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Abstract:

This paper presents a novel edge detection framework based on Rule-Based Convolutional Neural Networks
(RBCNNSs) to improve the accuracy and reliability of edge extraction from digital images. Traditional edge
detection techniques often struggle to identify subtle boundaries and complex structural patterns, particularly
in challenging imaging environments. To overcome these limitations, the proposed approach integrates rule-
based decision-making with the powerful feature learning capability of convolutional neural networks. By
incorporating domain-specific rules into the learning process, the model benefits from both structured
reasoning and deep feature representation. This hybrid framework not only enhances edge detection
performance but also improves the interpretability of the decision-making process. Extensive experiments
conducted on multiple benchmark datasets demonstrate the effectiveness and robustness of the proposed
method across diverse imaging conditions. The results show significant improvements in detecting fine edges,
complex boundaries, and intricate image details. Furthermore, the rule-based component provides greater
transparency, enabling a better understanding of how edge decisions are made and facilitating model
refinement when required. The proposed method outperforms several existing approaches, achieving a Figure
of Merit (FoM) of 0.49 and an F-score of 0.82, highlighting its effectiveness for accurate and reliable image edge
detection.
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1. Introduction

Edge detection is a fundamental task in image processing and computer vision, serving as the basis for
applications such as object recognition, image segmentation, feature extraction, and scene analysis [1]-[3].
Edges represent significant changes in image intensity and often correspond to the boundaries of objects or
regions of interest. In binary images, an edge can be viewed as a boundary pixel separating foreground and
background regions [1]. Accurate edge information is essential for understanding image structure and
improving the performance of higher-level vision systems. According to Torre et al. [4], edges are formed by
abrupt variations in brightness, texture, or colour, while Shui et al. [5] described them as important cues for
distinguishing objects from their surroundings.

Traditional edge detection techniques, including the Canny [6] and Sobel [7] operators, identify edges by
applying convolution masks to highlight intensity variations. Although these methods are computationally
efficient and widely used, their performance is often affected by noise, texture complexity, illumination
changes, and object occlusion. The selection of appropriate thresholds and convolution masks remains a
significant challenge, frequently resulting in false edge detection or missing important boundary information
[8], [9]- Even advanced approaches such as the Canny detector, which employs dual thresholds, may require
additional post-processing operations to achieve satisfactory results under varying imaging conditions.
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Robust edge detection is particularly important in modern applications where accurate boundary information
directly influences subsequent analysis. In medical imaging, edge detection assists in identifying organs,
tissues, tumours, and other anatomical structures, thereby supporting diagnosis and treatment planning [10],
[11]. Similarly, in industrial inspection, object recognition, automation, and quality control systems, reliable
edge extraction helps determine object shape, detect defects, and monitor structural integrity [12], [13]. These
growing demands highlight the need for intelligent edge detection techniques that can effectively handle
complex image characteristics while maintaining high accuracy and robustness across diverse applications.

1.1 Motivation

Edge detection is a fundamental component of computer vision and image processing, playing an important
role in applications such as object recognition, image segmentation, and image enhancement. Traditional edge
detection techniques, including Sobel, Canny, and Laplacian operators, rely on gradient-based calculations to
identify intensity changes within an image. Although these methods are widely used, their performance often
deteriorates in the presence of noise, illumination variations, and complex image structures. In addition, they
usually require careful parameter tuning and may struggle to capture fine edge details in real-world scenarios.
Recent advances in deep learning have led to the development of CNN-based edge detection methods, which
can automatically learn meaningful features from image data and often achieve superior performance
compared to conventional approaches. However, these methods typically depend on large training datasets
and substantial computational resources. To address these limitations, combining rule-based edge extraction
with CNN learning offers a promising alternative. Rule-based approaches provide explicit knowledge about
edge patterns and are generally more resilient to noise and lighting variations, while CNNs excel at learning
complex feature representations directly from data. By integrating these complementary strengths, a hybrid
framework can achieve more accurate and robust edge detection while reducing the dependence on extensive
training data and computational complexity.

