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Abstract—Edge detection is a crucial step in computer
vision, serving as a foundation for different applications like
object detection, segmentation and scene understanding.
Traditional edge detection methods often fail to capture
complex boundaries in natural images. This study proposes
a novel deep learning-based architecture, Clip-
MobileNetV2-UNet, that integrates the lightweight, efficient
MobileNet encoder with the segmentation capabilities of U-
Net and the stabilizing properties of the Clip Rectified
Linear Unit (ReLU) activation function. The MobileNet
backbone significantly reduces computational cost and
model size, making it suitable for edge detection on
resource-constrained devices such as mobile and embedded
devices. The Clip ReLU activation, a clipped version of the
standard ReLU, is employed throughout the network to
ensure bounded activations, helping prevent gradient
explosions and stabilizing training. This modification
preserves fine-grained features to improve model
generalisation, overfitting, and edge sharpness. The U-Net
decoder with skip connections recovers spatial details lost
during downsampling. The training and validation datasets
have been artificially increased using the rotation data
augmentation technique. The Berkeley Segmentation Data
Set and Benchmarks 500 (BSDS500) dataset has been used
to train and evaluate the performance of Clip-MobileNetV2-
U-Net using 3200 training, 1000 validation, and 500 testing
images. The proposed model achieved competitive
performance, with a mean Dice Coefficient (mDC) of 0.9256
and a mean Intersection over Union (mloU) of 0.8419, and
outperformed other deep architectures in edge detection.
The proposed edge detection model, cross-validated on the
Barcelona Images for Perceptual Edge Detection (BIPED)
dataset, offers a reliable, precise, and scalable solution with
low computational complexity and high accuracy, making it
ideal for real-time computer vision applications.

Keywords—U-Net, Berkeley Segmentation Data Set and
Benchmarks 500 (BSDS500), Barcelona Images for
Perceptual Edge Detection (BIPED) datasets, Clip-
MobileNetV2-U-Net, encoder-decoder, edge detection

I. INTRODUCTION

Edge detection is one of the most fundamental steps in
image processing and the computer vision field [1-4]. It
plays a key role in identifying object boundaries, shapes,
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and essential structures in an image [5]. Extracting edges
can simplify image information while preserving the
necessary features needed for higher-level tasks such as
segmentation, recognition, and tracking. As a result, edge
detection is widely utilised in fields such as medical
image analysis, remote sensing, traffic monitoring, and
autonomous driving [1-3].

Traditional edge detection methods, such as Sobel,
Prewitt, Laplacian, and Canny operators, are widely
known for their simplicity and speed. These methods are
sensitive to noise, lighting variations, and complex
textures due to their handcrafted filters and fixed
thresholds. Therefore, they often produce inaccurate
edges in real-world images involving different conditions.

U-Net and other encoder-decoder models improve
performance by combining local and global context. U-
Net variants address efficiency, accuracy, and fine edge
preservation. Achieving accurate, noise-free, and
computationally efficient edge detection remains a
challenge, even with these advancements. Current
research focuses on lightweight, practical models that
balance accuracy and speed. Edge detection depends on
the encoder, which uses pre-trained models and a hybrid
approach with the clip Rectified Linear Unit (ReLU)
function [6]. These models are pre-trained architectures
that learn significant features from the ImageNet dataset,
even with limited training data [7]. This process, known
as transfer learning, allows the model to generalise more
effectively and learn more quickly [8].

Training becomes more efficient with the introduction
of non-linearity by the ReLU activation function [9]. The
ReLU function helps the network learn complex patterns
and avoid gradient vanishing. The skip connection
between encoder and decoder layers preserves spatial
features and improves edge map accuracy [10]. The
model’s performance in this work has been evaluated
through a visual and quantitative assessment. Visual
evaluation showed that the proposed model produced
more accurate and cleaner edge maps than traditional
methods. For quantitative evaluation, the Berkeley
Segmentation Data Set and Benchmarks 500 (BSDS500)
and Barcelona Images for Perceptual Edge Detection
(BIPED) datasets are crucial for measuring performance
using metrics such as Intersection over Union (IoU) and
Dice Coefficient (DC) [11]. This research introduces a
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structured method for improving edge detection by
integrating a modified activation function into a variant
of the U-Net architecture. The steps taken in the proposed
work are as follows:

(1) The study starts with an introduction and explains the
motivation behind the edge detection.

The problem statement discusses conventional
activation functions’ limitations and proposes a
clipped ReLU. Next, the proposed method’s key
innovations are discussed.

Edge detection research is reviewed in the related
work section to identify gaps that this study fills.

The core of this work is described in the proposed
framework, which is divided into four phases. Phase
1 covers the selection of a benchmark dataset, its
bifurcation, and the balancing strategy employed.
Phase 2 describes data augmentation techniques,
including image rotation, as well as the separation of
data into training, validation, and testing sets. Phase
3 introduces the architectural design of the modified
U-Net, focusing on integrating the clipped ReLU
function. Phase 4 outlines the performance
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evaluation metrics used to assess the model’s
effectiveness.

The BSDS500 dataset is used for training, validation
& testing, and the BIPED dataset is used for cross-
validating the performance of the proposed model.
The results and discussion section analyses the
statistical outcomes, comparing them against existing
methods. The visual interpretations section provides
graphical comparisons to support the quantitative
findings.

