate the filtered
image using the following equation:

Zi =
∑
nεW

wnXn(i), (3.1)

where Xn(i) represents the neighborhood pixels of the ith image pixel, n is a linear
index running over the neighborhood region W , wn are the corresponding kernel
values, and Zi represents the result of the kernel-based spatial filtering over the
input image Xn(i). The region W contains the area of the image covered by the
kernel during filtering and the dimensionality of the kernel, which is (2k + 1) ×

21
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(2k + 1), with k being the kernel’s radius, determines the size of this region and,
consequently, the size of the involved variables.

Equation (3.1) may return a negative value, especially for edge detectors whose
value represents the magnitude and orientation of the gradient rather than the
intensity of a pixel due to kernels having both positive and negative values. There-
fore, we focus only on the magnitude of the gradient, which is then represented
as a pixel in an image by the absolute value calculation. The resulting value is
always positive, as shown in the following equation:

Yi =

∣∣∣∣∣∑
nεW

wnXn (i)

∣∣∣∣∣ . (3.2)

where Yi represents the outcome of kernel-based spatial filtering applied to input
image Xn(i), representing the magnitude of the gradient.

This work discusses three sets of filters based on Equation (3.2):

1. Filters that require a single kernel for the convolution, such as the Gaussian
filter for denoising and the x-direction Sobel filter for edge detection, which
generate a pixel value in their output or generate the absolute value of the
gradient, respectively.

2. Filters perform two convolutions using different kernels on the same input
image. The results are then compared to determine which is larger. The
Sobel filter is an example.

3. Filters perform two cascaded convolutions using different kernels, with the
output of the first convolution serving as the input to the second convolution.
An example of such a filter is the Laplacian of the Gaussian (LoG), which
is created by first applying a Gaussian filter to remove noise and then a
Laplacian filter to detect edges.

We implemented Equation (3.2) to support our filter sets under the assump-
tion that the results of spatial filters are always positive. This is because our
application focuses on two main aspects: kernel-based denoising with positive co-
efficients and gradient magnitude calculation for edge detection. In the case of
denoising, filters such as mean and Gaussian, which use positive weights, ensure
that the output remains positive when applied to images. The gradient magni-
tude is inherently positive for edge detection regardless of the individual gradient
signs.

The convolution operation is performed in parallel across all image pixels.
Photodiode currents (representing the pixels) are integrated within a specified
region W during a total integration time T . Although T can theoretically be any
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Figure 3.1: CTIA used to integrate the current of the photodiodes PD0−PD8, convert
it into voltage, and simultaneously calculate the convolution operation.
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Figure 3.2: CTIA configured to integrate the photodiode currents corresponding to (a)
positive values and (b) negative values of the kernel.

value, its minimum limit is defined by the response times of the circuits used in
the hardware. A shorter T enables a higher frame rate, which is crucial for real-
time applications. The integration time of each photodiode is proportional to the
value of the associated kernel coefficient to compute the convolution according
to Equation (3.2), thus avoiding addition and multiplication operations. At the
end, a voltage representing the convolution result is obtained. To perform these
operations, we used a CTIA [100, 101], which consists of a high-gain Operational
Transconductance Amplifier (OTA), a capacitor, and four switches, as shown in
Figure 3.1.

The time T is divided into two equal intervals, T1 and T2, a necessary condition
for the proposed method’s correct operation. T1 is subdivided into intervals equal
to the number of positive kernel values. The duration of each interval is directly
proportional to the associated positive kernel value. The photodiode currents
corresponding to these positive kernel values are integrated during each interval.
Subsequently, the integrated currents are converted into voltages that increase
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over time. To achieve this, switches SWC1 and SWC4 are closed, and switches
SWC2 and SWC3 are opened in the CTIA shown in Figure 3.2a. This will
result in a linear increase in voltage at each subinterval of T1, starting from VREF .
For T2, the procedure is similar, and we integrate the photodiode currents for
negative kernel values, which are then converted to voltages. In the CTIA shown in
Figure 3.2b, to achieve this, switches SWC1 and SWC4 are opened and switches
SWC2 and SWC3 are closed, which causes the capacitor terminals to swap. This
results in an increasing linear voltage at each subinterval of T2 starting from VDD

minus the voltage reached at the end of the interval T1. In all cases, the magnitude
of the photodiode currents defines the slope values of the voltage signals.

Figure 3.3 displays two examples of the integration process of a single pixel over
time T . Each example shows convolution calculations using the same kernel with
positive and negative values but different photodiode current values. T1 and T2 are
each divided into three intervals whose duration is proportional to the positive and
negative kernel values, respectively. The intervals in T1 are w1T1, w3T1, and w5T1,
while in T2 they are w2T2, w4T2, and w6T2. For instance, if the total integration
time T is 16µs, and the kernel values are w1 = 1

8
, w2 = −5

8
, w3 = 1

2
, w4 = −1

4
,

w5 =
3
8
and w6 = −1

8
, then the current for the photodiode associated with positive

values w1, w3 and w5 are integrated for 1µs, 4µs y 3µs, respectively. Subsequently,
the current for the photodiode associated with negative values w2, w4 and w6 are
integrated for 5µs, 2µs and 1µs, respectively. The convolution kernel used can
result in an output voltage either exceeding (red) or falling below (black) the
reference voltage (VREF ) by the end of the integration period (T ). The additional
capacitor switching, illustrated by the black convolution in Figure 3.3a after T , is
only required when the circuit in Figure 3.1 produces an output lower than VREF ,
equivalent to calculating the absolute value.

A particular case occurs when the kernels consist solely of positive values,
such as those found in mean and Gaussian filters used for denoising. In this
scenario, the integration of the photodiode currents takes place over a duration
T1, as illustrated in Figure 3.3b, resulting in a higher frame rate that of Figure 3.3a.
The time T1 is divided into five intervals, each with a duration proportional to the
corresponding kernel values: w0T1, w7T1, w8T1, w9T1, and w10T1. For instance,
if the total integration time T is 16µs, and the kernel values are w0 = 1

2
and

w7 = w8 = w9 = w10 =
1
8
, then the current for the photodiode associated with w0

is integrated for 4µs. The other four photodiodes corresponding to w7, w8, w9,
and w10 integrate for 1µs each. Since all kernel values are positive, the resulting
voltage will consistently increase, ensuring it remains greater than VREF .

For better understanding, we divide the kernel values in the region W of
Equation (3.2) into two subregions, W1 and W2, with all values positive and
negative, respectively, as shown in Equation (3.3).
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Figure 3.3: Convolution method proposed with (a) positive (w1, w3, and w5) and
negative (w2, w4, and w6) kernel values and (b) positive kernel values.

Yi =

∣∣∣∣∣∑
nεW1

wnXn (i) +
∑
nεW2

wnXn (i)

∣∣∣∣∣ (3.3)

Several edge detection filters, such as Robert, Prewitt, and Sobel, utilize nor-
malized kernels with both positive and negative values. The sum of the positive
values equals 1, and the sum of the absolute values of the negative values also
equals 1. Each pixel in the image corresponds to a function of the respective
photodiode current, expressed as Xn(i) = Xmax

Imax
In(i), as shown in the following

equation:

Yi =
Xmax

Imax

∣∣∣∣∣∑
nεW1

wnIn (i) +
∑
nεW2

wnIn (i)

∣∣∣∣∣ , (3.4)

when Imax represents the maximum current of the photodiode, Xmax represents
the maximum intensity value of the image X, and In(i) represents the photodiode
current.
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The circuit depicted in Figure 3.2, when it closes two opposing switches, and
the others remain open, thereby creating a negative feedback loop, becomes an
inverting integrating amplifier with a reference voltage. The term

∑
nεW1

wnIn(i)
of Equation (3.4) is present in the transfer function of this circuit, as shown in
the following equation:

V
′

C(i) =
T1

C

∑
nεW1

wnIn(i) + VREF , (3.5)

where T1 is the integration time of the photodiode currents that match with
the positive values of the kernel W , C is the integration capacitor, V

′
C is the

output voltage at the end of the calculation using values within W1, and VREF =
VDD

2
guarantees that the OTA output signal is symmetrical and has a maximum

dynamic range. VDD is the supply voltage.

A second integration process, initiated from the voltage V
′
C , yielded Equa-

tion (3.6), which included the term
∑

nεW2
wnIn(i) of Equation (3.4).

VC(i) = −
T2

C

∑
nεW2

wnIn(i) + VDD − V
′

C(i) (3.6)

T2 is the integration time of the photodiode currents that match with the
negative values of the kernel W and VC is the output voltage at the end of T2.

Subsequently, by substituting Equation (3.5) into Equation (3.6) and consid-
ering T1 = T2 =

T
2
, we can deduce Equation (3.7), which enables the computation

of the convolution operation on an image using the circuit depicted in Figure 3.1.

VC(i) = VREF −
T

2C

[∑
nεW2

wnIn(i) +
∑
nεW1

wnIn(i)

]
(3.7)

By rearranging Equation (3.7), we derive Equation (3.8), which illustrates that
the convolution operation can be executed by controlling the integration time of
each photodiode.

VC(i) = VREF −
1

C

[∑
nεW2

(wnT2)In(i) +
∑
nεW1

(wnT1)In(i)

]
(3.8)

if we develop algebraically the Equation (3.7), we get:
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Figure 3.4: Relationship between the CTIA output voltage and the resulting pixel
value of the kernel-based image filter.