1.2 Contributions

This study presents a novel edge detection framework that integrates convolutional neural networks (CNNs)
with rule-based edge pattern recognition to improve detection accuracy and robustness. The proposed
approach incorporates a set of edge-specific rules derived from fundamental edge structures, providing explicit
guidance during the detection process and enhancing performance in the presence of noise, illumination
changes, and complex image backgrounds. In addition, a customized CNN architecture is developed to learn
discriminative edge features automatically from image data. By combining data-driven learning with
structured rule-based knowledge, the framework effectively captures both local edge characteristics and
complex visual patterns. The proposed method also reduces reliance on large training datasets and extensive
computational resources, making it a practical and efficient solution for real-world edge detection applications
across diverse imaging environments.

1.3 Organization of the paper

The structure of the remainder of this paper is organized as follows: Section 2 presents a comprehensive
overview of related work. In Section 3, the proposed edge detection method is thoroughly discussed. Section 4
delves into the results obtained, and finally, Section 5 encapsulates the major conclusions drawn from this
study.

2. Literature Survey

Traditional edge detection techniques based on convolution masks have played a significant role in the
development of image processing systems. Early methods such as the Sobel and Prewitt operators primarily
relied on pixel intensity gradients to identify edge locations [14]. While these approaches are simple and
computationally efficient, they often generate false edges and produce relatively thick edge boundaries, which
can obscure fine image details. To improve detection performance, researchers have explored alternative
masking strategies, including hexagonal mask structures. In these approaches, conventional square masks are
transformed into hexagonal patterns through interpolation, leading to improved edge representation and
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detection accuracy [15]. The integration of hexagonal masking with the Canny edge detector has also
demonstrated enhanced performance compared to traditional implementations [16]. Furthermore, Canny-
based edge detection has been successfully applied in content-based image retrieval systems [17].

Despite their widespread use, traditional mask-based methods have several limitations. Their performance is
highly sensitive to image noise, illumination variations, and low-contrast regions, often resulting in inaccurate
or incomplete edge extraction. In addition, fixed convolution kernels lack the flexibility required to handle
complex textures and diverse image structures. Since these methods depend primarily on local gradient
information, their effectiveness decreases when processing challenging real-world images. Consequently, more
advanced approaches based on machine learning and deep learning have emerged to overcome these
limitations and provide more accurate, adaptive, and robust edge detection capabilities.

2.1 Soft Computing-Based Image Edge Detection

Soft computing approaches have also been widely explored for image edge detection. Among these, Ant Colony
Optimization (ACO) has been used to identify edge structures by mimicking the foraging behavior of ants, and
its performance has been further enhanced through the integration of guided image filtering techniques to
improve edge localization and reduce noise effects [18]-[20]. Researchers have also proposed modifications to
the traditional Sobel operator by introducing eight-directional masks and entropy-based thresholding
methods, leading to improved edge extraction capabilities [21]. Another notable approach combines image
sharpening with Particle Swarm Optimization (PSO) to enhance edge visibility and optimize detection
performance [22].

Although these methods have shown promising results, several challenges remain. ACO-based techniques often
involve high computational costs and are sensitive to parameter selection, making them less suitable for real-
time applications. Their performance may also degrade in images containing significant noise or highly
complex textures. Similarly, the use of multi-directional Sobel masks and entropy-based thresholding can
increase algorithmic complexity and implementation difficulty. PSO-based approaches, while effective in
optimization, require careful tuning of parameters and may be influenced by initial conditions, which can affect
detection consistency. These limitations highlight the need for more adaptive and efficient edge detection
frameworks capable of delivering accurate results across a wide range of imaging conditions.

2.2 Fuzzy Logic-Based Image Edge Detection

Fuzzy set-based edge detection methods are founded on fuzzy set theory, where pixel intensities are
represented using membership functions. To enhance edge detection performance, researchers have
integrated guided image filtering with fuzzy logic [23, 24]. Kaur et al. proposed an edge detection approach
based on sixteen fuzzy rules [25]. More recent studies have explored advanced fuzzy frameworks, particularly
Type-2 fuzzy logic, to overcome the uncertainties and limitations associated with conventional edge detection
techniques [26, 27]. Other developments include adaptive neuro-fuzzy systems for edge detection [28], as well
as hybrid approaches that combine Ant Colony Optimization (ACO) with fuzzy logic to reduce false edge
detection [29]. Additionally, Kalman filtering and artificial neural networks (ANNs) have been incorporated
into edge detection frameworks to improve detection accuracy [30].

