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Abstract

To address the susceptibility of existing gradient operators to noise in image edge
detection, this paper proposes an improved edge detection method based on the
Gaussian-Laplacian operator. Edge detection in noisy images constitutes a criti-
cal task; however, several commonly employed gradient operators, including the
previously proposed Gaussian-Laplacian operator, have failed to achieve satis-
factory performance. The proposed method enhances the traditional Laplacian
edge detection operator and integrates it with a Gaussian filter. Specifically, a
Gaussian filter is first applied to smooth the image and suppress noise; subse-
quently, edge detection is performed using the Laplacian gradient edge detector;
finally, experiments were conducted on 10 images selected from the ImageNet
dataset, comparing the proposed Gaussian gradient edge detector with conven-
tional edge detectors. Evaluation results demonstrate that the proposed method
achieves a higher Peak Signal-to-Noise Ratio (PSNR) and a lower Mean Squared
Error (MSE) compared to baseline algorithms. Experimental results indicate
that the proposed method can effectively enhance the quality of edge detection
in noisy images in practical applications.
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Abstract: Existing gradient operators for image edge detection suffer from high
sensitivity to noise. To address this problem, this paper proposes an improved
Gaussian-Laplacian edge detection method. Edge detection in noisy images is
a critical task; however, several commonly used gradient operators, including
the previously proposed Gaussian-Laplacian operator, have failed to achieve
satisfactory results. The proposed method improves upon the traditional Lapla-
cian edge detection operator and combines it with a Gaussian filter. First, a
Gaussian filter is applied to smooth the image and suppress noise. Then, edge
detection is performed based on the Laplacian gradient edge detector. Finally,
experiments were conducted on ten images selected from the ImageNet dataset,
comparing the proposed Gaussian gradient edge detector with traditional edge
detectors. Evaluation results demonstrate that the proposed method achieves
higher Peak Signal-to-Noise Ratio (PSNR) and lower Mean Square Error (MSE)
than comparison algorithms. Experimental results indicate that the proposed
method can effectively improve the quality of edge detection for noisy images
in practical applications.

Keywords: edge detection; Gauss-Laplace; Gauss filter; noise image; peak
signal-to-noise ratio (PSNR); mean square error (MSE)

0 Introduction

Images consist of pixels with varying gray levels. While point and line detection
are important in detecting gray-level discontinuities, edge detection remains the
most general approach. Edge detection in images is achieved by utilizing either
the extrema of first-order derivatives (gradient operators) or zero-crossings of
second-order derivatives (Laplacian operators). It is the process of identifying
and locating sharp discontinuities in an image and plays a crucial role in image
analysis as one of the traditional segmentation techniques. Gaussian filters serve
a vital function in edge detectors and are used for one-dimensional signal smooth-
ing. When moving from fine to coarse scales, zero-crossings disappear in the
scale-space representation of its second-order derivative. For two-dimensional
signal applications, zero-crossings do not emerge as the scale increases.

Several studies have explored edge detection methodologies. Reference [6] pro-
posed an image segmentation model incorporating edge detection via Canny
and normalized cut feature vectors, with preprocessing using median, Gaussian,
or Frost filters based on noise type. Reference [7] developed an edge detection
technique for medical images that traces anatomical organ boundaries using
intensity and texture gradient features, yielding effective results compared to
traditional active contour models. Reference [8] applied various gradient-based
edge detectors to images, noting that while the Canny operator produces good
results, parameter adjustment is sometimes necessary. Reference [9] demon-
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strated that morphological edge detectors produce effective results on noisy im-
ages compared to Laplacian and Sobel edge detectors. Reference [10] presented
edge detection based on morphological operations, determining edges through
the difference between dilated and eroded images. Reference [11] analyzed vari-
ous edge detectors on the Berkeley dataset [12], showing that preprocessing with
Gaussian filters before edge detection yields excellent results.

However, the aforementioned methods still suffer from varying degrees of
noise sensitivity. To address this limitation, this paper proposes an improved
Gaussian-Laplacian operator for image edge detection. The algorithm improves
the traditional Laplacian edge detection operator and combines it with a
Gaussian filter. Experiments were conducted on ten images selected from the
ImageNet dataset, and compared with commonly used gradient operators, the
proposed method achieved satisfactory results, validating its reliability.

1 Common Gradient Operators

Most edge detection algorithms are based on image derivatives or gradients.
Images are typically corrupted by Gaussian noise or speckle noise, making edge
detection in noisy images critically important. The purpose of an edge detector
is to trace the boundaries or contours of desired regions of interest in an image.