[∑
nεW2

wnIn (i) +
∑
nεW1

wnIn (i)

]
=

2C

T
[VREF − VC (i)] (3.9)∣∣∣∣∣∑

nεW2

wnIn (i) +
∑
nεW1

wnIn (i)

∣∣∣∣∣ = 2C

T
|VREF − VC (i)| (3.10)

Xmax

Imax

∣∣∣∣∣∑
nεW2

wnIn (i) +
∑
nεW1

wnIn (i)

∣∣∣∣∣ = 2CXmax

TImax

|VREF − VC (i)| (3.11)

Comparing Equation (3.4) and Equation (3.11), we get:

Yi =
2CXmax

TImax

|VREF − VC(i)| (3.12)

In order to guarantee that, if VC(i) is equal to either 0 or VDD, the output
pixel value will be Xmax, and that, in the case where VC(i) is equal to VREF , the
output value pixel will be 0; we define VREF = TImax

2C
. Consequently, we obtain

the Equation (3.13) and its graphic representation in Figure 3.4.

Yi =
Xmax

VREF

|VREF − VC(i)| (3.13)

Figure 3.4 shows the relationship between the CTIA output voltage shown in
Figure 3.1 and the resulting value of the kernel-based image filter represented as
a pixel. The CTIA output voltage can take values between 0 and VDD, while the
value resulting from the filter can take values between 0 and Xmax.
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3.3 SIS architecture

The designed Smart Image Sensor integrates a kernel-based spatial filter for de-
noising and edge detection at the pixel level in the analog domain. This implemen-
tation contributes to decreasing power consumption and increasing frame rates,
although it increases the fill factor of the imager (i.e., the ratio between the die
area occupied by the photodetector and the area of the entire pixel circuit).

3.3.1 Kernel-based spatial filter circuit

The proposed kernel-based spatial circuit is part of our smart pixel implemented
at the pixel level in the analog domain. Each smart pixel in the SIS comprises
a photodiode and a circuit that performs spatial filtering using a 3 × 3 kernel
(Figure 3.5). This circuit consists of a custom CTIA (See Section 3.2), Sample
& Hold circuit, CTIA switches control circuit, maximum selector circuit, and
voltage to current converter. The CTIA receives current from photodiode PD0

and its neighboring photodiodes PD1 to PD8. Additionally, it receives a current
value from each of its eight neighbors corresponding to their values obtained in a
previous spatial filtering. The latter currents are only necessary in the third set
of filters presented in Section 3.2. The SIS generates an output voltage V0, which
corresponds to the absolute value of the spatial filtering result.

The CTIA consists of a two-stage OTA with high gain [100, 101], a capac-
itor and four switches controlled by the outputs of the CTIA switches control
circuit (signal SW1′ for the switches SWC1 and SWC4, and signal SW2′ for
the switches SWC2 and SWC3). We use the CTIA circuit because of its high
precision, wide dynamic range, high linearity, and high SNR [102, 103]. This con-
figurable architecture makes it possible, by switching the switches, to integrate
the photodiode current in one of the two possible directions for a required time
and to produce a voltage that represents the convolution made on the intensity
of the light captured by its photodiode and the photodiodes of its neighbors.

The circuit shown in Figure 3.5 has three modes of operation corresponding to
the three sets of filters presented in Section 3.2. In all cases, the CTIA performs the
integration process in two phases of equal duration, the total time being T . The
first phase integrates the currents generated by the photodiodes associated with
the positive values of the kernel (SWC1 and SWC4 open, and SWC2 and SWC3
closed). The second phase integrates the currents generated by the photodiodes
associated with the negative values of the kernel (SWC1 and SWC4 closed, and
SWC2 and SWC3 open).

For better understanding, this method will denote each pixel within the 3× 3
distribution P0− P8, as shown in Figure 3.1.

Figure 3.6 shows the activation of the switches SWP3, SWP5, and SWP8
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Figure 3.5: Spatial filtering circuit capable of performing single kernel-based, different
kernel-based operations on the same input image, and cascaded kernel-based operations.

during T/8, T/4, and T/8, respectively, in the first phase, according to the kernel
in the x-direction of the Sobel filter (See Figure 3.15g). In the second phase,
switches SWP1, SWP4, and SWP6 are activated during T/8, T/4, and T/8,
respectively. The duration of both phases is T/2. First, VREF1 is set to 0 V,
which sets the output of comparator COMP2 to logic 0. External signals SW1
and SW2 then control the CTIA switches. The value of VREF1 changes to VDD/2
before the end of the second phase. At the end of the second phase, the output
of comparator COMP2 is set to logic 1 if VC > VREF1. This results in a logical
inversion of the signals SW1′ and SW2′, which exchange the terminals of the
integration capacitor C. The operation ensures the calculation of the absolute
value of the spatial filter output. The capacitor CSH is discharged by keeping the
switch SWSH open. Thus, the comparator COMP1 outputs logic 0, enabling the
CTIA output (VC) to pass through the analog multiplexer to the circuit output
V0. The remaining input and all V-I input switches remain open. If the kernel
values are positive, the total integration time is halved because there is no second
phase. In addition, VC is always greater than VREF , so swapping the integration
capacitor C terminals is unnecessary.

The Sobel filter computation relies on the activation of switches SWP1-SWP8,
illustrated in Figure 3.7. This Figure also depicts the outputs of the CTIA (VC)
and spatial filtering circuit (V0). The Sobel kernels are used independently in the
x- and y-directions but with the same pixel window of the image. The circuit first
calculates the x-direction Sobel filter as a single kernel (See Figure 3.15g). At the
end of its second phase, as VC is lower than VREF1, comparator COMP2 outputs
a logic 1, and the signals SW1′ and SW2′ are inverted, resulting in a change in the
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Figure 3.6: Input select switches states and output voltage of the circuit for computing
the x-direction Sobel filter.

polarity of the integration capacitor C. Thus, it guarantees that VC is greater than
VREF1 due to the comparator output changing to a logic 0, while the signals SW1′

and SW2′ remain unaltered. The Sample & Hold circuit stores the value VC in
the capacitor CSH for a time TSH . Once the value is stored, comparator COMP2
and CTIA are reset, and capacitor C is discharged. The circuit then calculates
the Sobel filter in the y-direction as a single kernel (See Figure 3.15h) using the
same method. Comparator COMP2 performs the same comparison as before
to ensure that VC is greater than VREF1. Finally, the maximum selector circuit
determines which of the x-direction or y-direction filter results is the largest. If
VSH > VC , the x-direction filter result is greater; otherwise, the filter result in the
y-direction is greater. As in the previous case, the rest of the input and none of
the V-I input selector switches are unused.

The LoG filter applies the modified Laplacian filter to an image filtered with a
Gaussian filter, using the kernels shown in Figure 3.15i and Figure 3.15b, respec-
tively. The circuit first calculates the Gaussian filter for a duration of T/2, which
is determined by the external signals SW1 and SW2, which have values of 1 and
0, respectively. Figure 3.8 displays the activation of the switches SWP0-SWP8
necessary for the computation of the Gaussian filter. The voltages resulting from
this filter are always greater than VREF1 = 0. During this phase, none of the V-I
input selectors are used. The voltage is stored in capacitor CSH using a Sample
& Hold circuit by closing switch SWSH for a duration of TSH . Later, the CTIA
circuit is reset, and the V-I circuit converts the stored voltage into current. As
a result, each spatial window filter circuit has its current, and when combined
with the currents of neighboring circuits, it is possible to calculate the modified
Laplacian filter. Figure 3.8 also illustrates the activation of switches SWP0i dur-
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Figure 3.7: Input-select switches states, output voltage of the CTIA and output voltage
of the circuit for computing the full Sobel filter.

ing T/2 in the first phase, according to the kernel of the modified Laplacian filter
(See Figure 3.15i). In the next phase, the switches SWP2i, SWP4i, SWP5i,
and SWP7i are sequentially activated at T/8. The CTIA switches are directly
controlled by signals SW1 and SW2 due to VREF1 = 0 and the output of com-
parator COMP2 being a logic 0. The capacitor CSH is intentionally discharged
to display the value VC at the output of the Maximum selector circuit. The input
selector switches remain open during this final filtering process.

The schematic diagram of the two comparators used in the proposed kernel-
based spatial filtering circuit is shown in Figure 3.9. Both are discrete-time (dy-
namic) CMOS comparators with two stages: latch-type sense amplifier and RS-
NAND latch. They have high input impedance, high speed, and low power. When
CLK = 0, VOP and VON inputs of the RS-NAND latch are driven to VDD, with
M1 off and M8 −M9 on. During this state, the output of the RS-NAND circuit
remains unchanged. When CLK = VDD, M1 is on while M8 −M9 are off. VOP

and VON start to decrease from VDD at different rates depending on the corre-
sponding input voltages (VIP and VIN). Assuming that VIP > VIN , the voltage
VOP decreases faster than VON , reaching the value of VDD−Vthp. When M6 turns
on, it initializes latch generation through two cross-coupled inverters. As a result,
VON becomes VDD and VOP falls to ground. Thus, it causes the R-S NAND, and
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Figure 3.8: Input select and V-I input select switches states and output voltage for
computing the LoG filter.

consequently the full circuit, to show a logic 1 at the output V0. A similar analysis
applies when VIP < VIN , resulting in a logic 0 at the output of the circuit.

The circuit depicted in Figure 3.10 is a modified version presented in [104],
designed to achieve the required voltage and current ranges. The PMOS transis-
tor M3 performs the voltage-to-current conversion. M1 and M2 form a damping
circuit to increase the linear input voltage range. The remaining circuit consists
of current mirrors, which enable the desired output current range to be obtained
by modifying their geometry.
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Figure 3.9: Discrete-time CMOS comparator.