Despite their effectiveness, fuzzy set-based edge detection techniques present several challenges. The
integration of guided image filtering and multiple fuzzy rules increases computational complexity, making the
methods more resource-intensive. Although Type-2 fuzzy logic enhances the handling of uncertainty, it further
complicates the system design and computational requirements. Similarly, adaptive neuro-fuzzy models and
hybrid approaches involving ACO, Kalman filtering, or ANNs introduce additional processing overhead and
parameter dependencies. These factors can limit their suitability for real-time applications and make
performance highly sensitive to parameter tuning.

2.3 Machine Learning-Based Methods

Martin et al. proposed the Probabilistic Boundary (Pb) edge detection method, which utilizes texture feature
descriptors and logistic regression to improve edge identification accuracy [31]. Building on this work, a multi-
scale extension known as the Multi-scale Probabilistic Boundary (MsPb) method was introduced to enhance
edge detection performance [32]. By analyzing image features at multiple scales, MsPb captures edge
information more effectively across varying levels of detail, resulting in improved detection quality. Further
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advancements were made by Arbelaez et al., who extended the Pb framework to develop the Global
Probabilistic Boundary (gPb) method [33]. This approach integrates multi-scale processing with spectral
clustering, enabling more effective analysis of complex image structures by grouping similar edge features and
improving the overall accuracy of edge detection. Despite their improved performance, Pb-based edge
detection methods have several limitations. The original Pb framework relies on texture descriptors and
logistic regression, which can be computationally demanding and sensitive to parameter selection. The more
advanced MsPb and gPb methods further increase computational and memory requirements due to their use
of multi-scale analysis and spectral clustering techniques. While these enhancements improve edge detection
accuracy, they also introduce greater algorithmic complexity, making implementation more challenging.
Consequently, the high computational cost and resource consumption of these methods may restrict their
suitability for real-time applications and large-scale image processing tasks.

2.4 Deep Learning-Based Methods

The significance of supervised learning in image processing tasks such as edge detection continues increasing.
Dollar et al. proposed an improved edge detection method based on probabilistic boosting tree classification
by integrating probabilistic models [34]. Rahebi et al. leveraged artificial neural networks (ANNs) for edge
detection, given the ability of the network to learn complex patterns in the data [35]. Lim et al. utilized a random
forest classifier for sketch marker-based edge detection, showing that ensemble methods could handle well the
variability of edge features [36]. In addition, edge refinement has been accomplished with cascaded
convolutional neural networks (CNNs), which maintain effective performance in enhancing edge precision
[37]. One major challenge concerning supervised learning methods arises in that they require large annotated
datasets for training, considered truly time-consuming and costly to compile. Another difficulty with employing
supervised learning techniques is their higher sensitivity towards the quality of the training data used. Poorly
built or wrong datasets will lead to erroneous detection of edges by a model, thus limiting its applicability in
real-life situations.

On the other hand, unsupervised learning provides an alternative way because it does not involve any manual
labeling of edge features. With techniques such as sparse code gradients (SCG) [38] and pointwise mutual
information architecture [39], edge contours can be identified without the need for annotated data. Yang et al.
proposed a convolutional encoder-decoder network that automatically extracts object contours to enhance
edge detection under various situations [40]. Likewise, Xia et al. offered another unsupervised semantic
segmentation method geared toward edge detection, this time using an encoder-decoder framework to
segment and recognize edge features automatically [41]. These unsupervised methods present an excellent
avenue for edge detection since they require no labelled datasets, allowing for easier application to novel
unlabelled data. In contrast, although unsupervised methods cannot match supervised methods for accuracy,
they find none of these patterns correspond to true edge features.

2.5 State of the Art Methods

Recent studies have focused on improving edge detection accuracy in the presence of noise, complex
backgrounds, and varying image conditions. Yin et al. proposed a Fusion Difference Convolution (FDC) method
for edge detection that employs multiple convolution-based fusion strategies to achieve precise and robust
edge extraction [42]. By effectively suppressing noise while preserving important edge details, the proposed
approach demonstrates superior performance compared to conventional edge detection techniques.
Elharrouss et al. introduced a modified edge detection framework based on a Cascaded High-Resolution
Convolutional Network (CHRNet) [43]. Their approach integrates multi-scale feature representations and
enhances the resolution of edge maps, resulting in more accurate edge localization and improved fine-to-coarse
edge representation. The method was specifically designed to address the challenges of high-resolution edge
detection in complex visual environments. Liu et al. proposed a learning-based approach that incorporates
gradient information to achieve crisp edge detection [44]. By combining traditional gradient-based techniques
with learned feature representations, the method improves edge localization and produces sharper edge
boundaries across a variety of imaging conditions. In a subsequent study, Liu et al. further enhanced edge
detection performance by incorporating second-order derivative information [45]. Their findings
demonstrated that higher-order image derivatives can effectively capture finer structural details, leading to
more precise and well-defined edge maps.
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All these studies point to the recent development in edge detection, where the marriage of higher-order
information, learning techniques, and multi-scale techniques enhances edge detection performance
considerably across diverse and challenging image types.