1.1 Sobel Operator

The Sobel operator consists of a pair of 3x3 convolution kernels. The kernels
produce maximum responses for edges running vertically and horizontally. The
kernels are applied separately to the input image to produce different measure-
ments of gradient components in each direction (G, and Gy), which are then
combined to find the absolute magnitude of the gradient at each point and its
direction [12].

The gradient magnitude is given by:

Vgl =1/92 + g

The gradient direction is determined by:

0 = tan~! (gy>
9z

[Figure 1: see original paper] shows the Sobel edge detection masks for deter-
mining gradients in the vertical and horizontal directions. [Figure 2: see original
paper] presents the results of Sobel operator edge detection on the Lena image
[13].
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1.2 Roberts Cross Gradient Operator

The Roberts cross gradient operator is primarily used to compute the two-
dimensional spatial gradient of an image. This method is simple and fast. Edge
detection is the process of identifying and locating sharp discontinuities in an
image. The Roberts cross gradient operator is a first-order differential operator.
In the presence of noise and non-uniform illumination, it cannot completely out-
line object edges and thus cannot suppress noise. The kernels in the Roberts
operator produce maximum responses for edges at 45°. [Figure 3: see original
paper] shows the mask for the Roberts operator, while [Figure 4: see original
paper] displays the edge detection results of the Roberts cross gradient operator
on the Lena image.

1.3 Prewitt Operator

Similar to the Sobel operator, the Prewitt operator detects vertical and hori-
zontal edges in images. Unlike the Sobel operator, it does not emphasize pixels
near the mask center. Like the Roberts cross gradient operator, the Prewitt
operator is also a first-order differential operator and is similarly sensitive to
noise, being susceptible to corruption by Gaussian noise or speckle noise. The
edge detection masks for the Prewitt gradient operator are shown in [Figure 5:
see original paper], and [Figure 6: see original paper] presents the edge detection
results on the Lena image.

2 Improved Gaussian-Laplacian Operator
2.1 Laplacian Operator

Unlike the gradient operators described above, the Laplacian operator finds
edges based on the second derivative of the image, searching for zero-crossings.
The Laplacian transform L(x,y) of an image with pixel intensity values I(z,y)
is given by: , ,
ve = 0L 0
ox? = Oy?
Traditional Laplacian operators often produce double-pixel-wide edges. [Figure
7: see original paper| shows commonly used Laplacian operator templates. It
is evident that when detecting edges of bright spots in darker regions, Lapla-
cian operations make them even brighter. Therefore, like gradient operators,
Laplacian operators cannot suppress image noise. This paper improves upon
this by determining whether an edge pixel lies in a dark or bright region after
identifying it as an edge pixel. [Figure 8: see original paper] shows the extended
template for the improved Laplacian operator, and [Figure 9: see original paper]
presents the edge detection results on the Lena image based on the improved
Laplacian operator.
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2.2 Gaussian-Laplacian Operator

As discussed in Section 2.1, the Laplacian operator cannot suppress noise. An
operator that combines Gaussian smoothing filter with the Laplacian operator
—smoothing noise before edge detection—would certainly achieve good results.
Based on this principle, the Gaussian-Laplacian operator is proposed. [Figure
10: see original paper] shows commonly used 5x5 Gaussian-Laplacian templates,
and [Figure 11: see original paper] displays the edge detection output on the
Lena image using the Gaussian-Laplacian operator.

2.3 Gaussian Smoothing Filter

Laplacian edge detection involves two stages: edge enhancement and tracking
[14]. A Gaussian filter is applied to smooth the image, and its larger kernel size
reduces noise sensitivity. After determining the edge direction, non-maximum
suppression is applied to trace the edge path while ignoring pixels that are not
part of edges. Finally, hysteresis thresholding is applied to eliminate streaking
using two thresholds (¢; and ¢,) on the gradient magnitude of the image. Pixels
with values greater than ¢; are considered edge pixels, and pixels connected to
edge pixels with values greater than ¢, are also presumed to be edge pixels.

Gaussian gradient uses derivatives of the Gaussian method to determine gra-
dients/derivatives of scalar 2D images and 3D volumes. The two-dimensional
representation of the Gaussian kernel is:

1 22442

h(z,y) = ——=e~

(@,9) = 5—

The o term in the Gaussian filter is called the smoothing scale, which signif-

icantly affects the filter’ s response. Larger o values result in more blurred

images and reduced noise sensitivity. [Figure 12: see original paper] shows the
Gaussian blur effect on the Lena image.