Figure 3.10: Voltage-to-current converter circuit.

3.3.2 General readout circuit

Figure 3.11 displays the SIS, which consists of a 128× 128 smart pixel array and
other modules such as Row select & control signal, Analog column multiplexer,
External digital device, and Output stage. Each smart pixel comprises a photodi-
ode and a kernel-based spatial filter circuit. The smart pixel array and the analog
column multiplexer that generate the output require precise timing and control
signals provided by a dedicated External digital device.

Each smart pixel receives 22 signals that directly control the switches in the
circuit. These signals include photodiode input selection (9 signals), V-I input (9
signals), CTIA (2 signals), Sample & Hold (1 signal), and row selection (1 signal).
Additionally, each smart pixel has an output corresponding to the filtered voltage
generated by its kernel-based spatial filter circuitry. After completing the voltage
calculations within each pixel, the 128 rows are sequentially activated. The analog
column multiplexer enables serial access and output of individual pixel voltage
values, resulting in 128 values.
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Figure 3.11: SIS controlled by External digital device.

3.4 Results

3.4.1 Physical layout

The Electronic Design Automation (EDA) tools used in this work include LTSpice
for simulations and the Electric VLSI Design System for layout and verification.
These tools support various verification processes, such as Design Rule Check-
ing (DRC), Electrical Rule Checking (ERC), and Network Consistency Check-
ing (NCC). We performed a physical design of the kernel-based spatial filtering
circuit in a 0.35 µm mixed-signal CMOS process with two poly layers, three metal
layers, and a 3.3 V supply voltage, as shown in Figure 3.12.

With a single-phase integration time of 9 µs, a maximum photodiode cur-
rent of 18 nA, and a double-poly capacitor with a capacitance per unit area
of 950 aF/µm2, the pixel necessitates a 100 fF integration capacitor measuring
13.1 µm by 8.0 µm.

The fill factor is a crucial metric when evaluating the impact of adding com-
puting capacity to a pixel. A high fill factor in an image sensor improves higher
light sensitivity, a better SNR, and higher image resolution, resulting in sharper
and more detailed images in a different lighting conditions [30, 21, 105]. The
spatial filter circuit has an area of 63.4 µm by 51.3 µm. With a pixel size of
64 µm by 64 µm [106], the circuit achieves a fill factor of 20.6 %. This means the
area occupied by the circuit within the pixel is approximately four times larger
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Figure 3.12: Layout of kernel-based spatial filter circuit.

than that of the photodetector. While this fill factor is relatively low, it is typical
for CIS designed with 0.35 µm technology that incorporate pixel-level computa-
tion. For instance, reported fill factor values in the literature include 16.3 % [107],
5.7 % [108], 12.6 % [109], 17.7 % [110], and 2.7 % [106]. The pixel containing
only the CTIA, which does not allow any computation but only performs the in-
tegration of the photocurrent, has a fill factor of 70.4 %. If the goal is to enhance
this pixel by adding computational capacity for convolution with a single kernel,
only eight input switches are needed to connect with neighboring pixels. However,
this modification reduces the fill factor to 68.6 %.

Although the results presented in this section are based on the physical design
in a 0.35 µm process, in order to assess scalability, the design was adapted to a
standard 0.18 µm process with a supply voltage of 1.8 V. This design included
Metal Insulator Metal (MIM) capacitors [24, 79, 73, 80, 19], which exhibit a
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capacitance per unit area of 2 fF/µm2. The spatial filter circuit in the 0.18 µm
process has a total area of 32.9 µm by 26.8 µm, achieving a fill factor of 78.4 %
in the same 64 µm by 64 µm size pixel. When considering only the CTIA, the fill
factor is 92.6 %, while when adding the eight input switches that connect with
the neighbors, the fill factor decreases to 91.5 %.

Post-layout kernel-based spatial filter circuit simulations require an integra-
tion time of 9 µs plus 50 ns to reset the integration capacitor after each single
convolution. The time required by the comparators and Sample & Hold circuits is
0.1 µs. The complete circuit operates in parallel for all pixels in the image. During
readout, the row-select circuit exhibits a delay of 60 ns, and the column multi-
plexer circuit has a delay of 80 ns. Taking the Sobel of the Gaussian (SoG) filter
as a reference, which is the filter that requires the most computational time due
to its three-kernel operation, the readout time for the complete array is 1.34 ms,
allowing for the processing of images at a maximum frame rate of 743 fps.

3.4.2 Post-layout simulation

Two hundred images with varying degrees of brightness, contrast, and DR were
randomly selected from the Linnaeus 5 dataset [1] for evaluating our kernel-based
spatial filter circuit. All images have a resolution of 128×128 pixels, which aligns
with the dimensions of the proposed CMOS readout circuit array. In the case
of the mean, Gaussian, LoG, and SoG filters, Gaussian noise with a standard
deviation of 0.01 was added to the images.

Figure 3.13 illustrates a post-layout simulation of the proposed spatial filter
configured as Sobel filter. We selected the Sobel filter because, as explained in
Section 3.2, it is present in the three sets of filters. The graph shows three output
voltage signals: the CTIA (VC) in blue, the Sample & Hold circuit (VSH) in
green, and the spatial filter (V0) in red. Initially, the circuit enters a reset state
for 50 ns, resulting in the outputs of the CTIA and SIS being VDD/2 = 1.65V .
During the next 18 µs, Sobel filtering is conducted in the x-direction. At the
end of this stage, the resulting voltage is stored in the Sample & Hold capacitor,
followed by another reset. Subsequently, the circuit performs Sobel filtering in the
y-direction for another 18 µs, and it compares the result to the previously stored
value. Finally, the spatial filter outputs the higher of the two voltages.

Moreover, the time required for the comparators and Sample & Hold circuits
is 0.1 µs. The complete circuit operates efficiently in parallel for all pixels in the
image. During readout, the row-select circuit introduces a delay of 60 ns, while
the column multiplexer circuit adds a delay of 80 ns. Referencing the denoising
filter (mean or Gaussian) and SoG filter, which require the lowest and highest
computational times, respectively, the total readout times for the complete array
are 1.33 ms and 1.34 ms. This allows image processing at frame rates ranging



3. On-chip kernel-based spatial filter for CMOS Image Sensor 37

y-direc�on Sobel filter

Sample & Hold 

opera�on

and reset

reset comparison

x-direc�on Sobel filter

Figure 3.13: Post-layout simulation of the proposed kernel-based spatial filter config-
ured as a Sobel filter for edge detection. The voltage signals displayed are the output
of the CTIA (VC) in blue, the output of the Sample & Hold circuit (VSH) in green, and
the output of spatial filter (V0) in red.

from 743 to 752 fps.
On the other hand, when you configure the proposed SIS as a LoG or SoG

filter, the V-I circuit shown in Figure 3.10 significantly affects its performance.
Figure 3.14 shows the simulated and ideal DC transfer characteristics of the V-I
circuit using blue and red colors, respectively. According to the DC response, we
use two different errors to validate this circuit: the output error is the deviation
of the output current at each point from its ideal value, and the linearity error is
the deviation of a straight line passing through the simulated V-I characteristic
points.

The output error of our voltage-to-current converter circuit is 5.1 %, and the
linearity error is 2.0 %. While some reported designs have achieved output errors
below 2.5 % and linearity errors under 0.8 % [111, 112, 113], our circuit utilizes
fewer transistors and generates a narrower output current range in the nanoampere
(nA) range. This tradeoff between error rates and circuit complexity emphasizes
the advantages of our design.

3.4.3 Circuit performance

In this section, we will evaluate the performance of our CIS operating as various
kernel-based spatial filters. We show the result of applying our spatial filter to
images taken from the Linnaeus 5 dataset [1], some of which we added Gaussian
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Figure 3.14: Simulated and ideal DC transfer characteristic of the V-I circuit.

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Figure 3.15: 3 × 3 filter kernels used for conducted tests: (a) mean, (b) Gaussian,
(c) x-direction Robert, (d) y-direction Robert, (e) x-direction Prewitt, (f) y-direction
Prewitt, (g) x-direction Sobel, (h) y-direction Sobel, (i) modified Laplacian, and (j)
Laplacian.

noise with a standard deviation of 0.01. To evaluate the performance of the
hardware implementation, we will compare it with its software implementation
using the same kernel. We use the eight 3 × 3 kernels shown in Figure 3.15. In
order to apply our spatial filter to an input image and generate an output image,
we employed the following methodology. We converted the pixel values in the
input image to currents ranging from 0 to 18 nA, which simulated the operation
of a photodiode. Subsequently, we conducted a post-layout Spice simulation of
the circuits to produce the pixel values required to form the output image using
the circuit. Finally, the output pixel voltages ranged from 0 to 3.3 V and were
converted to values between 0 and 255 to display the output images.

First, we will evaluate the mean and Gaussian filters whose kernels are shown
in Figures 3.15a and 3.15b. Figure 3.16 illustrates the images utilized in the
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(a) (b)

(c) (d)

(e) (f)

Figure 3.16: Noise reduction using a 3×3 kernel-based spatial filter circuit: (a) original
image (from Linnaeus 5 dataset [1]), (b) image with added Gaussian noise, (c) software-
based mean filter, (d) hardware-based mean filter, (e) software-based Gaussian filter,
and (f) hardware-based Gaussian filter.