2.6 Research Gaps

In the last few decades, edge detection has grown immensely; however, there are still gaps in addressing issues
like robustness to noise, complicated textures, and versatility to different light conditions. Scaling up to Canny
and Sobel, the classic edge detection usually fails with images corrupted by noise or in the presence of
complicated backgrounds, resulting either in missing of edges or discerning false-on edges. It's here! While
deep-learning-based methods generally using CNNs would seem to work better under these terms, they need
quite huge amounts of training data to be labelled, and they are expensive in terms of computation. Moreover,
some techniques that are fast and adaptive at the same time for edge detection in real-time applications on
embedded systems or mobile devices, which have narrowed-down computational resources, are still in
demand. These gaps certainly indicate further research in developing edge detection algorithms that yield
accurate yet computationally efficient results, primarily in dynamic and awkward environments.

2.7 Novelty of the Proposed Method

The edge detection methods based on CNNs tend to learn some complex features, but they get easily affected
by noise which leads to false positives and false negatives. Thus, a rule-based CNN approach was proposed.
This method exploits the complementary advantages of learning through the CNNs and the application of
predefined rules to make it more robust to the effects of noise. Furthermore, adaptive thresholding is employed
to differentiate between a true edge and a noise edge threshold and also computational complexity reduces
due to rule-based structure which is the novelty of proposed work. This hybrid method exploits learned
features while providing refinement from rule-based approaches, thereby offering better edge detection
performance under noisy conditions.

3. Proposed Method

The present work leverages a hybrid framework that combines CNN-based and rule-based edge detection
techniques, effectively integrating the strengths of both approaches. The CNN component automatically learns
rich hierarchical features directly from raw image data, providing strong robustness to noise and enabling
accurate edge detection across varying scales and levels of abstraction. This makes it particularly effective for
complex and heterogeneous datasets. In parallel, the rule-based method contributes simplicity, computational
efficiency, and interpretability, making it well-suited for real-time applications and scenarios with limited
annotated data. By integrating these complementary strategies, the proposed approach achieves a well-
balanced trade-off among accuracy, computational efficiency, and reliability, thereby enhancing performance
across diverse edge detection tasks.

A CNN-based edge detection method is represented in Figure 1. The method comprises the input of thirty edge
patterns (rules) to the CNN architecture. These edge patterns serve as instances of the complex structures that
the network will need to identify in the input data. The CNN employs convolutional layers to sift through and
extract features from the input edge patterns. With the convolution operations, the network learns hierarchical
representations, identifying significant local patterns marking edges in the data. The extracted edge features
are then used to form a feature vector which encodes the essential aspects of the input patterns. This feature
vector could be said to give a rich representation of the detected edge information, from faint features to big
ones, present in the input data. Then, the second stage involves classification using the sigmoid function: the
sigmoid is constricted to produce values between 0 and 1 and works best for binary classification. Within the
application of edge detection, the sigmoid classifier separates edge from non-edge pixels based on the input
feature set. Exiting the sigmoid is the measure of probability; the closer the value to unity, the more likely it is
to be classed as an edge pixel. On the other hand, the value of zero demonstrates more of a count toward the
classification of being a non-edge pixel. Using a method of binary classification, it is able to identify pixels that
form edges in the input data. In this particular edge detection method based on CNN shown in Figure 1, deep
learning has successfully used to label complex patterns inside complex datasets. With a full reliance on
convolutional layers to extract hierarchical features, followed by a classification based on sigmoid probability,
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we found that this method efficiently solves the edge detection and classification problem, which is indeed
important for different image processing and computer vision applications.

