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Abstract—Deep learning-based models such as the interactive
variant of U-Net and deep multi-task attention networks, while
powerful, are computationally intensive, require large-scale
annotated datasets and involve complex parameter tuning—
factors that limit their practicality for fundamental tasks like
edge detection. In contrast, classical methods such as Canny
edge detection and the Circular Hough Transform offer
efficient, robust and interpretable alternatives. Canny edge
detection provides noise resilience, sub-pixel accuracy and thin
edge localization, making it well-suited for object recognition
and segmentation. The Circular Hough Transform is highly
effective in detecting circular patterns with varying radii and
orientations, finding broad applications in medical imaging, iris
recognition, industrial inspection and robotics. These classical
techniques continue to serve as essential tools for feature
extraction, shape analysis and object tracking across diverse
domains, especially where computational efficiency and
reliability are paramount.
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Canny Edge Detection, Circular Hough Transform(CHT), Very
Large Scale Integration(VLSI), Verilog HDL(Hardware
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. INTRODUCTION

Biometric authentication has emerged as a cornerstone of
modern security infrastructures, offering reliable and accurate
means of personal identification. Among the suite of
biometric modalities, iris recognition stands out due to the
unique and stable nature of iris patterns [1][4]. In contrast to
fingerprints, which may degrade over time or facial
recognition, which is influenced by expression and aging, the
iris remains largely unchanged throughout a person’s life.
This inherent stability, combined with the high
distinctiveness of iris patterns, positions iris recognition as a
preferred choice for high-security applications such as
national identification systems, border control, financial
services and access management [7][25].

A pivotal component of iris recognition is iris segmentation
[2], the process of isolating the iris region from a captured eye
image. The accuracy of this step directly affects subsequent
stages of feature extraction and pattern matching. However,
segmentation is frequently challenged by factors including
variable lighting, occlusions from eyelids or eyelashes,
reflections and image noise [5][8][16]. These challenges
necessitate the development of robust and efficient
segmentation techniques that can maintain performance
under non-ideal imaging conditions [10][15].
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1. MOTIVATION

Conventional iris segmentation algorithms, typically
implemented in software, often rely on iterative and
computationally intensive methods [14]. These approaches
are not optimal for real-time applications, particularly when
deployed on resource-constrained or embedded systems.
Moreover, environmental factors such as uneven
illumination, shadowing and motion blur further degrade
segmentation accuracy [6][17].

To address these limitations, this work proposes a hardware-
accelerated iris segmentation technique combining Canny
Edge Detection with the Circular Hough Transform (CHT)
[18]. This method is tailored for implementation in VLSI
(Very Large Scale Integration) hardware, facilitating real-
time operation while maintaining segmentation accuracy.
The edge detection stage enhances boundary features and
suppresses noise, while the CHT robustly detects circular
structures corresponding to the iris and pupil boundaries
[3]1[19]. Together, these algorithms offer a reliable and
computationally efficient solution, suitable for challenging
image conditions.

I1. PROPOSED SYSTEM

The proposed system introduces a hardware-accelerated
architecture for iris localization, specifically designed to
support biometric authentication applications requiring real-
time performance and high computational efficiency. The
focus is directed toward translating the iris segmentation
pipeline into a VLSI-compatible architecture, with particular
emphasis on implementation using Field-Programmable Gate
Arrays (FPGAs) [12][14]. This approach enables parallel
processing and low-latency operation, making it suitable for
integration into embedded vision systems where speed and
accuracy are critical [13][20].

The architecture consists of three primary image processing
stages: Gaussian Smoothing, Canny Edge Detection and
Circular Hough Transform—each designed to perform
specific tasks in the iris localization pipeline [21][22]. These
modules are implemented in Verilog HDL and simulated
using Vivado Design Suite. The Gaussian Smoothing module
is responsible for noise reduction, enhancing the quality of
edge detection by smoothing out fine-grain artifacts in the
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image [11]. The Canny Edge Detection module includes
gradient calculation, non-maximum suppression and double
thresholding with hysteresis tracking, ensuring robust and
precise edge detection under varying illumination and noise
conditions [23]. The processed edge image is then fed into the
Circular Hough Transform module, which votes in parameter
space to detect circular boundaries that correspond to the iris
[25].