Finally, the conclusion and future prospects
summarized the research contributions and suggested
future directions for continued advancement in edge
detection techniques.
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II. LITERATURE REVIEW

A summary of the literature review, based on the latest
work on edge detection, is presented in Table I. This
section supports the background section by providing
evidence for the proposed hypothesis.

TABLE I. A BRIEF REVIEW OF THE LITERATURE BASED ON THE LATEST WORK ON EDGE DETECTION

Investigator (s) Year Method / Model Dataset (s) Used Outcomes
Wang and Zhang [1] 2024 BDCN BSDS500 ODS
Elharrouss et al. [2] 2023 CHRNet BSDS500 ODS, OIS, and AP
Xie et al. [3] 2025 EdgeFormer ABC dataset Better contextual
Wang et al. [4] 2023 multiscale TransUNet ++ Prostate MR and liver CT image Combining the U-Net
Anet. al [5] 2024 exclusive U-net BSDS500 ODS F-Score
Ronneberger et al. [6] 2015 U-Net (Original) ISBI Challenge, BSDS500 Encoder-decoder
Zhou et al. [7] 2018 U-Net++ DRIVE, CHASE DBI1 Nested and dense skip pathways
Oktay et al. [8] 2018 Attention U-Net DRIVE, ISIC Relevant edge features
Zhang et al. [9] 2018 ResUNet BSDS500, Medical Datasets Combines ResNet
Yuet al. [10] 2016 DRIVE, SK-LARGE DRIVE, SK-LARGE Dense blocks integrated into the U-Net
Syed et al. [11] 2025 Multi-Scale U-Net CoFly-WeedDB TIoU
Qin et al. [12] 2020 U”2-Net DUTS, ECSSD U-Net structure
Chen et al. [13] 2021 TransUNet Synapse, NYUDv2 U-Net
Pacot et al. [14] 2025 Hybrid multi-stage BSDS500, NYUDv2 Structure recognition
Ahmadian et al. [15] 2023 U-Net and RGB-DSM Image WHU and IEEE Data Fusion Dataset Footprint extraction
Muntarina et al. [16] 2023 MultiResEdge BSDS500, NYUDv2 Modified U-Net
Soria et al. [17] 2023 TEED BIPED Tiny and Efficient
Zhou et al. [18] 2023 UAED BSDS500, NYUDv2 Uncertainty-Aware
Suetal [19] 2021 PiDiNet BSDS500, ImageNet Pixel difference networks
Guo et al. [20] 2025 SFIA-MSNet NYUDv2 Spatial-frequency attention
C.Liuetal. [21] 2024. CPDC BSDS500, NYUDv2, BIPED & CID Cycle pixel
Y.Yeetal [22] 2024. DiffusionEdge NYUDv2 Utilises diffusion
Liu et al. [23] 2024 Msmsfnet BSDS500, NYUDv2, SAR images Fusion network
J. Smith et al. [24] 2024 Multiscale Edge Detection 2DeteCT & Extended MNIST Hybrid
Liu et al. [25] 2023  Edge Detection in SAR Images SAR datasets Ratio operator
Jain and Singh [26] 2025  Training-free Quantum-Inspired BIPED, Multicue & NYUD Enhanced accuracy
Han et al. [27] 2024 Edge-UNet Satellite imagery U-Net with edge extraction
Jonnala et al. [28] 2025 DSIA U-Net Water body Deep-shallow interaction mechanism

From Table I, it can be concluded that edge detection
has garnered significant attention using deep learning. It
is noted that multi-scale features, context learning, and
attention mechanisms are used to detect thin, complex,
and weak boundaries. Models are increasingly designed
to reduce texture noise and more accurately highlight fine
edges. To address the imbalance between edge and non-
edge pixels, researchers have proposed advanced loss
functions to mitigate this discrepancy. The research
community is also moving toward validation on multiple
datasets, such as BIPED and NYUDv2, to ensure that
models are robust across different domains. According to
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the literature review, numerous deep learning models
have been employed for edge detection. Classical U-Net
and its variants remain popular because they offer
encoder—decoder architectures that strike a balance
between detail and context. Jonnala et al. [29] introduce
AER U-Net, an attention-enhanced multi-scale residual
U-Net integrated with clip ReLU activation for efficient
water body segmentation from Sentinel-2 images. The
approach improves stability, feature learning, and
segmentation accuracy, outperforming conventional
models in remote sensing and environmental monitoring
tasks.
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Accordingly, in this work, six different models based
on Unet and its variants have been used for image edge
detection. The BSDS500 benchmark dataset is used to
identify edges in images. The model has been evaluated
using two benchmark metrics: IoU and Dice Coefficient.
The U-Net variant based on residual and clip ReLU
functions typically contains 20-30 million parameters,
which can be reduced in lightweight variants for real-time
or mobile applications. Overall, parameter tuning in
architecture and training is critical for enhancing edge
sharpness, reducing noise, and improving model
robustness across domains such as remote sensing and
urban planning. Data augmentation and regularization
techniques (e.g., dropout and batch normalisation) are
used to prevent overfitting.