Input Edge Pattern Edge

[ a
[w ]/l CnN
R

30 Patterns

Non-Edge
Figure 1: Schematic of the CNN based edge detection process

The formulation of the rules for a 3 x 3 mask is thoroughly defined in Figure 2, specifying the criteria to discern
edge pixels in the context of the drawing. The mask is treated as a 3 x 3 array, the pixel states being denoted as
follows: "W" for white pixels, "B" for black pixels, and "E" for edge pixels. For the classification of edge pixels
according to the configuration of the surrounding pixels, 30 rules have systematically been devised [46]. This
set of rules is essential to validate a pixel as either noise, non-edge, or possible edge.

The rule set specifies the different types of pixel arrangements to take into account for edge identification. A
major part of the algorithm consists of the particular conditions concerning the identification of pixels that
should not be taken into consideration as an edge. For example, a pixel surrounded by eight neighbouring pixels
of the same colour, either all white or all black, is classified as noise. This condition brings forth the notion that
uniformity in a pixel's neighbourhood suggests that it did not meaningfully participate in edge detection and
can therefore be disregarded as being irrelevant in the edge identification context. Further, the argument
follows that any situation whereby a single pixel change occurs within the neighbouring configuration will
likewise be classified as a non-edge. This condition maintains that any important contrast or change between
pixels is what should be qualified to represent true edge features. An important part of the rule set has to do
with the identification of edge pixels when juxtaposed between two different colours. For instance, if at least
two white pixels are surrounded by black ones or if at least two black ones are surrounded by white, such a
situation could represent a possible edge. This rule highlights the importance of contrast and transition zones
among one colour and another that are significant in the precise detection of edges. Contrast between adjacent
colours represents a change in intensity or change in boundaries which act as a major indicator to edges. The
rules therefore cover noise, non-edge, and possible-edge pixels in a thorough manner along with a detailed
account of rules in 3x3 masks. The rule set elaborates a compromise between structured and efficient ways of
identifying edges, enabling the system to disentangle a maelstrom of pixel data to come up with some
meaningful features. The considerations are so framed that only pixels with intensive change in the
neighbourhood are accepted as edges, thereby being more accurate. The rule-based approach sheds light on
the principles on which edge detection is based, hence being very useful for applications, including but not
limited to, medical image investigations, the field of computer vision, and object-recognition tasks.
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Figure 3: Schematic of detailed CNN model

To design a CNN architecture for edge detection, we focus on a simplified yet effective model using two
convolutional layers and two max-pooling layers (Figure 3). The input to this network is an image that is
grayscale. The first convolutional layer applies 32 filters with a kernel size of 3x3, using ReLU activation and
'same' padding to preserve the spatial dimensions of the input image. This layer captures the initial edge
patterns and fine details. The output from this layer is then fed into a second convolutional layer, which also
uses 32 filters with the same kernel size and activation function, further refining the detected features.
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Following the convolutional layers, the first max-pooling layer, with a pool size of 2x2 and a stride of 2, reduces
the spatial dimensions by half, retaining the most significant features detected by the convolutions. This
process is repeated with a second set of convolutional and max-pooling layers. The second convolutional layer
again uses 64 filters with a 3x3 kernel, ReLU activation, and 'same’' padding, allowing the network to capture
more complex patterns. The subsequent max-pooling layer further reduces the spatial dimensions, facilitating
the network's focus on more abstract features.

Finally, the output from the second max-pooling layer is flattened and passed through a fully connected layer
with 512 units, utilizing ReLU activation to aggregate the learned features. The final output layer employs a
dense layer with a sigmoid activation function, producing a probability map that indicates the presence of edges
at each pixel location in the input image. This architecture, with its combination of convolutional and max-
pooling layers, effectively balances feature extraction and dimensionality reduction, making it well-suited for
precise and accurate edge detection in diverse image datasets.

Non-linear Activation Function:

The non-linear activation function introduces non-linearity into the network. ReLU, represented by
f(x) =max(0, x) is commonly used, where x is the input to the function.

Fully Connected Layers:

Fully connected layers produce the final output of the network, given by
O, =ReLU(Q_ W, X, +b) 1)
J

In this equation, W denotes the weights, X is the input, b represents the bias, O; is the output at position i, and
ReLU is the activation function.

Training with Backpropagation:
During training, CNNs use backpropagation and optimization algorithms to adjust weights. The weight update

rule is given by AW = _UW , where 1) is the learning rate, E is the error, and W is the gradient of the

error with respect to the weights. These mathematical expressions illustrate the core operations and concepts
within Convolutional Neural Networks, highlighting their role in learning hierarchical representations from
input data.