3 × 3 kernel-based spatial filter circuit operation for noise removal. Figure 3.16a
is the reference image taken from the Linnaeus 5 dataset [1], while Figure 3.16b
displays the result of contaminating the reference image using Gaussian noise with
a standard deviation of 0.01. Figures 3.16c and 3.16e display the outputs of the
mean and Gaussian spatial filters, respectively, implemented in software using the
kernel presented in Figure 3.15a and 3.15b. Meanwhile, Figures 3.16d and 3.16f
show the output images of the mean and Gaussian spatial filters implemented by
the proposed circuit using the same kernel. A visual inspection of the resulting
images of the proposed circuit (Figures 3.16d and 3.16f) indicates that they are
visually indistinguishable from their corresponding software versions.
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To evaluate the results quantitatively, we employed three image quality met-
rics: Mean Square Error (MSE), Peak Signal to Noise Ratio (PSNR), and Structural
Similarity Index Measure (SSIM) [114]. In all cases, the subscripts R and 0 refer
to the images resulting from the software and hardware spatial filter computa-
tions, respectively. The software-generated image is the reference image, while
the hardware-generated image is the tested image. The MSE is calculated by
averaging the squared pixel intensity differences between the reference and test
images and can be calculated by the following equation:

MSE =
1

M ×N

M∑
i=1

N∑
j=1

(X0(i, j)−XR(i, j))
2 , (3.14)

where XR is the reference image, X0 is the tested image, and M and N are the
dimensions of the images.

The PSNR metric is defined based on the pixel with the highest intensity value
in the image and the MSE, as shown in the following equation:

PSNR = 10× log
(2n − 1)2

MSE
, (3.15)

where n is the number of bits used to encode the intensity value of a pixel.

The SSIM is a metric used to assess the quality of images by measuring their
similarity based on luminance, contrast, and structure, as shown in the following
equation:

SSIM =
1

M ×N

M∑
i=1

N∑
j=1

2µ0 (i, j)µR (i, j) + C1

µ2
0 (i, j) + µ2

R (i, j) + C2

× 2σ0 (i, j)σR (i, j) + C1

σ2
0 (i, j) + σ2

R (i, j) + C2

× σ0,R (i, j) + C3

σ0 (i, j)σR (i, j) + C3

,

(3.16)

where C1, C2 and C3 are small constants, µ0 and µR are the sample spatial stan-
dard deviation at the ijth element of the resulting hardware and reference image,
σ0 and σR are the sample spatial standard deviation at the ijth element of the
tested and reference image, and the σ0,R is the sample cross-covariance at the ijth
element of the covariance image between resulting hardware and reference image.

Table 3.1 compares MSE, PSNR, and SSIM performance metrics for spatial
filters that remove Gaussian noise. Compared to other denoising filters in the lit-
erature, our proposed circuit performance was validated using post-layout Spice
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Table 3.1: Comparison of MSE, PSNR. and SSIM performace metrics of spatial filters
for removing the Gaussian noise.

Filter Resolution MSE PSNR SSIM
[34] (mean) - 4.74 41.37 0.99

[34] (binomial) - 3.02 43.32 0.99
[35] 275× 300 11.64 37.47 -
[115] 100× 100 4.87 41.25 0.85
[116] 28× 28 241.59 24.30 0.80
mean* 128× 128 0.90 48.55 0.99

Gaussian* 128× 128 0.98 48.19 0.99

*Proposed.

simulations for both mean and Gaussian filter configurations. The experiment uti-
lized 200 randomly selected 128×128-pixel images from the Linnaeus 5 dataset [1],
with Gaussian noise added at a standard deviation 0.01. The reference and test
images were obtained using different software and hardware. Our mean and Gaus-
sian filters achieved a significantly lower MSE (3.35x and 3.08x smaller, respec-
tively) and higher PSNR (5.23 dB and 4.87 dB larger, respectively) compared
to other works. Based on the SSIM metric, our results match those of other
works with a value of 0.99. This is a positive outcome because the integration
capacitor of the CTIA is charged linearly using photodiode currents, and with the
voltage VREF at the non-inverting input of the CTIA, it is possible to estimate
and compensate for the impact of the charge injection received by the integration
capacitor.

Additionally, we evaluate our proposed spatial filter for edge detection using a
3× 3 single kernel, as presented in Figure 3.18. Figure 3.17 is the reference image
from the Linnaeus 5 dataset [1]. The output images of the x-direction Roberts,
y-direction Roberts, x-direction Prewitt, y-direction Prewitt, x-direction Sobel,
y-direction Sobel, modified Laplacian and Laplacian spatial filters implemented
in software using the kernel presented in Figure 3.15c- 3.15j are shown in Fig-
ure 3.18a- 3.18h, respectively. Figure 3.18i- 3.18p show the output images of the
x-direction Roberts, y-direction Roberts, x-direction Prewitt, y-direction Prewitt,
x-direction Sobel, y-direction Sobel, Laplacian and modified Laplacian spatial
filters implemented by the proposed circuit using their respective kernels.

The images produced by the proposed circuit, configured as x-direction and
y-direction Roberts filters and shown in Figure 3.18i and Figure 3.18j, respec-
tively, exhibit a high similarity to their software-generated counterparts. In the
remaining images obtained from the proposed circuit, as illustrated in Figure 3.18,
there is a slight increase in pixel intensity, noticeably visible in areas that should
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Figure 3.17: Original image (from Linnaeus 5 dataset [1] used by spatial filter circuit
for edge detection with 3× 3 single kernel.

appear black. These regions are highlighted using rectangles with colored edges:
dark blue for the hardware and software images resulting from the x-direction
Prewitt filter, light blue for those from the y-direction Prewitt filter, dark green
for the x-direction Sobel filter, light green for the y-direction Sobel filter, dark ma-
genta for the Laplacian filter, and light magenta for the modified Laplacian filter.
This visual discrepancy primarily arises from charge injection into the integration
capacitor when the input switches are activated, occurring multiple times during
both integration phases. Nevertheless, an acceptable similarity remains between
the hardware and software images.

Figure 3.19 illustrates the images involved in operating the spatial filter cir-
cuit for edge detection using two 3×3 kernels in the x- and y-directions: Roberts,
Prewitt, and Sobel. The Roberts filter necessitates the kernels depicted in Fig-
ure 3.15c and Figure 3.15d, the Prewitt filter relies on the kernels from Figure 3.15e
and Figure 3.15f, and the Sobel filter utilizes the kernels from Figure 3.15g and
Figure 3.15h. The original image is shown in Figure 3.18a. The output images of
the Roberts, Prewitt, and Sobel spatial filters are shown in Figures 3.19a, 3.19b,
and 3.19c, respectively. Figures 3.19d, 3.19e, and 3.19f show the output images
of the Roberts, Prewitt, and Sobel spatial filters, respectively, obtained by the
proposed circuit.

The images used in the operation of the spatial filter circuit for edge detection,
as depicted in Figure 3.20, include those generated by cascaded 3×3 kernels, com-
prised of Laplacian of the Gaussian and Sobel of the Gaussian filters. The first
kernel employed by both is the Gaussian kernel, as illustrated in Figure 3.15b. The
second kernel utilized by the LoG filter is depicted in Figure 3.15i. In contrast,
the SoG filter necessitates the inclusion of two additional kernels, as shown in Fig-
ure 3.15g and Figure 3.15h. The original image is presented in Figure 3.16a. The
output images of the LoG and SoG spatial filters implemented by the proposed
circuit using the corresponding kernels are presented in Figure 3.20b and 3.20d,
respectively.

Table 3.2 compares the MSE, PSNR, and SSIM performance metrics of spatial
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Figure 3.18: Spatial filter circuit for edge detection using 3 × 3 single kernel: (a)
software-based x-direction Roberts filter, (b) software-based y-direction Roberts filter,
(c) software-based x-direction Prewitt filter, (d) software-based y-direction Prewitt fil-
ter, (e) software-based x-direction Sobel filter, (f) software-based y-direction Sobel fil-
ter, (g) software-based Laplacian filter,(h) software-based modified Laplacian filter, (i)
hardware-based x-direction Roberts filter, (j) hardware-based y-direction Roberts filter,
(k) hardware-based x-direction Prewitt filter, (l) hardware-based y-direction Prewitt fil-
ter, (m) hardware-based x-direction Sobel filter, (n) hardware-based y-direction Sobel
filter, (o) hardware-based Laplacian filter, and (p) hardware-based modified Laplacian
filter.

filters for edge detection using the same dataset as Table 3.1. We use post-layout
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Figure 3.19: Spatial filter circuit for edge detection using two 3 × 3 kernel on the
original image in Figure 3.18a: (a) software-based Roberts, (b) software-based Prewitt,
(c) software-based Sobel, (d) hardware-based Roberts, (e) hardware-based Prewitt, and
(f) hardware-based Sobel.