To strengthen the robustness and generalizability of the
proposed model, the BIPED dataset is used as an external
validation benchmark. A subset of 50 images is carefully
selected and tested to verify the performance of the
proposed model Clip-MobileNetV2-UNet beyond the
BSDS500 dataset. This additional evaluation confirms
that the model is not overfit to a single dataset and
maintains consistent accuracy and edge detection quality
across different modalities and Domains.

A. Research Trends and Gaps

Recent developments in encoder-decoder architectures,
such as U-Net and its variants, have had a significant
impact on edge detection. Some research gaps persist
despite these trends. Previously, there was a lack of
comprehensive research on the applicability of hybrid
activation functions related to encoder-decoder contexts.
The absence of a direct benchmark dataset makes it
difficult to provide reliable comparisons. Lastly, research
that focuses primarily on accuracy often overlooks
computational ~ cost,  scalability, and resource
requirements, and fails to offer any practical implications
for deployment.

The results demonstrate that the ReLU-based hybrid
U-Net model outperforms existing methods, producing
high-quality edge maps, handling noise effectively, and
yielding consistent results [12]. These studies have shown
that pre-trained backbones and ReLU activation
significantly improve the performance [13].

B. Problem Statement

In computer vision, edge detection is crucial because it
enables the extraction of structural information from
images by identifying critical intensity transitions and
object boundaries. Although Sobel, Prewitt, and Canny
are practical and straightforward to use, traditional
gradient-based edge detection algorithms frequently
perform poorly in complex environments with noise,
texture clutter, fluctuating lighting, or low contrast. The
flexibility and resilience of these approaches are further
constrained by their heavy reliance on manually adjusted
parameters and their inability to learn from data.

Deep learning-based techniques that learn features
directly from data have significantly improved edge
detection accuracy in recent years. To recognised fine and
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coarse edges, deep convolutional networks are used in
architectures. However, these models are frequently
computationally intensive and huge and they are not
feasible for implementation on embedded or mobile
devices.

In this study, consolidating feature extraction and
reconstruction into a single framework is the prime goal
in designing and evaluating an encoder-decoder-based
architecture. Following the traditional model, the hybrid
model uses a lightweight encoder and a modified decoder
to reduce computational cost while preserving fine
structural details. Hence, this work is unique in advancing
encoder-decoder design with hybrid activation (Clipped
ReLU) and lightweight backbones, while also providing
quantitative benchmarking against these methods to
ensure fairness and objectivity. The proposed framework
addresses a distinct need in efficient segmentation and
edge detection by serving as a supplement to existing
frameworks rather than competing with them.

The benchmark datasets for edge detection tasks,
namely BSDS500 and BIPED, play a vital role in training
and evaluating the proposed model’s behaviors. For
training and validation of the proposed work, BSDS500
and BIPED provide a varied and demanding environment
with intricate natural images annotated with high-quality
human-drawn edge maps.

C. Major Contributions of Research

In this work, several new features have been
introduced within the simple architecture of the popular
U-Net framework. The Clipped ReLU is integrated into
the pre-trained encoder-decoder network, enhancing edge
preservation and improving gradient stability. This work
is robust and prioritises cross-validation with BIPED. The
significant contributions of this research are as follows:

e The lightweight model based on MobileNetV2
has been adopted as an incredibly effective
convolutional neural network. The computational
complexity and parameter count are significantly
reduced, while the high feature-extraction
capability, appropriate for edge detection, is
maintained.

e Clipped ReLU, a bounded activation function that
restricts outputs to a predetermined maximum, is
utilised in place of the conventional ReLU
activations found in MobileNetV2. This change
enhances feature sparsity, reduces the likelihood
of overactivation, and improves the model’s
ability to identify faint or subtle edges accurately.

e Based on the U-Net framework, a bespoke
decoder is created, combining high-level semantic
features with skip connections that combine low-
level spatial information from previous layers.
This ensures precise localisation and restores fine
edge details that are often lost during
downsampling.

o The cross-dataset validation has been performed
on BIPED to show robustness across different
domains.
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The BSDS500 dataset, a well-known benchmark
for natural image edge recognition, is used to
train and assess the proposed model.

IoU and Dice Coefficient have been evaluated in
pixel-wise prediction tasks and are used to
calculate their performance.

The outcomes show that the model can produce
precise, high-resolution edge maps that closely
match the ground truth contours.

D. Key Innovations

To strengthen the evaluation, the external BIPED
dataset was used for validation. By comparing the
suggested model to other datasets, we can evaluate its
performance beyond the training set. The current work
demonstrates that the proposed model maintains high
performance across diverse data conditions, as evidenced
by results on the external BIPED dataset. The standard
evaluation metrics used include IoU and DC. These
results demonstrate the competitiveness and efficiency of
the proposed approach. The suggested Clip-
MobileNetV2-U-Net model is more credible, practical,
and relevant to real-world situations. The major
contributions of this work are as follows:

e Clipped ReLU activation replaces standard ReLU
architecture, which uses clipped ReLU, which
limits activation values to a predetermined upper
limit, in place of the widely used ReLU
activation. Particularly in low-contrast regions,
this enhances the network’s ability to identify
delicate and precise edges while suppressing
noisy responses.