In this work, both CNN-based and rule-based edge detection methods are combined to leverage the strengths
of each approach. The CNN component brings the ability to automatically learn complex features from raw
image data, providing robustness to noise and high accuracy in detecting edges at different scales and
abstraction levels. This adaptability is particularly useful for handling diverse and complex image data. On the
other hand, the rule-based method offers simplicity, computational efficiency, and transparency, making it
suitable for real-time applications and environments where labelled data is scarce. By combining both
techniques, the proposed method achieves a balanced approach that maximizes accuracy, minimizes
computational cost, and ensures reliable performance across different edge-detection tasks.

4. Results

In Figure 4, the loss versus epochs plot illustrates the training dynamics of a CNN applied to edge detection. At
the outset of training, the loss is initially high, reflecting the model's random initialization and the disparity
between its predictions and actual targets. As training progresses, the loss consistently diminishes, indicating
that the model is learning to capture the relevant features in the input data.
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Figure 4: Loss vs Epochs
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Figure 5: Detected edges at different epochs

Around 100 epochs, the loss converges to approximately 0.05, suggesting a highly accurate fit to the training
dataset. This low loss value implies that the CNN has successfully discerned the intricate patterns associated
with edge features. However, it is imperative to further assess the model's performance on validation or test
datasets to gauge its ability to generalize to new, unseen data. Moreover, considerations regarding overfitting
or underfitting should be taken into account, and potential hyperparameter tuning may be explored to optimize
the model further. The overall shape and behaviour of the loss curve in Figure 5 provide insights into the
training stability and effectiveness of the CNN for edge detection.

The quality of edge-detected images is assessed after 10, 50, and 90 epochs of training a CNN-based edge
detection model and shown in Figure 5. As the number of epochs increases, the model has more opportunities
to learn and fine-tune its parameters, leading to progressively better performance. After 10 epochs, the edge
detection results are rudimentary, capturing only the most prominent edges while missing finer details and
potentially misidentifying noise as edges. By 50 epochs, the model's ability to distinguish between true edges
and noise improves, resulting in clearer and more accurate edge maps with better-defined contours and fewer
false positives. At 90 epochs, the model has reached a higher level of refinement, capturing intricate edge details
with high precision and robustness against noise. This progressive improvement demonstrates the model's
enhanced learning and adaptation capabilities, leading to superior edge detection quality with increased
training epochs.
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4.1 Qualitative Results

In evaluating the effectiveness of our hybrid edge detection framework, we performed extensive qualitative
assessments on a Lena image and Berkley segmentation dataset (BSD) images of size 512x512 [47]. Qualitative
results provide a visual confirmation of the improvements our method achieves over traditional and
standalone CNN-based edge detection methods. We compared the edge maps generated by our method against
those produced by Sobel, Canny, and standalone CNN-based methods. Our method consistently produced
sharper, more accurate edges with fewer false positives and negatives.

(b) Sobel

(d) ACO () ACO+GF () Proposed

Figure 6: Comparison of edge detection methods (Lena Image)

In Figure 6(a), a demonstration of Canny edge detection is presented, revealing that while the method
accurately recognizes the majority of edges, there is a notable increase in erroneously accepted edges.
Consequently, the Canny edge detection technique exhibits a considerable level of noise in its results. Figure
6(b) showcases the application of Sobel edge detection, where some genuine edges are correctly identified, but
others are mistakenly rejected. Despite its advantages, fuzzy edge identification, as depicted in Figure 6(c),
outperforms both Canny and Sobel approaches. However, this method still exhibits limitations, including the
incorrect detection of the face boundary and the presence of noise in the hat area.

ACO edge detection, illustrated in Figure 6(d), indicates a mix of correct and mistaken identifications of actual
edges. While some edges are accurately recognized, a considerable number are erroneously rejected. The
results of Kumar et al.'s [16] edge detection method, combining ACO and guided filtering (Figure 6(e)),
demonstrate a reduction in the number of falsely rejected real edges compared to the standalone ACO method.
Nevertheless, there are still numerous instances of misidentifications. Figure 6(f) reveals the outcome of
proposed CNN based approach, addressing the issue of broken edges observed in previous methods.
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Images CNN CNN + Rule

Figure 7: Comparison of edge detection with CNN and Proposed method (CNN+ Rules)

In Figure 7, the comparison of edge detection results between the standard CNN method and the proposed
method (CNN+Rules) highlights significant differences in performance, particularly in noisy conditions. The
standard CNN method, while effective at detecting edges, often struggles with noise, leading to false positives
and less precise edge maps. The proposed method, which integrates predefined rules with the CNN,
demonstrates a marked improvement. These rules help filter out noise-induced artifacts and enhance edge
continuity, resulting in cleaner and more accurate edge detection. The edge maps produced by the proposed
method show better-defined edges with fewer false detections, indicating its superior robustness and
precision. This comparison underscores the efficacy of combining rule-based refinements with CNNs to address
the limitations of noise susceptibility and improve overall edge detection quality.