To enable FPGA-based simulation and testing, image data is
first preprocessed and converted into a text format using
MATLAB, then stored in Block RAM (BRAM). Each stage
of the pipeline reads from and writes to separate BRAM
blocks, enabling a modular and pipelined approach. Finite
State Machines (FSMs) are used for control flow within each
module, ensuring that the pipeline operates in a synchronized
and deterministic manner.The FPGA implementation allows
parallel data processing and hardware-level optimization,
significantly reducing processing latency compared to
software-based approaches. Simulation results validate the
correctness of each module, with visual outputs confirming
accurate iris boundary detection. The system’s ability to
process image frames efficiently confirms its feasibility for
real-time biometric systems such as access control,
surveillance and identity verification.

By leveraging the parallelism inherent in FPGA architectures,
the proposed system bridges the gap between software
simulations and high-performance embedded systems. This
design lays the foundation for future ASIC implementation,
aligning with the objectives of energy-efficient, scalable and
real-time iris recognition systems. This effort is part of the
broader national initiative under the “Chips to Startup” (C2S)
program funded by MeitY, Government of India, which
supports indigenous VLSI design and innovation.

V. BLOCK DIAGRAM

The proposed VLSI architecture for iris localization using the
Circular Hough Transform (CHT), as shown in Figure 1, is
designed to efficiently detect iris boundaries in digital images
by leveraging optimized hardware processing [12]. The
process starts with converting a 320x240 input image into a
binary text file using MATLAB, generating 76,800 pixel
values (each 8-bit), which are then instantiated into RAM for
initial storage [13]. To enhance edge detection accuracy, a
Gaussian Smoothing Module applies a filter to reduce noise
[11], improving feature clarity and the smoothed image is
temporarily stored in Smoothed Image BRAM. The Canny
Edge Detection Module processes this data to detect
significant intensity changes, marking object boundaries,
with results stored in Edge Image BRAM.
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Fig. 1: VLSI architecture of Iris localization using CHT

The Circular Hough Transform Module then analyzes the
edge-detected data, mapping it into a parameter space to
identify circular features, particularly the iris boundary, by
accumulating evidence over possible center coordinates and
radii, with detected parameters stored in the Hough Output
BRAM. A Txt File Module writes the processed CHT data,
including detected circle parameters, to a text file for
verification, further processing or visualization. Finally, the
system generates an Output Image with the detected iris
boundaries, making it suitable for biometric authentication
and further analysis in identification systems.

A. Gaussian Smoothing

The Gaussian Smoothing Module, illustrated in Figure 2,
plays a critical role in the preprocessing stage of the proposed
architecture by reducing high-frequency noise and enhancing
the overall quality of the input image prior to edge detection.
It performs a Gaussian blur operation, wherein each pixel
value is replaced by a weighted average of its neighboring
pixels based on a Gaussian distribution. This process
suppresses insignificant image details and emphasizes key
features relevant to edge localization.

BRAM ——>» LINE BUFFER —L.
l’ > BRAM

GAUSSAN | =} L

KERNEL

Fig. 2: Block diagram of Gaussian smoothing

The input image is initially stored in an Input Block RAM
(BRAM), which provides structured access to pixel data. A
line buffer is employed to hold multiple rows of the image
concurrently, enabling efficient application of the Gaussian
kernel across the pixel matrix [11][13]. The Gaussian kernel,
implemented as a fixed-size convolution mask, assigns
weights to neighboring pixels based on their Euclidean
distance from the center pixel, with values following the
Gaussian function.

Convolution between the kernel and the buffered pixel data
results in a smoothed image, where each output pixel reflects
a noise-reduced, context-aware intensity. The filtered image
is subsequently stored in an Output BRAM, ready for input
to the edge detection module. This hardware-based
implementation facilitates real-time image processing with
minimal latency, making it suitable for high-performance
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embedded vision applications [12][20].
B. Canny Edge Detection

The Canny Edge Detection Module, as represented in Figure
3, is a crucial component in the proposed architecture for iris
localization using the Circular Hough Transform, responsible
for detecting edges in the preprocessed image to accurately
identify the iris boundaries [23]. It operates through a
structured sequence of steps that progressively refine the edge
detection process, ensuring high precision and reliability. By
analyzing intensity variations, the module -effectively
identifies significant edges while minimizing noise and false
detections. This systematic approach enhances the accuracy
of iris localization, forming a fundamental step in the overall
biometric recognition process.
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Fig. 3: Block diagram of canny edge detection
Gradient computation:

The Canny Edge Detection process begins with gradient
computation, where Sobel kernels are applied to calculate
intensity changes in the image, as depicted in Figure 4. The
gradient computation in the proposed architecture involves
convolving the input image with two distinct Sobel kernels to
obtain gradient values in the x and y directions, respectively.
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Fig. 4: Gradient computation

This module is implemented using Multiply-Accumulate
(MAC) units, which perform convolution operations by
calculating the dot product of the Sobel kernels and the
corresponding pixel neighborhood for each pixel in the
image. The resulting gradient values represent the rate of
intensity change along both axes. To optimize convolution

process pixel values with the Sobel kernels. A line buffer
temporarily holds the necessary image data, ensuring that
required pixel values are readily available for processing.
These computed gradients form the foundation for
subsequent calculations in the Canny Edge Detection process,
playing a crucial role in determining gradient magnitude and
direction, which are essential for edge refinement and
thresholding. Accurate gradient computation directly impacts
the quality of edge detection and, consequently, the precision
of iris localization. The computed gradient values are stored
in Block RAM (BRAM), which provides fast and efficient
storage, ensuring quick data access for subsequent edge
detection and transformation stages [11][23].

Let I1(x,y) be the intensity of the image at pixel coordinates
(x,y). Calculating the horizontal gradient Gx and vertical
gradient Gy

Gx=1*Kx (D)
Gy=1*Ky 2
Where,

Gx and Gy are horizontal and vertical gradients.
Kx and Ky are Kernels.

Equations (1) and (2) compute the horizontal and vertical
gradient by convolving with a pair of filters, as represented in
Figure 4.

Gradient magnitude:

To compute the gradient magnitude, the absolute values of
the horizontal and vertical gradients are first determined,
ensuring a non-negative representation of edge strength [23].
The maximum and minimum of these absolute values help
approximate the magnitude while indicating the dominant
gradient direction, as illustrated in Figure 5.
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Fig. 5: Gradient Magnitude

For hardware efficiency, bitwise shift operations replace
division: the maximum value is right-shifted by 3 bits
(divided by 8) and the minimum by 1 bit (divided by 2). This
reduces computational complexity and conserves resources.
The shifted values are then summed to produce the
approximate gradient magnitude, which is clamped to 255 to
remain within the 8-bit range. The result is stored in the
gradient buffer, a critical memory component used for further
stages like non-maximum suppression and edge tracking,
ensuring accurate and high-performance edge detection.

efficiency, a sliding window approach is employed, where a M(x,y) = VGx2 + G 2 ©))
3x3 window moves across the image, allowing MAC units to
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where,

M(x,y) is magnitude

Equation (3) computes the gradient magnitude at each pixel,
as visualized in Figure 5.

Gradient direction:

The gradient direction provides critical information about
edge orientation, which is essential for the accurate detection
and localization of iris boundaries [23], as shown in Figure 6.
This process involves computing the angle of the gradient
vector at each pixel using the previously determined
horizontal (Gx) and vertical (Gy) gradient components.

Comparatorl

fa(x ) * tan 22 Comparator2

Fig. 6: Gradient direction

Initially, the algorithm checks if both Gx = 0 and Gy = 0. If
true, the pixel is deemed to have no significant edge and a
default direction value of zero is assigned in the direction
buffer. For non-zero gradient values, the direction is
quantized into one of four principal angles—0°, 45°, 90° or
135°—to balance accuracy with hardware simplicity.

° If Gx > 0 and Gy 2 0, the direction is
assigned as 0°, indicating a horizontal edge.
° If Gx < 0 and Gy >0, the direction is approximated

as 45°, corresponding to a diagonal edge from the lower-left
to the upper-right.

° If Gx<0and Gy < 0, the direction is set
to 90°, representing a vertical edge.
° If Gx <0 and Gy >0, the direction is classified as

135°, denoting a diagonal edge from the upper-left to the
lower-right.

These discrete direction values are encoded and stored in the
direction buffer for efficient access in subsequent processing
stages such as non-maximum suppression and edge tracking
by hysteresis.

0(x,y) = tan—1(Gy/Gx) 4)

where,

0(x,y) is direction

Equation (4) computes the gradient direction at each pixel, as
visualized in Figure 6.