Hybrid architecture (MobileNetV2 Encoder + U-
Net Decoder): The model enables high-resolution
edge map reconstruction through  skip
connections and fast multi-scale feature learning
by combining a U-Net style decoder with the
lightweight and practical MobileNetV2 encoder.
The model’s compact decoder design and depth-
wise separable convolutions enable real-time
applications on mobile and embedded devices,
providing high edge detection accuracy with
minimal computational load.

The model is well-suited for real-time and
resource-constrained applications due to its high
accuracy and low computational cost.

The proposed method outperforms previous U-
Net versions in efficiency, robustness, and
boundary detection.

III. MATERIALS AND METHODS

The proposed edge detection framework uses a hybrid
U-Net with a clip ReLU Function [16]. The skip
connections and edge refinement module capture fine-
grained edge details for precise boundary extraction [17].
The benchmark dataset, BSDS500, is used to train the
model for robust performance across domains. The
proposed work on Clip-MobileNetV2-UNet combines the
efficiency of the MobileNetV2 encoder with the stability
advantages of Clipped ReLU. Clipped ReLU introduces
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bounded nonlinearity, distinct from standard activation
variants. The cross-dataset validation using the BSDS500
and BIPED datasets ensures the proposed model’s
stability. As a result, this work is distinguished from other
hybrid U-Net variants by its practical applicability, strong
validation, efficiency-oriented design choices, and
innovative architectural design. The phase-by-phase
development of the proposed framework is as follows.

A.  Phase I—Benchmark Dataset and Bifurcation

The BSDS500 is widely used for edge detection and
image segmentation. It contains 500 natural images, split
into 400 for training and 100 for testing. Each image in
the dataset has been labelled by multiple experts,
meaning each image has multiple ground truth masks.
The sample images, along with numerous ground-truth
images, are shown in Fig. 1.

Sample
Images

True Edge
Mask-1

True Edge
Mask-2

True Edge
Mask-3

True Edge
Mask-4

True Edge
Mask-5

.ﬁ
‘

o

=

Fig. 1. The sample image with multiple ground truth images.
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A single image has been seen to have five to six
ground truths, with multiple object detections marked by
an expert. These masks reflect subjective variations in
edge perception and provide a rich benchmark for
evaluating algorithm performance. BSDS500 supports
both binary edge maps and probabilistic ground truth
images. The proposed edge-detection framework is
shown in Fig. 2.

The BSDSS500 training set comprises 400 images,
accompanied by approximately 2100 ground-truth edge
maps annotated by multiple human subjects, and 100 test
images with 500 ground-truth annotations [29-32]. Each
image contains several ground-truth masks that capture
subjective interpretations of object boundaries. This
diversity helps to train models that generalise well across
varying edge definitions and natural scenes. Balancing
the BSDS500 dataset with the same number of natural
images, i.e., for the training set, 2100 natural images with
2100 corresponding ground truth images, and for the
testing set, 500 natural images with 500 corresponding
ground truth images, ensures uniform learning and avoids
model bias. This involves selecting or generating a single
consistent ground truth per image (e.g., averaging or
selecting the most consistent annotation). It simplifies
training, enhances stability, and improves generalisation
in edge detection.
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B.  Phase 2—Data Augmentation with Rotation and
Training,  Validation and  Testing Dataset
Bifurcation

Data augmentation via a 45° rotation enhances the
diversity of training samples, enabling the model to learn
edge patterns across different orientations. This technique
enhances robustness and generalisation by exposing the
model to rotated versions of the original images and their
corresponding masks, thereby improving edge detection
accuracy. This work utilises data augmentation to
artificially expand the dataset by applying a 45° rotation.
The sample images, including rotated natural images and
ground truth images, are shown in Fig. 3.

4 A a

Ground Truth
Images

Sample A
Ground Truth
Images

Sample
Natural
Images

Natural
Images

Fig. 3. The sample images with rotation of natural images and ground
truth images.

The dataset comprises 4200 natural images with
corresponding 4200 ground truth edge maps, ensuring a
one-to-one ratio for balanced training. Further, the dataset
is bifurcated into 3200 images for training and 1000
images for validation, allowing the model to learn
effectively from diverse edge patterns while reserving
sufficient data for performance evaluation.

Each ground-truth mask is carefully aligned with its
corresponding image, ensuring consistency and
reliability. This structure supports supervised learning
approaches by providing clear input-output pairs. The
balanced, well-divided dataset enhances the model’s
ability to generalise and precisely detect edges in unseen
natural image scenarios.

C. Phase 3—Architectures of the Variants of U-Net
with Model Specifications

The basic U-Net architecture, with an input size of
256x256%3 (for RGB images), maintains its encoder-
decoder framework with symmetric skip connections.
The input image is gradually downsampled via
convolution and max-pooling layers in the encoder to
capture deep features, then upsampled in the decoder to
reconstruct the output edge map. MobileNet-U-Net is a
lightweight and efficient variant of the traditional U-Net
architecture, in which the encoder is replaced with
MobileNet v2. It is designed for real-time edge detection

tasks, particularly on mobile or low-power devices,
without compromising accuracy too much. ResNet50-U-
Net is a powerful edge detection model that combines the
deep feature extraction capabilities of ResNet-50 (as an
encoder) with the spatial reconstruction capabilities of U-
Net (as a decoder) [33—44]. It’s widely used for tasks that
require accurate boundary detection and deep contextual
understanding, such as medical imaging, remote sensing,
and wurban scene understanding. The model’s
specifications are shown in Table II.