4.2 Quantitative Results

For a rigorous quantitative evaluation, we utilized standard metrics such as Figure of Merit (FoM) and F-score
to compare the performance of our hybrid method against baseline approaches. The FoM assesses the accuracy
of edge detection by comparing detected edges to ground truth edges, with higher values indicating better
performance. Our method achieved an average FoM significantly higher than traditional methods and
standalone CNNs across multiple datasets, indicating superior edge detection accuracy. The F-score, which
combines precision and recall into a single metric, was also used to measure the overall effectiveness of edge
detection. Our approach consistently outperformed traditional and CNN-based methods, achieving higher F-
scores that reflect both high precision (fewer false positives) and high recall (fewer missed edges). In summary,
our hybrid edge detection framework demonstrated substantial improvements in both qualitative and
quantitative evaluations, proving its effectiveness and robustness across various challenging conditions.

Figure of Merit: FoM is a metric that measures the overall performance of an edge detection algorithm. It
considers both the ability to detect true edges (sensitivity) and the suppression of false edges (specificity). The
FoM is defined as [48]:

Fo = 2 IPRXTNR ©)
(TPR+TNR)

Where:
True Positive Rate (TPR) or Sensitivity is defined as
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P

R=—"" (3)
TP+ FN

True Negative Rate (TNR) or Specificity is defined as

TNR=_ N 0
TN + FP

TP = True Positives (correctly detected edges), TN = True Negatives (correctly rejected non-edges), FP = False
Positives (false alarms) and FN = False Negatives (missed edges)

F-score:
It is a harmonic mean of precision and recall, which are also useful metrics in evaluating edge detection
algorithms. The Precession is defined as

TP
P=— (5)
TP+ FP
The Recall can be formulated as
TP
R=—— (6)
TP+ FN
The F-score is defined as:
2PR
F= (7)
P+R

where, Precision measures the accuracy of positive predictions (edges detected) while Recall (Sensitivity)
measures the ratio of actual positives (true edges) that are correctly identified.

FoM provides a holistic view by considering both sensitivity and specificity. F-score balances precision and
recall to measure the performance of the edge detection.

The Matthews Correlation Coefficient (MCC) is a metric used to evaluate the quality of binary classifications.
The formula for MCC is as follows:

MCC = TPTIN - FP.FN (8)

J(TP+ FP)(TP+FN)(IN + FP)(IN + FN)

The results presented in the figures 8 and 9, offer a comprehensive evaluation of various edge detection
methods, showcasing their performance metrics in terms of FoM and F-Score. Each method is associated with
a specific reference and technique, providing valuable insights into their effectiveness.

The Canny edge detection method, referenced in [6] and employing masking, exhibits a FoM of 0.3 and an F-
Score of 0.49. Despite its longstanding popularity, Canny demonstrates moderate performance in capturing
relevant edges, as indicated by its F-Score. Sobel edge detection, referenced in [7] and also utilizing masking,
shows a higher FoM of 0.42, but its F-Score of 0.40 suggests challenges in precision and recall. The limitations
of Sobel's masking approach are reflected in its comparative metrics. Lim et al.'s method [36], utilizing Sketch
Token, achieves a noteworthy F-Score of 0.73, showcasing a substantial capability in accurately identifying
edges. However, the FoM value is not provided, making a complete assessment challenging. Kumar et al.'s Fuzzy
edge detection method, referenced in [24], demonstrates a FoM of 0.4 and an F-Score of 0.64.
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Figure 9: Comparison of edge detection methods in terms of F-Score