Non maximum suppression:

The proposed architecture for the non-maximum suppression
stage in the Canny edge detection algorithm is designed to
enhance edge thinning, ensuring that only the most significant
edges are preserved in the final image, as shown in Figure 7.
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Fig. 7: Non maximum suppression

The process begins with an initial multiplexer that directs the
input gradient magnitude data from the edge detection stage
into the appropriate channels, selectively routing data to the
comparator based on gradient direction to ensure correct
neighboring pixel comparisons. The core component, the
comparator, evaluates the gradient magnitudes of the current
pixel against its neighbors along the gradient direction,
determining whether the current pixel is a local maximum.
Following this, a second multiplexer channels the data based
on the comparison results, allowing only potential local
maxima to proceed while suppressing non-maximum pixels
[23]. An equality checker then performs the final validation
step, ensuring that the current pixel’s gradient magnitude
equals the maximum value determined by the comparator,
thereby retaining only true edge pixels. This architecture,
utilizing multiplexers, comparators and an equality checker,
effectively thins edges by accurately comparing gradient
magnitudes and selectively preserving maximum values,
enhancing the precision of edge detection and ensuring that
only the most significant edges are maintained in the final
output image.

High and low threshold computation:

Thresholds are computed in hardware (Figure 8) by first
combining the gradient magnitudes with an XOR gate and
then scaling them down via >>2 and >>1 bit-shifts. A selector
picks the most significant scaled values, and a sorter arranges
them so the high threshold can be set at a chosen percentile
of the maximum gradient. Finally, a simple multiplier derives
the low threshold as a fixed fraction of that high threshold.
The entire datapath is fully pipelined—new gradient values
can enter every clock cycle, with only a few cycles of fixed
latency—ensuring continuous, high-throughput operation.
Because all operations are fixed-point combinational logic,
the design occupies minimal FPGA resources (LUTs and
registers) and avoids the power and area overhead of iterative,
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memory-based methods. Control registers allow the high-
threshold percentile and low-threshold fraction to be updated
at runtime, enabling adaptive threshold tuning under varying
image conditions. This efficient, low-latency pipeline
delivers precise thresholds without any software intervention,
making it ideal for real-time embedded edge detection [14].

|y~ {7 T, Py
(e | — _.%,_. SELECTOR —» ™
/ o .
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Fig. 8: High and low threshold computation

In the edge detection process, thresholding is applied to the
gradient magnitude to classify pixels into three categories:

° Strong Edges: Pixels for which are considered
strong edge pixels.

° Weak Edges: Pixels with gradient magnitudes such
that are classified as weak edges.

° Non-Edges: Pixels where are treated as non-edge
pixels and are discarded.

Hysteresis thresholding:

Hysteresis thresholding is an essential step for refining edge
detection results, ensuring the retention of meaningful edges
while eliminating noise, as shown in Figure 9.

NMS —>
TH —» CMP
0 —m
5
TL L 2 EDGE
1T —»

Fig. 9: Hysteresis thresholding

The architecture comprises two primary components: the
Comparator (CMP) block and the Multiplexer (MUX) block.
The CMP block classifies pixels based on their gradient
magnitudes by comparing each pixel against two predefined
thresholds: a high threshold (TH) and a low threshold (TL).
Pixels with gradient magnitudes above TH are classified as
strong edges, while those below TL are discarded as non-
edges and those between TH and TL are marked as potential
weak edges. The MUX block then performs edge tracking by
hysteresis, evaluating the connectivity of weak edge pixels to
strong edge pixels [18][24]. A weak edge pixel is retained
only if connected to a strong edge pixel; otherwise, it is
discarded. This process ensures the continuity of edge
contours, which is crucial for accurate iris localization by
preserving significant edges necessary for detecting the
circular boundaries of the iris. By implementing this
architecture, the system ensures precise and reliable edge

T

detection, leading to improved iris localization using the
Circular Hough Transform.

C. Circular Hough Transform

The VLSI architecture for the Circular Hough Transform
(CHT) is designed to efficiently detect circular features in
digital images using specialized hardware modules, as shown
in Figure 10. The algorithm transforms edge points in the
image space into a parameter space, wherein circular patterns
emerge as distinct peaks. For each edge point in the edge-
detected image, the architecture iteratively explores
combinations of potential circle parameters—center
coordinates and radius . Each combination is evaluated using
the circle equation:

(X-a)2+(y-b)2=r2 (5)
Equation (5) represents a circle centered at a radius.