TABLE II. THE MODEL’S SPECIFICATION

Model (s) M Od?l Encoder-Decoder Blocks
specification (s)
U-Net Conv + ReLU + 4 Upsampling and
Maxpooling downsampling blocks
. Conv + Clip ReLU 4 Upsampling and
Clip-U-Net + Maxpooling downsampling blocks
4 Upsampling and
ResNet50-U-Net Conv+ ReLU * downsampling blocks with
Maxpooling .
residual
Clip-ResNet50- Conv + Clip ReLU 4 Up sar_npllng and .
. downsampling blocks with
U-Net + Maxpooling .
residual
4 Upsampling and

Conv + ReLU +

MobileNet-U-Net downsampling blocks with

Maxpooling depthwise separable
I(J:}Il\ll)e;xgl:(l)le(?;i(-i Conv + Clip ReLU 4 Upsampling and
P + Maxpooling downsampling blocks

Hybrid Model)
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Note: Output Framing—8x8 — 16x16 — 32x32 — 64x64 —
128%128 — 256x256.

The U-Net architectural design is widely used for edge
detection due to its encoder-decoder framework with skip
connections that preserve spatial details. MobileNet-U-
Net replaces the standard encoder with a lightweight
MobileNet, making it efficient for real-time applications
on low-power products. ResNet50-UNet integrates a deep
ResNet50 encoder, enhancing feature extraction through
residual learning and improving performance in complex
scenes. All variants share a standard decoder that
upsamples features to generate precise edge maps. These
networks support inputs such as 256x256 images and
utilise sigmoid activations for binary edge maps. They are
trained on annotated datasets and fine-tuned using loss
functions such as edge-aware loss.

The ReLU clip, or clipped rectified linear unit, offers
several benefits in DL models, such as U-Net,
MobileNet-U-Net, and ResNet50-U-Net. Capping the
activation output within a defined range (e.g., 0-6)
prevents activation explosion and enhances training
stability. This helps to avoid extreme values disrupting
gradient flow and slowing convergence. It also acts as a
regularity, reducing overfitting by controlling feature
intensity. The ReLU clip supports efficient computation,
especially in resource-constrained environments, and is
well-suited for quantised models due to its bounded
output. Overall, it contributes to the robust and efficient
performance of deep neural networks. The basic
parameters used to train the model are presented in
Table III.



Journal of Image and Graphics, Vol. 14, No. 1, 2026

TABLE III. THE BASIC TRAINING PARAMETERS/SPECIFICATIONS USED
TO TRAIN THE MODEL

Parameter (s) Variated Selected Specification
Optimizer Adam and RMSprop Adam
Learning Rate 0.01-0.0001 0.0001
Batch Size 8-32 32
Ini:?;el:ilzge?ttion ImageNet ImageNet
Epochs 20-30 30

Binary cross-entropy

Loss Function .
and dice loss

Binary cross-entropy

Data ) Rotation, F hppmg and Rotation with 90°
Augmentation Translation
Constant 3 to 5 5 Constant validation
Early Stopping accuracy on the accuracy that saves the
validation dataset model
GPU NVIDIA GEFORCE RTX 4060 with 8 GB RAM

The selection of training parameters is crucial for
effective model learning and accurate edge detection. A
learning rate between 0.01 and 0.0001 ensures stable
convergence without overshooting. The Adam optimiser
is commonly used due to its adaptive learning capabilities.
The batch size, typically 8 to 32, is chosen based on
available GPU memory and training speed. The epochs
range from 20 to 30, depending on the dataset size and
convergence level. Binary cross-entropy or edge-aware
loss functions are used to optimise boundary detection.
Early stopping prevents overfitting by monitoring
validation loss during training.

The basic Clip-MobileNet-UNet architecture is shown
in Fig. 4.

Input Layer |

[ Output Shape ( None, 256, 256, 3) |

Conv2D |

| Input Shape (None, 256, 256, 3)

Output Shape ( None, 256, 256, 64) |

Conv2D |

| Input Shape (None, 256, 256, 64) |

Output Shape ( None, 256, 256, 64) |

| Maxpooling2D |

I Input Shape (None, 256, 256, 64)

Output Shape ( None, 128, 128, 64) |

[ Conv2D |

I Input Shape (None, 128, 128, 64)

Output Shape ( None, 128, 128, 128) ]

[ Conv2D |

| Input Shape (None, 128, 128, 128)

Output Shape ( None, 128, 128, 128) |

[ Maxpooling2D

| Input Shape (None, 128, 128, 128)

Output Shape ( None, 64, 64, 128) |

| Conv2D

[ Input Shape (None, 64, 64, 128)

Output Shape ( None, 64, 64, 256) |

| Conv2D

[ Input Shape (None, 64, 64, 256)

Output Shape ( None, 64, 64, 256) |

| Conv2DTr

| Input Shape (None, 64, 64, 256)