This approach leverages fuzzy logic to enhance edge detection, resulting in a balanced performance across the
FoM and F-Score metrics. The ACO edge detection method, introduced by Kumar et al. [19], achieves a FoM of
0.44 and an impressive F-Score of 0.72. This suggests that the Ant Colony Optimization (ACO) approach is
effective in capturing edges, exhibiting a high level of precision and recall. Building upon the ACO method,
Kumar etal.'s ACO + Guided Filtering approach, referenced in [20], further enhances performance with a higher
FoM of 0.46 and an even more substantial F-Score of 0.81. This indicates the effectiveness of guided filtering in
refining edge detection results. Finally, the proposed method, employing a CNN, outperforms the referenced
methods with a FoM of 0.49 and an impressive F-Score of 0.82. The CNN approach showcases superior
performance in both precision and recall, affirming its efficacy in accurately detecting edges in the given
context. In summary, the results provide a comparative overview of various edge detection methods,
highlighting the strengths and weaknesses of each. The proposed CNN method emerges as particularly robust,
surpassing other techniques in capturing edges with high precision and recall.

As shown in Figure 10, the MCC values for various edge detection methods are presented, illustrating their
comparative performance. The MCC values for the different methods—Canny (0.21), Sobel (0.29), ST (0.51),
fuzzy (0.48), ACO (0.53), ACO + GF (0.57), CNN (0.51), and CNN + rules (0.71)—demonstrate the progression
from traditional methods to more advanced deep learning-based and hybrid approaches. The graph visually
highlights the superior performance of hybrid techniques like CNN + rules, which achieves the highest MCC
value of 0.71, followed by methods like ACO + GF and ACO. In contrast, traditional methods like Canny and
Sobel show relatively lower MCC values, indicating their limitations in accurately detecting edges compared to
more sophisticated methods. This visual representation further emphasizes the enhanced accuracy and

WWW.ijiccs.in 28



robustness of advanced and hybrid edge detection techniques, as they incorporate both optimization and
learning-based strategies for improved edge recognition.
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Figure 10. Comparison of edge detection methods in terms of MCC

6. Comparison with state-of-the-art methods

The comparison of various methods for edge detection presented in recent papers highlights the performance
of different techniques in terms of their F-Score is compared in Table 1.

Table 1: Comparison of the state-of-the-art methods (F-Score)

Paper Method F-Score
Yin et al. [42] Fusion Difference Convolution 0.819
Elharrouss et al. [43] Cascaded High-Resolution Convolutional Network 0.816
Liu et al. [44] Gradient Information for Crisp Edge Detection 0.805
Liu et al. [45] SchtZilg;?lrder Derivative Information for Crisp Edge 0.813
Proposed Rule Based CNN 0.82

Yin et al. [42] proposed the Fusion Difference Convolution method, which achieved an F-Score of 0.819,
demonstrating its effectiveness in combining multiple convolutional operations for edge detection. Elharrouss
et al. [43] introduced a Cascaded High-Resolution Convolutional Network, yielding an F-Score of 0.816,
showcasing its ability to detect fine details at high resolutions through successive layers of convolutional
processing. Liu et al. [44] applied Gradient Information for Crisp Edge Detection, achieving an F-Score of 0.805,
emphasizing the use of gradient information to improve edge detection sharpness. Similarly, Liu et al. [45]
explored Second-Order Derivative Information for Crisp Edge Detection, slightly improving the F-Score to
0.813 by incorporating second-order derivative features. The proposed method, a Rule-Based CNN, achieved
an F-Score of 0.82, providing a promising solution by combining the precision of rule-based systems with the
adaptability of convolutional neural networks. This combination allows the proposed method to achieve a
competitive F-Score while maintaining an effective balance between traditional and deep learning techniques
for enhanced edge detection performance.

7. Conclusion

In conclusion, this paper presents a pioneering approach to edge detection by synergizing Rule-Based CNNs,
thereby elevating precision and accuracy in edge identification. Conventional methods for edge detection often
grapple with the nuanced patterns and intricate details inherent in images. In response to these challenges, our
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proposed methodology integrates rule-based strategies into the CNN framework, creating a dynamic and
adaptive solution. The introduced model leverages the interpretability of rule-based systems while harnessing
the potent feature extraction capabilities of CNNs. Through rigorous experiments and evaluations, we establish
the superior performance of our approach in edge detection compared to traditional methods. The fusion of
rule-based decision-making and CNNs not only enhances edge identification but also provides a transparent
and interpretable framework for comprehending the complexities of edge detection in intricate image datasets.
This research contributes significantly to the advancement of computer vision by introducing a promising
paradigm for achieving precision edge detection in diverse applications.
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