Spice simulations to validate the proposed circuit performance. The filters in-
cluded x-direction Roberts, y-direction Roberts, Roberts, x-direction Prewitt, y-
direction Prewitt, Prewitt, x-direction Sobel, y-direction Sobel, Sobel, Laplacian,
modified Laplacian, LoG, and SoG. The reference images were obtained using
software, while the test images were obtained using hardware. The single-kernel
spatial filters, including x-direction Roberts, y-direction Roberts, x-direction Pre-
witt, y-direction Prewitt, x-direction Sobel, and y-direction Sobel, did not outper-
form [19, 73, 76] in terms of MSE and PSNR, but they produced similar results.
The y-direction Sobel filter exhibited the worst case, with an MSE of 6.27 and a
PSNR of 40.15 dB. According to the SSIM metric, the results are excellent and
similar to [19, 73, 76]. While the Roberts, Prewitt, and Sobel filters maintain the
excellent SSIM performance of the previous group, their MSE and PSNR metrics
slightly worsen. The worst case is shown by Sobel with 9.81 and 38.21 dB of MSE
and PSNR, respectively. Finally, the LoG and SoG filters show a more significant
drop in SSIM, with the SoG value decreasing by 0.11 compared to [73] as the worst
case. According to the MSE and PSNR metrics, the LoG filter achieved the best
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(a) (b)

(c) (d)

Figure 3.20: Spatial filter circuit for edge detection using two cascaded convolutions
with 3×3 different kernels on the original image in Figure 3.16b: (a) software-based LoG
filter, (b) hardware-based LoG filter, (c) software-based SoG filter, and (d) hardware-
based SoG filter.

result among our proposed filters, with values of 4.04 and 42.06 dB, respectively.
The SoG filter exhibits MSE and PSNR metrics comparable to the y-direction
Sobel filter. Although these results fall short of the work presented in [19, 73, 76]
regarding MSE, PSNR, and SSIM metrics, they are still considered good in image
processing and computer vision [114, 117]. The results are primarily influenced
by the charge injection received in the integration capacitor during integration in
both directions. Charge injection errors have a more pronounced impact when
employing two cascaded convolutions with different kernels.

Also, we use the Pratt Figure of Merit (PFoM) metric [118] to evaluate the per-
formance of a kernel-based spatial filter configured for edge detection. The PFoM
metric measures the accuracy of an edge detector in identifying and localizing
true edges in an image, as shown in the following equation:

PFoM =
1

max (NXR, NX0)

NXR∑
i=1

1

1 + ad2 (i)
, (3.17)

where NXR and NX0 are the number of pixels of the reference and tested image,
respectively, d is the distance of separation of an tested edge point to a line of
reference edge points and a is the scaling constant (=1/9 following Pratt’s original
work).
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Table 3.2: Comparison of MSE, PSNR and SSIM performance metrics of edge detection
filters.

Filter Resolution MSE PSNR SSIM
[73] 500× 500 0.71 49.65 0.99
[74] 100× 100 16.53 35.95 0.86
[71] 512× 512 93.99 28.40 0.85
[70] 356× 533 - - 0.82
[76] 16× 16 2.59 44.00 -
[19] 128× 128 0.38 52.3 -

x-direction Roberts* 128× 128 4.74 41.57 0.97
y-direction Roberts* 128× 128 4.68 41.42 0.97

Roberts* 128× 128 7.18 39.57 0.95
x-direction Prewitt* 128× 128 5.80 40.49 0.96
y-direction Prewitt* 128× 128 6.09 40.28 0.96

Prewitt* 128× 128 9.42 38.39 0.94
x-direction Sobel* 128× 128 5.84 40.46 0.96
y-direction Sobel* 128× 128 6.27 40.15 0.96

Sobel* 128× 128 9.81 38.21 0.94
Laplacian* 128× 128 5.13 41.02 0.95

modified Laplacian* 128× 128 5.18 40.98 0.94
LoG* 128× 1288 4.04 42.06 0.89
SoG* 128× 128 9.91 38.17 0.88

*Proposed.

Table 3.3: Comparison of PFoM metric of edge detection filters.

Filter PFoM (%)
[24] 68.94
[38] 95.38
[72] 98.89

Roberts* 95.97
Prewitt* 99.92
Sobel* 99.94

Laplacian* 95.59
modified Laplacian* 93.15

*Proposed.
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Table 3.3 compares the proposed circuit and some edge detection filters pro-
posed in the literature to verify the effectiveness of edge detection using the PFoM.
We chose a reference edge image obtained by the software-based Sobel because it
is most suitable for diagonal edge detection and less sensitive to noise [119]. The
Prewitt and Sobel filters give the best results, while the Roberts, Laplacian, and
modified Laplacian filters reduce the PFoM by 6.79 %. The increased sensitivity
of the last three filters to small changes in intensity and their susceptibility to
noise leads to the detection of false edges that decrease the value of the PFoM
metric.
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4
A CMOS Image Sensor with on-chip defective

pixel detection and correction

4.1 Introduction

In this chapter, we outline the proposed algorithm for detecting defective pixels.
We detail the CMOS implementation of this algorithm in the analog domain at
the pixel level and implement a median filter for correcting the identified defective
pixels at the column level, resulting in the SIS. Additionally, we present the
results obtained from post-layout simulations, which evaluate the performance of
the designed SIS.

4.2 Method

The circuits in our SIS implement detection and correction algorithms for defec-
tive pixels. We detect defective pixels by comparing each pixel value to its four
neighbors (north, south, east, and west). The correction algorithm replaces the
defective pixel value with the median of the same neighbors. In the rest of this
section, we describe our proposed pixel detection algorithm.

Our proposed algorithm for detecting defective pixels modifies the algorithm
presented in [41] to make it more suitable for implementation on analog hardware.
The original algorithm operates within a single-image frame, first defining a 3 ×
3-pixel window centered on the pixel under test, denoted as P0, as shown in
Figure 3.1.

If P0 has neither the smallest nor the largest value in the window, the algorithm
assumes that the pixel is not defective and continues with the next pixel in the
image. Otherwise, P0 is marked as possibly defective, and the algorithm computes
an estimate for its value as the average of its eight neighbors, as described in

49
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Equation (4.1):

Pest =
1

8

8∑
i=1

Pi, (4.1)

where Pest is the estimated value for P0 and P1 − P8 are its neighboring pixels in
the 3× 3-pixel window. Then, the algorithm computes the average and difference
between P0 and Pest, as described in Equations (4.2) and (4.3):

Pavg =
Pest + P0

2
(4.2)

Pdiff = |Pest − P0| . (4.3)

The algorithm marks P0 as a defective pixel when Pdiff is greater than the
absolute difference between Pavg and the minimum (0) or maximum (Pmax) pixel
value, as described in Equations (4.4) and (4.5):

Pdiff > Pavg (4.4)

Pdiff > Pmax − Pavg, (4.5)

where Pmax is the maximum possible value of any pixel in the image.
Assuming that P0 < Pest and substituting Equations (4.2) and (4.3) into Equa-

tions (4.4) and (4.5), the algorithm marks P0 as a dead pixel when one of the
conditions described in Equations (4.6) and (4.7) are met:

P0 <
1

3
Pest (4.6)

P0 < 3(Pest −
2

3
Pmax). (4.7)

Likewise, when P0 ≥ Pest, substituting Equations (4.2) and (4.3) into Equa-
tions (4.4) and (4.5), the algorithm marks P0 as a hot pixel when it meets one of
the conditions in Equations (4.8) and (4.9):

P0 > 3Pest (4.8)

P0 >
1

3
(Pest + 2Pmax). (4.9)

In order to simplify the hardware implementation of the algorithm, we propose
the following changes to the original algorithm:

1. We use only four pixels in the 3 × 3-pixel neighborhood to compute the
estimated value of P0, as follows:

Pest = (P2 + P5 + P7 + P4)/4. (4.10)
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2. Instead of using computation to determine whether P0 is the pixel with the
maximum or minimum value in the neighborhood, we mark P0 as possibly
dead when P0 < PL and possibly hot when P0 > PH , with PL = 0.05Pmax

and PH = 0.95Pmax [120, 89, 121].

3. As shown in Figure 4.1a, when Pest < 0.05Pmax and Equation (4.6) is true,
then Equation (4.7) is always true. Therefore, we only use Equation (4.6)
to detect dead pixels.

4. Likewise, Figure 4.1b shows that when Pest > 0.95Pmax and Equation (4.9)
is true, Equation (4.8) is always true. Therefore, we only use Equation (4.9)
to detect hot pixels.

5. To compensate for any offset in the analog-circuit implementation of Equa-
tions (4.6) and (4.9), we introduce two adjustable thresholds, PTL and PTH .
We determine the value of these offsets in Section 4.4. Thus, we rewrite
Equations (4.6) and (4.9) as Equations (4.11) and (4.12) for dead and hot
pixels, respectively:

P0 −
1

3
Pest < PTL (4.11)

P0 −
1

3
Pest −

2

3
Pmax > PTH . (4.12)

(a) (b)

Figure 4.1: Detecting dead and hot pixels using Equations (4.6)–(4.9): (a) when Pest <
0.05Pmax and Equation (4.6) is true, Equation (4.7) is true; (b) when Pest > 0.95Pmax

and Equation (4.9) is true, Equation (4.8) is true.

In summary, Algorithm 1 shows our proposed defective pixel detection al-
gorithm. The next section describes the analog CMOS implementation of our
detection and correction algorithm.
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Algorithm 1 Proposed detection method.
Input: P0, P2, P4, P5, P7, PL, PH , PTL, PTH

Output: Boolean value that indicates whether the pixel is non-defective (true)
or defective (false)
begin
if PL < P0 < PH then
return false;

else
Pest ← (P2 + P4 + P5 + P7)/4;
if PTL < P0 − 1

3
Pest < PTH + 2

3
Pmax then

return true;
else
return false;

end if
end if

4.3 SIS architecture

In the proposed readout circuit, the defective pixel detection stage of the algo-
rithm is implemented in the analog domain at the pixel level. The defective pixel
correction stage operates at the column level, again in the analog domain. This
allows us to reduce the number of transistors used to implement the algorithm,
thereby increasing the fill factor of the imager and reducing its power consump-
tion.