Output Shape ( None, 128, 128, 128) |

[ Concatenate

|Input Shape (None, 128, 128, 128)

Output Shape ( None, 128, 128, 256) |

Conv2D

[Input Shape (None, 128, 128, 128)

Output Shape (None, 128, 128, 128) |

| Conv2D

| Input Shape (None, 128, 128, 128)

Output Shape (None, 128, 128, 128) |

Conv2DTranspose

[Input Shape (None, 128, 128, 128) |

Output Shape (None, 256, 256, 64) |

{

C P

I Input Shape (None, 256, 256, 64) (None, 256, 256, 64)

Output Shape ( None, 256, 256, 128) I

| Conv2D

[ Input Shape (None, 256, 256, 128)

Output Shape (None, 256, 256, 64) |

| Conv2D

[ Input Shape (None, 236, 256, 64)

Output Shape (None, 256, 256, 64) |

[ Conv2D

| Input Shape (None, 256, 256, 64) |

Output Shape ( None, 256, 256, 1) |

Fig. 4. The basic Clip-MobileNet-U-Net architecture.
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D.  Clip ReLU Function and U-Net Architecture

The Clip Rectified Linear Unit (ReLU) is a modified
activation function designed to address limitations of the
standard ReLU. While ReLU outputs 0 for negative
inputs and the input value for positive inputs, Clip ReLU

limits the activation to a predefined range, typically O to 1.

The formula for Clip ReLU is Eq. (1) [30]:

Clip ReLU (x) = Min(Max(0, x),0) (N

where 6 is the clipping threshold.

This bounded nature prevents very high activations,
stabilises training, and reduces overfitting by maintaining
consistent gradient flow during backpropagation. It
combines the sparsity advantage of ReLU with added
regularizations, making it particularly useful in deep
architectures for edge detection. The U-Net architecture
is a symmetric encoder-decoder model widely used in
segmentation tasks [29, 31-42]. It is composed of a
contraction path (encoder) that utilises convolution and
downsampling to collect context, and an expansion path
(decoder) that employs skip connections and upsampling
to enable precise localisation. Each encoder block
comprises two convolutional layers, followed by an
activation function (Clip ReLU in this model) and a max
pooling layer. The bottleneck lies between the encoder
and the decoder, where data is compressed. The decoder
mirrors the encoder, using upsampling layers and
concatenating features from the encoder to recover spatial
information by integrating Clip ReLU into the U-Net.
The model benefits from controlled activations, sharper
edge predictions, and improved generalisation. This
combination maximizes the model’s ability to detect fine
edges in noisy or complex images, making it particularly
suitable for edge detection tasks.

E.  Phase  4—Performance
Parameters

Evolution Metrics

A brief description of the exhaustive literature survey
on selecting performance evolution metrics is shown in
Table I'V.

TABLE IV. BRIEFLY DESCRIBES THE EXHAUSTIVE LITERATURE
SURVEY ON SELECTING PERFORMANCE EVOLUTION METRICS

Investigator Year Model Dataset A;s/[e:tslfirlcesnt
Xie[i‘;c]' Tu 2017 CNgggsed BSDS500  ODS, OIS, IoU
Liu et al. [46] 2018 RCF-Net BIS\I]%%SBO’ F-measure, IoU
Enhanced
Ba&g’]“l' 203 pDUF  PROSOL pseore
Lietal. [50] 2024  UHNet 1\]?583?2?1’(1 ?\flse;s?ﬁ:
BIPED
Jieetal [S1] 2024 EE‘;“EE;S;& B?ﬁég)vznd OIS and ODS

Note: PDUF-Pixel difference unmixing feature networks.
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Table IV reveals that deep learning-based edge
detection models have increasingly used IoU and Dice
Coefficient (DC) as key performance metrics. These
parameters evaluate the overlap and accuracy between the
predicted edges and ground truth masks. Early models,
recent U-Net variants,  MobileNet-UNet, and
Transformer-based networks incorporate IoU and DC for
comprehensive assessment [29-34, 52]. Dice is
instrumental in fine-structure tasks due to its sensitivity to
small boundaries. The basic formulas used here for
calculating IoU and Dice Coefficient are as follows [31]:

|G, NP,

IoU =—"—" 2
G,Ur,)|

De - 2x|G, NP, o)
(Gl +1]

where: G, = Ground Truth Mask (binary mask: 1 = edge,
0 = background); P,, = Predicted Mask (binary mask).

IV. RESULTS AND DISCUSSION

The comparison result based on the statistical
performance metrics of various U-Net variants is shown
in Table V.