The CHT pipeline comprises several key stages: edge
detection preprocessing, parameter space generation,
accumulator voting, peak detection and circle validation.
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Dats
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Fig. 10: Block diagram of Circular Hough Transform(CHT)

In the proposed hardware architecture, edge pixels are first
extracted from the input image and forwarded to the radius
and center calculation modules. The radius calculation
module generates a range of possible radii based on
application-specific constraints. The center calculation
module computes potential circle centers through
trigonometric operations, leveraging arithmetic components
such as adders, multipliers and CORDIC (Coordinate
Rotation Digital Computer) units for efficient sine and cosine
evaluations [19].The voting module utilizes these parameters
to update a three-dimensional accumulator array that
represents the space. Each cell in this array stores the vote
count corresponding to the likelihood of a circle passing
through the given parameters [3]. After voting, the peak
detection module identifies local maxima using comparators
and thresholding, pointing to probable circle candidates [25].
Subsequently, the circle validation module refines these
results by applying constraints such as minimum vote
thresholds and geometric consistency to eliminate false
positives. This architecture achieves parallel and high-speed
processing suitable for real-time applications, making it ideal
for integration into FPGA and ASIC-based embedded vision
systems.

V. EXPERIMENT RESULTS

The proposed architecture was modeled in Verilog and
simulated using Xilinx Vivado Design Suite to validate the
functionality and performance of the Canny Edge Detection
module [13][21]. The input images were preprocessed using
MATLAB and stored in Block RAM (BRAM) for use during
simulation. The image used for testing was of resolution

© 2025, IJSREM | www.ijsrem.com

DOI: 10.55041/IJ]SREM45862 |  Page5


http://www.ijsrem.com/

Volume: 09 Issue: 04 | April - 2025

i IJSR
“’& International Journal of Scientific Research in Engineering and Management (I[JSREM)
SJIF Rating: 8.586

ISSN: 2582-3930

320x240 and represented as an 8-bit grayscale format.
A. Simulation Setup:

The simulation environment was configured using:

° Vivado 2023.1, targeting a Xilinx Artix-7 FPGA

° Verilog HDL for hardware module implementation
° MATLAB for image-to-text conversion and result
visualization

B. Gaussian Smoothing Results

The Gaussian Smoothing module successfully applied a 3x3
kernel across the image to reduce high-frequency noise [11].
This improved the clarity of edge details for the subsequent
processing stage.

(b)Gaussian Smoothing

(a)Grayscale image

Fig. 11: Outputs of Grayscale and Gaussian smoothing.
C. Canny Edge Detection Results

The Canny module processed the smoothed image through
multiple stages including:

Gradient Computation using Sobel kernels
Gradient Magnitude & Direction estimation
Non-Maximum Suppression

Hysteresis Thresholding

Each intermediate result was validated via output files and the
final edge-detected image showed clear boundary formation
suitable for further processing with Circular Hough
Transform.

(a)Gradlent Dlrectlon

(b)Gradient Magnitude

(c)Non-Maximum (d)Edge Detection

Suppression

Fig. 12: Outputs of Canny edge detection
D. Circular Hough Transform (CHT) Results

The edge-detected image from the Canny module was then
processed by the Circular Hough Transform module, which
was implemented using a voting-based algorithm tailored for
hardware efficiency [23].

(a)Circular Hough (b)Localized Iris

Transform

Fig. 13: Output of Circular Hough Transform
E. Summary

Experimental validation shows our hardware pipeline
(Gaussian smoothing, Canny edge detection and Circular
Hough Transform) accurately and efficiently detects iris
boundaries, paving the way for full biometric integration
[18].

VI. CONCLUSION

This project demonstrates the successful design and
implementation of a robust and efficient iris segmentation
and localization system, combining advanced image
processing techniques with  VLSI-based hardware
acceleration to meet the demands of real-time biometric
authentication. The integration of Canny Edge Detection and
Circular Hough Transform in the MATLAB environment
[18][23] enabled precise extraction of iris boundaries, even
under challenging imaging conditions. Transitioning the
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algorithm to a VLSI-compatible architecture targeting
FPGAs and ASICs significantly improved processing speed,
power efficiency and scalability [9][22]. The proposed
hardware design not only supports accurate and high-speed
iris recognition but also ensures resilience to noise, occlusion
and illumination variations, making it highly suitable for
embedded security applications [6][24]. By bridging
software-level algorithm development with hardware-level
optimization, this work provides a scalable solution for next-
generation biometric systems, paving the way for real-time
deployment in critical security domains such as access
control, identity verification and surveillance . Future work
will explore full-system integration, including on-chip
feature extraction and classification, to further enhance the
autonomy and applicability of biometric recognition systems
in real-world environments.
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