4.3.1 Defective pixel detection circuit

Each pixel in the SIS is composed of a photodetector and a defective pixel de-
tection circuit. This circuit receives as input the current from its photodetector
PD0 and its four neighbors, PD2, PD5, PD7, and PD4, as shown in Figure 4.2,
and produces a single-bit output that signals whether the pixel is defective or not.
The circuit is based on a CTIA, which integrates a photodetector current and pro-
duces a voltage representing the intensity of the incident light at the pixel during
the integration time. Compared to other readout circuits, the CTIA has a larger
dynamic range and higher linearity due to the high gain of its OTA [100, 122].
We used a conventional two-stage OTA [101, 123] for the CTIA and the two
comparators.

The circuit shown in Figure 4.2 first compares the value of the current pixel P0

to the limits PL and PH , as required by Line Four of Algorithm 1, then evaluates
Equations (4.11) and (4.12). The circuit output Vp is a logic 0 when P0 is a
defective pixel.
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Figure 4.2: Defective pixel detection circuit.

During the integration time T , the circuit operates in two phases. Figure 4.3
shows the activation of the switches SWP0, SWP2, SWP5, SWP7, and SWP4
that select the input to the defective pixel detection circuit of Figure 4.2 during
the integration time. Figure 4.3 shows that Phase 1 operates during T1 = 3T/4
and Phase 2 during T2 = T/4. Figure 3.2a shows the equivalent circuit of the
defective pixel detector during Phase 1. Switch SWP0 in the Input Select block
of Figure 4.2 is closed, and the other input select switches are open, providing the
output current of photodetector PD0 as the input to the Custom CTIA block. In
this block, switches SWC1 and SWC4 are closed; thus, the CTIA integrates the
current generated by the photodetector PD0 in the positive direction. At the end
of Phase 1, Equation (4.13) provides the output voltage of the CTIA:

VC =
T1

Cint1

I0 + VREF , (4.13)

where Cint1 is the integration capacitor value, I0 is the PD0 photodetector cur-
rent, and VC is the output voltage at the end of Phase 1. Choosing VREF = Vdd/2
guarantees that the OTA output signal is symmetrical and has a maximum dy-
namic range. In the Comparators block, switches SWH and SWL are closed; thus,
after T1, the OTA output VC is compared against VL and VH using comparators
COMP1 and COMP2, storing a logic 1 in flip-flop FF1 if either VC < VL or
VC > VH (Line Four of Algorithm 1). At the end of Phase 1, VC is stored in the
Sample & Hold circuit shown at the bottom right corner of Figure 4.2 for later
use by the defective pixel correction circuit.

Figure 3.2b shows the equivalent circuit during Phase 2. At the start of this
phase, the voltage across the integration capacitor VC represents P0. At this
point, switches SWC1 and SWC4 are opened, and switches SWC2 and SWC3
are closed, inverting the polarity of the output. The circuit divides Phase 2 into
four equal time intervals with duration T2/4. As shown in Figure 4.3, within each
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Figure 4.3: Input-select switch states for defective pixel detection during circuit oper-
ation Phases 1 and 2. For clarity, the output logic stage is omitted.

time interval, only one of switches SWP2, SWP5, SWP7, or SWP4 is closed at
a time; thus, the CTIA successively integrates the current from photodetectors
PD2, PD5, PD7, or PD4 in the negative direction. At the end of Phase 2, the
output voltage VC is provided by Equation (4.14):

VC =
T2

4Cint1

(I2 + I5 + I7 + I4)−
T1

Cint1

I0 + VREF (4.14)

where I2, I5, I7, and I4 are the output currents of the photodetectors PD2, PD5,
PD7, and PD4, respectively.

At this point, voltage VC represents 1
3
Pest−P0. Therefore, instead of evaluating

Equations (4.11) and (4.12), the Comparators block evaluates

1

3
Pest − P0 > −PTL (4.15)

1

3
Pest − P0 < −

(
PTH +

2

3
Pmax

)
, (4.16)

by closing switches SWTH and SWTL and opening SWH and SWL. In Figure 4.2,
the voltages VTL and VTH represent −PTL and −(PTH+ 2

3
Pmax), respectively. The

output of comparators COMP1 and COMP2 is a logic 0 when the corresponding
conditions in Equations (4.15) and (4.16) are met, producing a logic 1 at the
output of gate NAND1.

Finally, the NAND2 gate in Figure 4.2 produces the output VP of the defective
pixel detection circuit, such that VP = 0 (which signals a defective pixel) when
P0 < PL or P0 > PH and one of the conditions represented by Equations (4.15)
and (4.16) (or equivalently, Equations (4.11) and (4.12)) are met.
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Figure 4.4: Block diagram of defective pixel correction circuit.

4.3.2 Defective pixel correction circuit

Figure 4.4 shows the block diagram of the defective pixel correction circuit. The
inputs V 2, V 5, V 7, and V 4 are the output voltages Vc of the configurable CTIA
stage (see Figure 4.2) of the four neighboring pixels. The circuit is a median filter
that computes the median value of its four inputs using a two-stage analog sorting
network, followed by an output stage that computes the average value of the two
central inputs, VA and VB, after sorting:

Vout =
VA + VB

2
, (4.17)

where

VA = min [max (V 2, V 5) ,max (V 7, V 4)] (4.18)

VB = max [min (V 2, V 5) ,min (V 7, V 4)] . (4.19)

The buffers are implemented using a single-stage OTA [101, 123], and the
sorting network comprises circuits that compute the minimum and maximum
value of their two inputs. Figures 4.5a and 4.5b show the minimum and maximum
circuits, respectively.

Figure 4.5 shows the circuits that compute the minimum and maximum opera-
tions used in Equations (4.18) and (4.19), which were proposed by Soleimani [124].
Both circuits consist of a differential amplifier stage composed of MI1, MI2, Mout,
MC1, MC2, and MCout, along with a common-source stage with an active load,
composed of MP1, MP2, and M2. Because the operation of both circuits is similar,
we explain only the operation of the minimum-value circuit shown in Figure 4.5a.
When Vin1 < Vin2, MI2 is almost off, the drain currents of MI1 and Mout are equal
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(a) (b)

Figure 4.5: Circuit diagram to determine the minimum and maximum values between
two voltages.

to IB because of the current mirror formed by MC1 and MCout. Due to the state
of MI2, the gate voltage of MP2 is very small, and this transistor is almost turned
off as well. Therefore, all of the current IB from M2 passes through MP1. Because
the current passing through MP1 and MCout has the same value IB, the gate volt-
ages VGS of both transistors are the same. Finally, the source and drain voltages
and drain current of MI1 and Mout are equal, which results in Vout = Vin1. The
same reasoning applies when Vin2 < Vin1, in which case Vout = Vin2. The circuit
operation in Figure 4.5b follows the same principle, except with the computation
of the maximum value between the two inputs, Vin1 and Vin2.

4.3.3 General readout circuit

Figure 4.6 shows the 128 × 128 smart pixel array. Each smart pixel, denoted as
P&DC, includes a photodetector and a defective pixel detection circuit. Each
column includes a defective pixel correction circuit (CC) and a 2:1 analog multi-
plexer. An External digital device generates the timing and control signals to the
array, and the 128:1 analog multiplexer generates the output.

Each P&DC circuit has two outputs: the output value VC of the defective-
pixel detection circuit at the end of Phase 1 and the output value VP indicating
whether the pixel is defective. Each column reads the VC output of three smart
pixels, which are the center P0, top P2, and bottom P7 pixels of the 3 × 3-pixel
window in Figure 3.1, as well as the VP output of the central pixel P0. The
pixel values VC are stored in a sample and hold circuit at the end of Phase 1. The
defective pixel correction circuit uses the P2 and P7 outputs along with the P4 and
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Figure 4.6: Smart pixel array.

P5 outputs of the neighboring columns to compute the corrected pixel value Vout.
The 2:1 multiplexer selects between P0 and the corrected value Vout depending on
the logic value of VP , which indicates whether or not P0 is defective. The 128:1
analog multiplexer serially outputs all the pixel voltage values within each row.

4.4 Results

4.4.1 Physical layout

The EDA tools used in this work are the same as those employed in Section 3.4.1.
Figure 4.7 shows the physical layout of the defective pixel detection circuit on a
0.35 µm mixed-signal CMOS processor with three metal layers, two polysilicon
layers, and a 3.3 V supply voltage.
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Figure 4.7: Layout of the defective pixel detection circuit.

We used a double-poly capacitor with a capacitance per unit area of 950 aF/µm2.
Assuming an integration time T = 16 µs (Section 4.3.1) and a maximum photode-
tector current of 14 nA, the pixel requires a 100 fF integration capacitor of 13.1 µm
by 8.0 µm. The area of the complete defective pixel detection circuit is 42 µm by
63 µm. Considering a 64 µm by 64 µm pixel [125], the circuit achieves a fill factor
of 35.4%, which is in the range of typical values for the technology used, as shown
in Section 3.4.1. In comparison, the fill factor without these additional stages is
73.4%. It is worth noting that only two wires are required between neighboring
cells, each transporting photocurrent in a different direction. This is because, as
described in Section 4.3.1, the defective pixel detection circuit implements Equa-
tions (4.10)–(4.12) using time multiplexing, reading the photocurrent of only one
pixel at a time. Moreover, because, at most, only one of the two wires operates
in low impedance simultaneously, the effects of crosstalk are diminished.