TABLE V. THE COMPARATIVE RESULTS BASED ON THE STATISTICAL
PERFORMANCE METRICS OF VARIOUS U-NET VARIANTS

Model mloU mDC

U-Net 77.45 84.78
ResNet50-U-Net 82.15 90.16
MobileNet-U-Net 80.92 88.36
Clip-U-Net 79.22 86.37
Clip-ResNet50-U-Net 82.73 89.36
Clip-MobileNetV2-U-Net 34.19 92 56

(Proposed Hybrid Model)

In this work, the proposed Clip-MobileNetV2-Unet
achieved the best performance among all tested models,
clearly demonstrating its effectiveness in edge detection.
It outperformed the others with a mloU of 84.19 and a
mean Dice Coefficient (mDC) of 92.56, highlighting its
strong ability to capture spatial features while
maintaining computational efficiency. The lightweight
yet robust MobileNetV2 backbone, combined with the
Clip mechanism, enabled accurate boundary detection
and robust feature extraction. The Clip-ResNet50-U-Net
achieved the second-best performance, with mloU of
82.73 and mDC of 89.36. This indicates its capability,
albeit with a slightly lower accuracy than Clip-
MobileNetV2-Unet. These findings verify that Clip-
MobileNetV2-Unet provides superior efficiency and
accuracy in segmentation tasks.

This study’s findings may have limited generalizability
if applied only to the BSDS500 dataset. Using a second
dataset, BIPED, this work evaluates the effectiveness of
addressing this deficiency. In contrast to BIPED’s more
varied offerings, which include variations in lighting,
texture, and object boundaries, BSDS500 primarily
features images of natural scenes. Therefore, the model
can be tested across various contexts, thereby enhancing
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the reliability of the evaluation. The wvalidation is
strengthened and our approach is made more practical for
real-world applications by including BIPED as a
secondary benchmark dataset. This revision enhances the
credibility of the suggested framework. Together, the two
datasets prove that the proposed Clip-MobileNetV2-UNet
is domain-agnostic and not limited to processing a single
image type. Testing on more difficult images does not
detract from the model’s high accuracy, preservation of

acceptable boundaries, or efficiency, as shown on BIPED.

This proves that the proposed method is flexible and
resilient.

To enhance the evaluation and cross-validation of the
best-performing model, i.e., Clip-MobileNetV2-UNet, 50
images were selected for validation from the BIPED
dataset. The inclusion of complex object boundaries,
lighting variations, and diverse edge characteristics in this
dataset made it an ideal complement to BSDS500. More
extensive and varied testing of the proposed Clip-

MobileNetV2-UNet ~ demonstrated  the = model’s
generalizability across different image domains, thereby
boosting confidence in the results. To further illustrate the
model’s generalizability across diverse image domains
and increase the reliability of the results, the proposed
Clip-MobileNetV2-UNet is subjected to additional
validation under more challenging, varied conditions. The
performance of the proposed network on the BIPED
dataset is shown in Table VI.

TABLE VI. THE PERFORMANCE OF THE PROPOSED NETWORK ON THE

BIPED DATASET
Dataset (BIPED) mloU mDC
Clip-MobileNetV2-UNet (Proposed hybrid model)  81.3 89.4

The training and validation losses, based on accuracy
and epoch, are shown in Fig. 5.

Model Accuracy Model Loss
— train — train
0.896 valid 0.16 valid
0894
014
0.892
S
Q
g 2
5 0890 2 o012
;,3, =
0.888
0.10
0.886
0.884
008
0.882
0 10 20 30 40 50 0 10 20 30 40 50
Epoch Epoch
@
Model Accuracy Model Loss
0.45
- train - ftrain
0.8975 valid 0.40 valid
0.8970
0.35
0.8965
& 0.30
< 7]
£ o080 3
3 — 025
< 08955
020
0.8950
0.8945 015
0.8940 010
0.8935 0.05
0 5 10 15 20 25 30 0 5 10 15 20 25 30
Epoch Epoch
(®)

Fig. 5. The training and validation losses are based on accuracy and the number of epochs. (a) Training and validation loss for Clip-ResNet50-UNet.
(b) Training and validation loss for Clip-MobileNet-UNet.

A.  Phase 5—Visual-Based Analysis

In the visual interpretation of results, three images are
commonly displayed side by side: the original image, the
ground truth mask, and the predicted mask. The original
image depicts natural scenes, including people,
landscapes, and objects. The ground truth mask is often
displayed as white contours on a black background,
representing consensus boundaries labelled by annotators.
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The predicted mask, output by the U-Net model, is a
grayscale or binary map highlighting the edges the model
has detected.

The Clip-MobileNetV2-U-Net model produces a
predicted mask with contours that closely align with the
ground truth. The mask shows thin, continuous lines
around object boundaries, capturing fine details such as
outlines of faces, trees, or buildings. In arecas where the
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prediction is uncertain or the model underperforms, edges
may appear blurred, broken, or thickened. These visual
discrepancies enable researchers to evaluate the model’s
performance qualitatively [42-44, 53, 54]. Colour
overlays can further enhance visual interpretation.
Overall, the visual interpretation of a predicted mask on

. . . e

the BSDS500 dataset provides intuitive insight into the
model’s edge detection capability and complements
quantitative metrics mloU and mDC for model evaluation.
The visual interpretations based on the original, ground
truth, and predicted masks for Clip-MobileNetV2-UNet
and Clip-ResNet50-UNet are shown in Fig. 6.