Generally, a function f(z,y) can be expressed in terms of tensor product as
f(z,y) = g(z) ® h(y). Instead of applying a 2D kernel, a separable filtering ap-
proach is used to compute one-dimensional kernels along the x and y directions.
The Gaussian function is separable and can be decomposed into the product
of two 1D Gaussian functions. An important property of the Gaussian filter is
that it is the only filter that satisfies the uncertainty relation:

Az - Aw >

N | =

where Ax and Aw are the variances in spatial and frequency domains, respec-
tively. This unique property provides the optimal trade-off between the conflict-
ing objectives of localization in spatial and frequency domains. For the filter,
the Gaussian kernel response is non-zero over an infinite domain and most of
the region, but it becomes very small due to its exponential form.
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2.4 Edge Detection Using Improved Gaussian-Laplacian Operator

The steps of the proposed improved Gaussian-Laplacian gradient edge detection
are summarized as follows:

a) The input image can be grayscale or color. The variable sigma is used to
determine the Gaussian kernel in both directions. An appropriate sigma
value is selected in the Gaussian gradient edge detection method. [Figure
13: see original paper] shows the input Lena image, and [Figure 14: see
original paper] displays the grayscale-processed image and the Gaussian-
filtered image.

b) Gaussian kernels are generated along the x and y directions. The gener-
ated Gaussian kernels involve convolution of the Gaussian function with
the first derivative of the Gaussian function.

Some differentials of the Gaussian function are as follows:

1 22
g(w) = %Ue*ﬁ
0 T 1 a2
g'(z) = %9(95) =2 g 202

¢) Gaussian smoothing is performed on the image using the generated kernels.
The Gaussian kernels in the z and y directions are given by equation (15):

H,=g(x)©g'(x), H,=g(x)®g()

The results are shown in [Figure 15: see original paper].

d) Edge detection is performed on the generated Gaussian-smoothed image.
Let f be the Gaussian-smoothed version of the image. When o = 1, the
output has a segmentation effect; when o = 2, segmentation occurs; and
the most effective results are produced when ¢ = 1.5. The image obtained
from edge detection is shown in [Figure 16: see original paper].

3 Experiments and Results
3.1 Experimental Setup

To evaluate the performance of the proposed improved Gaussian-Laplacian gra-
dient algorithm, experiments were conducted on ten images selected from the
ImageNet dataset [15]. The proposed Gaussian gradient edge detector was com-
pared with traditional edge detectors. [Figure 17: see original paper| shows
the edge detection results on one sample image, where (a) is the original image;
(b) is the result from Sobel operator; (c¢) from Roberts operator; (d) from Pre-
witt operator; (e) from Gaussian-Laplacian operator; and (f) from the improved
Gaussian-Laplacian operator. The simulation was completed using MATLAB
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2012a software on a PC with an Intel Core i3 @ 3.30 GHz processor, 4 GB RAM,
running Windows 10 operating system on a 64-bit processor.

3.2 Experimental Results

Several edge detection algorithms were compared with the proposed method
using ten images from the ImageNet dataset, and the results were summarized
statistically. , , and summarize the PSNR values, MSE values, and computa-
tion times of several edge detection algorithms, respectively, with corresponding
line charts for intuitive comparison. [Figure 18: see original paper| shows the
PSNR value comparison, [Figure 19: see original paper| shows the MSE value
comparison, and [Figure 20: see original paper| shows the computation time
comparison.

The performance metrics in [Figure 18: see original paper] and [Figure 19: see
original paper| demonstrate that the proposed improved Gaussian-Laplacian
method achieves high PSNR and low MSE. While the computation time of the
proposed method is slightly higher than other methods ([Figure 20: see origi-
nal paper]), it outperforms conventional techniques in terms of edge tracking
quality. The Sobel, Roberts, and Prewitt operators are first-order differential
operators that cannot completely outline object edges in the presence of noise
and non-uniform illumination. The Gaussian-Laplacian operator also provides
unsatisfactory noise smoothing. The proposed improved Gaussian-Laplacian
method effectively solves both problems. For PSNR and MSE calculations,
ground truth images were provided in the ImageNet dataset.

4 Conclusion

This paper proposes an improved Gaussian-Laplacian gradient algorithm for
edge detection, which achieves satisfactory results compared with commonly
used gradient operators. The algorithm improves the traditional Laplacian edge
detection operator and combines it with a Gaussian filter. To evaluate perfor-
mance, experiments were conducted on ten images from the ImageNet dataset
using PSNR and MSE as evaluation metrics. Experimental results demonstrate
the superiority of the proposed method over conventional edge tracking algo-
rithms, significantly improving edge detection quality. Segmentation plays a
crucial role in analyzing regions of interest in telemedicine applications, and it
is hoped that the proposed method will effectively assist medical applications
in the future.
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