Although the results presented in this section use the 0.35 µm physical design
described above, we additionally evaluated the scalability of our circuits by port-
ing the 0.35 µm physical design to a standard 0.18 µm CMOS processor frequently
used in the literature [126, 127, 128, 129]. The 0.18 µm processor uses a 1.8 V
supply voltage and features MIM capacitors with a capacitance per unit area of
2 fF/µm2. The total area of the defective pixel detection circuit in the 0.18 µm
process is 30.1 µm by 45.2 µm, which achieves a fill factor of 66.7% in the same
64 µm by 64 µm pixel. Without the comparators and output logic stages, the fill
factor is 86.3%.

Figure 4.8 shows the layout of the defective pixel correction circuit, which has
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Figure 4.8: Layout of defective pixel correction circuit.

an area of 42 µm by 35 µm in the 0.35 µm standard CMOS process and 21.2 µm
by 17.8 µm in the 0.18 µm standard CMOS process.

4.4.2 Algorithm parameters

To select the values of PTL and PTH in Algorithm 1, we used 250 images with
different levels of brightness, contrast, and dynamic range randomly selected from
the Linnaeus 5 dataset [1]. To determine the value for PTL, we randomly added
0.5% dead pixels to the image with values between 0 and 0.05Pmax. Similarly,
we added 0.5% hot pixels (between 0.95Pmax and Pmax) to determine the value of
PTH .

We simulated the performance of the algorithm as a function of the values
of PTH and PTL in the interval [−0.025Pmax, 0.025Pmax]. We evaluated the per-
formance of the algorithm using four metrics: Sensitivity (Se), Specificity (Sp),
precision or PPV, and Phi coefficient (ϕ), defined as follows:
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Se =
TP

TP + FN
(4.20)

Sp =
TN

TN + FP
(4.21)

PPV =
TP

TP + FP
(4.22)

ϕ =
TP · TN − FP · FN√

(TP + FP ) · (TP + FN) · (TN + FP ) · (TN + FN)
, (4.23)

where True Positives (TP) is the number of true positive defective pixels in the
image detected by the algorithm, True Negatives (TN) is the number of true
negatives, False Positives (FP) is the number of false positives, and False Nega-
tives (FN) is the number of false negatives; Sensitivity quantifies the fraction of
pixels marked as defective by the algorithm that are truly defective; Specificity
expresses the fraction of good pixels correctly identified as such by the algorithm;
PPV is the precision of the algorithm, that is, the fraction of truly defective pixels
that were detected; and the ϕ coefficient is a special case of the Pearson correla-
tion coefficient that measures the difference between the ratios of correctly and
incorrectly classified pixels.

Figures 4.9a and 4.9b show the four metrics averaged over the 250 images
for a range of PTL and PTH values. Figure 4.9a shows the performance of the
algorithm when detecting dead pixels, and Figure 4.9b depicts the performance
metrics when detecting hot pixels. These graphs show that increasing the value
of PTL and PTH improves the PPV and ϕ metrics and degrades Se, while the
Specificity remains approximately constant at Sp = 0.99. Based on these results,
we chose PTL = 0.012Pmax and PTH = 0.015Pmax, which resulted in a sensitivity of
Se = 0.95. With these values, we achieve ϕ = 0.83, PPV = 0.75 when detecting
dead pixels, ϕ = 0.87, and PPV = 0.82 when detecting hot pixels.

4.4.3 Post-layout simulation

We randomly selected 500 images with different levels of brightness, contrast, and
DR from the Linnaeus 5 dataset [1] to create the images used to evaluate the
detection and correction algorithms. This set of test images is different from the
set of training images used to obtain the values of PTL and PTH . All images have
the same 128× 128 resolution size, matching the proposed CMOS readout circuit
array size. The most common type of defective pixel is the random distribution
of dead and hot pixels in an image. In this paper, we use two variants of this type
of defective pixel: 0.5% randomness (0.5% of all pixels in the image are defective)
and 1.0% randomness (1.0% of all pixels in the image are defective). Furthermore,
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(a) (b)

Figure 4.9: Performance of the algorithm using Sensitivity, Specificity, PPV, and Phi
coefficient as functions of PTL and PTH .

we impose the requirement that the dead pixel and hot pixel ranges be the lowest
and highest 5% of the full DR, respectively. These values are consistent with the
evaluation of other algorithms reported in the literature [88, 89, 93, 41, 83].

Figure 4.10 shows a post-layout simulation of the defective pixel detection
circuit. The graphs in the figure show the voltages at four nodes of the circuit
shown in Figure 4.2: the output VC of configurable CTIA, the reference inputs
V1 and V2 of the comparators COMP1 and COMP2, and the output VP , which is
a logic 1 when the pixel is not defective. Figure 4.10a shows an example where
the input pixel is not defective and passes the test in Line Four of Algorithm 1
(PL < P0 < PH). At t = 0, FF1 is preset to 1, and capacitor Cint is discharged.
Between t = 0 and t = 12 µs, the circuit operates in Phase 1, integrating the
value of the input pixel P0, and the switches at the input of COMP1 and COMP2
select V1 = VH and V2 = VL as reference voltages. At t = 12 µs, both comparators
output a logic 1 because PH > P0 and P0 > PL; thus, FF1 stores a logic 0 and
VP = 1. At the same time, switch SWSH is opened to sample the pixel value. At
t = 12.25 µs, the CTIA changes its integration direction, and the circuit initiates
Phase 2. Switch SWP0 opens and, for the next four 1 µs-intervals, switches
SWP2, SWP5, SWP7, and SWP4 select the neighboring pixels as inputs to the
CTIA. At t = 14 µs, the input switches of COMP1 and COMP2 select V1 = VTL

and V2 = VTH . At t = 16.25 µs, Phase 2 ends, and COMP1 and COMP2 output
a logic 1 (the input pixel P0 passes the test in Line Eight of Algorithm 1), and
VP = 1.

Note that in Figure 4.10a, it is irrelevant whether or not P0 passes the test
in Line Eight because it has already passed the test in Line Four. In contrast,
Figure 4.10b shows a case where the P0 does not pass the test in Line Four of
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Figure 4.10: Post-layout simulation of defective pixel detection circuit: (a) a good
pixel that passes the test in Line Four of Algorithm 1; (b) a good pixel that fails the
test in Line Four of Algorithm 1; (c) a dead pixel; (d) a hot pixel.

Algorithm 1 because P0 > PH . Nevertheless, the pixel is not defective because
it does pass the test in Line Eight. At the end of Phase 1, COMP1 outputs a
logic 0, and COMP2 outputs a 1; therefore, FF1 stores a logic 1 (marking the
pixel as potentially defective) and VP = 0. However, at the end of Phase 2, both
comparators output a logic 1 because the pixel passes the test in Line Eight; thus,
the NAND1 in Figure 4.2 outputs a logic 0 and VP = 1, marking the pixel as not
defective.

Figures 4.10c and 4.10d present examples where P0 does not pass the test in
Line Four of Algorithm 1 because P0 < PL or P0 > PH , respectively. Furthermore,
in both examples, P0 does not pass the test in Line Eight because P0− 1

3
Pest < PTL

or P0 − 1
3
Pest > PTH + 2

3
Pmax, respectively.

In the case illustrated in Figure 4.10c, at the end of Phase 1 COMP1 outputs
a logic 1 and COMP2 outputs a 0 (P0 < PL). Therefore, FF1 stores a logic 1 and
VP = 0. At the end of Phase 2, COMP1 outputs a 0 because P0 − 1

3
Pest < PTL,

while COMP2 outputs a 1. Thus, the first NAND in Fig 4.2 outputs a logic 1 and
VP = 0, marking the pixel as defective. In the case shown in Figure 4.10d, at the
end of Phase 1, COMP1 outputs a logic 0 (P0 > PH), and COMP2 outputs a 1;
thus, FF1 stores a logic 1 and VP = 0. At the end of Phase 2, COMP1 outputs
a logic 1 and COMP2 outputs a 0 because P0 − 1

3
Pest > PTH + 2

3
Pmax. Thus,

the first NAND in Figure 4.2 outputs a logic 1 and VP = 0, marking the pixel as
defective.

Figure 4.11 shows a post-layout simulation of the median computation in the
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Figure 4.11: Post-layout simulation of the defective pixel correction circuit.

defective pixel correction circuit, as shown in Figure 4.4. In this test, we simulate
the readout of five consecutive pixels of a column in the image. For each central
pixel P0, the row-select circuit outputs the voltage values of its four neighbors,
denoted as V 2, V 5, V 7, and V 4 in the figure. For each neighbor, their voltage
value is provided by the sample-and-hold circuit shown at the bottom right corner
of Figure 4.2. As shown in Figure 4.11, we select a new pixel every 1 µs; after
a delay of 150 ns, the output voltage Vout settles at the median value shown in
Equation 4.17, with a worst-case error of 14.8% in the pixel range. The delay is
introduced by the minimum, maximum, and buffer circuits shown in Figure 4.4.
The worst-case delay occurs when the minimum or maximum circuit at the input
changes its output between two consecutive pixels (e.g., when first V 2 > V 5 and
next V 5 > V 2), and that change propagates through to Vout. Moreover, the
delay is maximal when the output voltage swing is close to Vdd. In this case, the
worst-case settling time for Vout is 800 ns.

Figure 4.10 shows that the defective pixel detection circuit operates in 16.25 µs,
plus 50 ns, to reset the integration capacitor after each detection. This circuit
operates in parallel for all pixels in the image. During readout, the row-select
circuit has a delay of 60 ns, the worst-case delay of the correction circuit is 800 ns
at the column level, and the column-select circuit has a delay of 80 ns. In this
case, the readout time for the complete array is 1.44 ms, which allows for acquiring
and processing images at a maximum frame rate of 694 fps.