Sample
Images

Predicted Mask
Using Clip-
ResNetS0-UNet
Iou =0.83, Iou =0.82, Tou =0.85, Iou =0.83, Iou =0.84, Iou =0.81, Iou =0.84,
DC =0.89 DC =0.88 DC =0.92 DC =0.89 DC =0.90 DC =0.87 DC =0.90
Predicted Mask
Using Clip-
MobileNetv2-
Unet
Iou=0.84, Iou=0.83, Iou =0.86, Tou =0.84, Iou =0.85, Iou =0.82, Iou =0.85,
DC =0.90 DC =0.89 DC =0.93 DC =0.90 DC =0.91 DC =0.88 DC =0.92

Fig. 6. The visual interpretation is founded on the original ground truth and predicted mask for Clip-ResNet50-UNet and Clip-MobileNetV2-U-Net.

The visual results from the BIPED dataset for the Clip-
MobileNetV2-UNet model are shown in Fig. 7.

The visual results obtained on the BIPED dataset using
the  Clip-MobileNetV2-UNet model demonstrate
remarkable accuracy in detecting fine edges and
structural boundaries. The predicted outputs clearly
highlight object contours with sharpness and continuity,
reducing background noise and avoiding fragmented
edges that are commonly observed in conventional
approaches. The model effectively captures both global
and local structural details, enabling the preservation of
intricate  object shapes without losing contextual
information. Compared with other models, Clip-
MobileNetV2-UNet produces more refined and consistent
edge maps, emphasising its ability to generalise well on
challenging natural images. These results confirm the
robustness, reliability, and efficiency of the proposed
method, making it highly suitable for edge detection and

related segmentation tasks where precision and clarity are
essential. The Comparisons of the proposed model with
recent state-of-the-art models are shown in Table VII.

-
T

Original Images Predicted Mask True Mask

Fig. 7. The visual result of the BIPED dataset for the Clip-
MobileNetV2-U-Net.

TABLE VII. COMPARISON WITH RECENT STATE-OF-THE-ART MODELS

Model
Features HED [53] PiDiNet [54] _ Edge Former [44] ResNet50_U-Net [43] Proposed Clip-MobilenetV2-UNet
BSDS500 . BSDS500 BSDS500
Dataset BSDS500 BIPED 3D point data BIPED BIPED
Pre-training ImageNet no No or EdgeLM ImageNet ImageNet
ODSF-measure/F1- Cannot compare the 3D . BSDS500 [IoU: 0.8419;
Score/Dice  OSD-0.78 OSD-0.807  point data to the 2D BS}%%%)(EF[T_IS'%?;%%S;] mDC: 0.9256]
Coefficient point data. C BIPED [IoU: 0.813, mDC: 0.894]

Compared to recent state-of-the-art 2D edge detectors
such as PiDiNet and other methods, the proposed model
achieves competitive metrics on the BSDS500 & BIPED
datasets. At the same time, EdgeFormer operates in 3D
space, so it is not directly comparable to 2D benchmarks.
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B.  Phase 6-ANOVA Statistical Test

To evaluate whether the models differ significantly in
the DC, a one-way ANOVA is performed on the results
of two experiments conducted on the BSDS500 and
BIPED datasets. Dice score values are organised into two



Journal of Image and Graphics, Vol. 14, No. 1, 2026

groups to test the null hypothesis that all group means are
equal, and the p-value is computed. The p-value for the
DC is 0.8206. The p-value > 0.05, indicating no
significant difference between the two experiments. The
ANOVA diagram for the DC, including between-group
and within-group variance, is shown in Fig. 8.

0.9

0.89

0.88

0.87

0.86
|
|
.

BSDS500 BIPED

Fig. 8. The ANOVA diagram, between-group and within-group
variance for the DC.

V. CONCLUSION AND FUTURE PROSPECTS

In computer vision, edge detection is a vital task that
lays the groundwork for more complex tasks, including
object detection, image understanding, and segmentation.
This study suggested a deep learning-based edge
detection framework that incorporates the Clip ReLU

activation function and a variant of the U-Net architecture.

Deep learning models based on Clip ReLU have been
tested on the benchmark BSDS500 dataset. This study
integrates the Clip ReLU activation function into the U-
Net model, a significant contribution. A ReLU clip limits
activation values to a predefined range (e.g., 0 to 6). This
prevents activation values from exploding and promotes
stable gradient flow, leading to better convergence during
training. This non-linearity in the U-Net encoder and
decoder blocks improved edge representations, especially
in gently transitioning regions.

The proposed model demonstrated strong performance
on the BSDS500 test set, achieving a Dice Coefficient
(DC) of 0.9256 and an Intersection over Union (IoU) of
0.8419. These findings demonstrate the architecture’s
robustness by showing high agreement between the
predicted and ground-truth edge maps. The proposed U-
Net with Clip ReLU improved edge detection accuracy
and ensured stability and computational feasibility. The
architecture is well-suited for both academic research and
practical deployment in real-time systems, including
mobile and embedded devices.

Future work may incorporate attention mechanisms or
transformer blocks to refine edge localisation further and
address challenges in more cluttered scenes or in real-
time video edge-detection scenarios. The researchers may
concentrate on minimizing information loss by
implementing adaptive clipping in the activation function.
The accuracy of edge detection can be increased by
incorporating multi-scale feature fusion or attention
techniques into the model. To manage complex datasets
more efficiently while preserving accuracy, hybrid
architectures and self-supervised learning can also be
explored. The p-value indicates that the experiments

94

using the BSDS500 and BIPED datasets are identical and
show no difference.
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