4.4.4 Circuit performance

Figure 4.12 illustrates the operation of the proposed algorithm and circuit. Fig-
ure 4.12a shows three images taken from the Linnaeus 5 dataset [1], contaminated
with salt-and-pepper noise randomly affecting 1% of the pixels. Dead pixels were
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(a) (b) (c)

Figure 4.12: Original images taken from the Linnaeus 5 dataset [1] with 1.0 % de-
fective pixels added randomly along with example images showing the results of the
defective pixel detection and correction process: (a) Original images with defective pix-
els. (b) Results of the proposed algorithm. (c) Results of the readout circuit.

generated in a range of [0, 0.05Pmax], while hot pixels were generated in a range
of [0.95Pmax, Pmax]. Figures 4.12b and 4.12c show the outputs of a software im-
plementation of Algorithm 1 and our detection/correction circuit, respectively. In
Figures 4.12b and 4.12c, false positive detections are highlighted in red, and false
negatives are marked in yellow.

To produce the images in Figure 4.12c, pixel values in the input image were
converted to currents in the range from 0 to 14 nA in order to simulate the
operation of a photodetector. Then, we ran a post-layout Spice simulation of the
circuits described in Section 4.3 to produce the output pixel values and the list of
pixels marked as defective by the circuit.F inally, we converted the output pixel
voltages from 0 to 3.3 V to digital values between 0 and 255 to display the output
images.
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(a) (b) (c)

Figure 4.13: Zoom of a region of the original image taken from tthe Linnaeus 5
dataset [1] with FP and FN examples: (a) Noisy image. (b) Results of proposed
algorithm. (c) Results of the proposed circuit.

A visual inspection of Figure 4.12 shows that the algorithm detects and corrects
most defective pixels. Moreover, our pixel-correction circuit produces an output
that is visually almost identical to the software implementation of the algorithm.

Figure 4.13 shows an enlarged version of the 35×85-pixel rectangle highlighted
in cyan in the first image of Figure 4.12. Figures 4.13b and 4.13c show the output
of the algorithm and correction circuit, respectively, with false positive detections
highlighted in red and false negatives marked in green. Out of the 35 defective
pixels in the image, the algorithm correctly detects 34, and the circuit detects 33.
Moreover, out of the 2940 good pixels, the algorithm and circuit produce only
seven false positives, which differ in only one detection. All the false positives
and false negatives in Figure 4.13 correspond to dead pixels, which is explained
by the mostly dark background in the image, and these do not significantly affect
the appearance of the image.

Figure 4.14 compares the performance of our algorithm and hardware imple-
mentation to six other defective pixel detection algorithms, namely, those pro-
posed by Chan [88], Yongji [93], Cho [89], the original algorithm proposed by
Tchendjou et al., its simplification [41] (Tchendjou1 and Tchendjou2), and the
median-based version of Tchendjou1 [83] (Tchendjou3), which does not requires
dataset-dependent parameters. The figure plots the Se, Sp, PPV, and ϕ metrics,
defined in Section 4.4.2, averaged over 500 128 × 128-pixel images randomly se-
lected from the Linnaeus 5 dataset [1], to which we added salt-and-pepper noise
affecting 0.5% and 1.0% of the pixels. These images are different from the 250 im-
ages used to determine the values of PTL and PTH in Section 4.4.2. The hardware
implementation results were obtained from post-layout Spice simulations.

Figure 4.14a shows that Cho achieves the highest sensitivity (96.87%), though
all the algorithms except for Yongji achieve a sensitivity above 93%. In Fig-
ure 4.14b–d, it can be seen that our algorithm and its hardware implementation
achieve the highest performance based on the Sp, PPV, and ϕ metrics.

In summary, the classification performance of our algorithm is competitive
with the state-of-the-art algorithms compared in Figure 4.14. It is based on simple
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Figure 4.14: Comparison of defective pixel detection methods using (a) Sensitivity, (b)
Specificity, (c) PPV, and (d) Phi coefficient.

arithmetical operations that can be efficiently implemented in analog hardware
with comparable performance to software implementations.

To assess the combined performance of the detection and correction algorithms
and their hardware implementations, we used the PSNR and Image Enhancement
Factor (IEF) metrics. The PSNR metric compares a reference image I0 without
defective pixels to an image IR, which results from applying a correction algorithm
to a noisy version of I0. The PSNR was defined by Equation (3.15).

IEF is computed as the ratio between the IEF of the noisy image and the
IEF of the corrected image, using the noiseless image as a reference, as shown in
Equation (4.24):

IEF =

∑M
i=1

∑N
j=1 (IN(i, j)− I0(i, j))

2∑M
i=1

∑N
j=1 (IR(i, j)− I0(i, j))

2
. (4.24)

where I0 and IR are the noiseless and corrected images, respectively, and IN is
the noisy image. If the correction algorithm reduces the MSE, then IEF > 1;
conversely, if the algorithm increases the MSE, then IEF < 1.

Figure 4.15 compares the PSNR and IEF of our detection and correction algo-
rithms and their hardware implementations to five algorithms proposed in the lit-
erature, labeled in the image as Chan [88], Yongji [93], Cho [89], Tchendjou1 [41],
and Tchendjou3 [83]. In all cases, the algorithms performed defective pixel de-
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Figure 4.15: Comparison of defective pixel detection/correction methods using (a)
PSNR, and (b) IEF.

tection and correction on the same set of images used to generate the results
shown in Figure 4.14. The hardware implementation results were obtained from
post-layout Spice simulations of the circuits described in Section 4.3. Figure 4.15
shows that our algorithm performs better than all the other detection/correction
methods measured by both metrics. Our PSNR results are 11%–15% higher than
Tchendjou1 and Tchendjou3, and are more than 42% higher than the other three
methods. In addition, the IEF achieved by our algorithm is more than 79% higher
than the value achieved by Tchendjou1 and Tchendjou3, and more than 38 times
the IEF achieved by Chan, Yongji, and Cho. These three methods produce a
many FP, as shown in the PPV results in Figure 4.14c. The IEF metric is highly
sensitive to the number of false positives, resulting in significant degradation in
the performance of these three methods. Lastly, it can be observed that the PSNR
of the analog hardware implementation is 1%–3.7% worse than the algorithm, and
the IEF is 12%–17% lower. It is mainly due to charge injection in the detection
circuit and the nonlinearities and offsets in the response of the detection and
median computation circuits.





5
Conclusions and future work

This thesis reports the design and evaluation of two SIS of 128 × 128 ṕıxeles
using a 0.35 µm CMOS process, one for kernel-based spatial filtering calculation
and the other for detecting and correcting defective pixels. The first SIS performs
directly at the pixel level and can be configured to perform spatial filtering that
requires a single kernel for convolution, such as mean, Gaussian, x- and y-direction
Roberts, x- and y-direction Prewitt, x- and y-direction Sobel, Laplacian, and
modified Laplacian. It can also perform two convolutions using different kernels
on the same input image, such as Roberts, Prewitt, and Sobel, or two cascaded
convolutions using different kernels, such as LoG and SoG. Therefore, SIS can
be employed for denoising, and edge detection to extract features. The second
SIS detects defective pixels (dead and hot pixels) at the pixel level and uses a
simplification of the algorithm presented in [41], while the correction is made at
the column level and replaces a pixel’s value with the median value of its four
neighbors.

The kernel-based spatial filtering SIS processes images at frame rates rang-
ing from 743 to 752 frames per second (fps) and achieves a fill factor of 20.6 %,
according to post-layout simulation. This SIS demonstrates acceptable perfor-
mance in both denoising and edge detection tasks. The results are equivalent to a
software implementation and other SIS published according to quality image met-
rics. The second SIS that detects and corrects defective pixels processes images
at 694 fps and achieves a fill factor of 35.4 %, according post-layout simulation.
In compliance with quality image metrics, this SIS achieves slightly lower per-
formance than the software implementation equivalent, though it exhibits better
performance than the software versions of the other published methods. Similar
to other detection/correction algorithms based on local statistics, our design is
sensitive to the occurrence of two or more defective pixels within a small window.

The results show that when algorithms can be parallelized and are based on

69



70

simple arithmetic operations between pixels in a window, their implementation
in on-pixel analog hardware (or at column level in the case of pixel correction)
increases the processing frame rate and reduces the power of the overall system
including the high-performance external device that performs the rest of the pro-
cessing. However, reducing the effective area available for light capture entails a
decreased fill factor, which may be acceptable depending on the application, given
the associated benefits. The CTIA in each SIS pixel enables the photocurrent in-
tegration in a parallel fashion to perform part of the computation without using
extra arithmetic circuits or buffers, increasing the frame rate and reducing the
impact on fill factor and data accuracy.

In terms of future work, we are extending our work to other algorithms that
can exploit pixel-level parallelism in hardware using the same approach presented
in this thesis, thereby enhancing the capabilities of IoT devices to process vi-
sual data in real time efficiently. In particular, we focus on the extraction of
complex temporal and spatial features from continuous video streams, facilitating
tasks such as real-time object tracking and gesture recognition. Additionally, we
are focusing on Non-uniformity Correction (NUC) algorithms to autonomously
calibrate infrared sensor arrays, compensating for inherent pixel variations and
environmental factors. The following integrated circuits will also be designed
and fabricated using the Skywater open-source 130 nm CMOS Process Design
Kit (PDK).
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