
 International Journal on Electrical Engineering and Informatics - Volume 13, Number 3, September 2021 

A Neutrosophic Approach to Edge Detection Using 
Ant Colony Optimization 

Gulpi Qorik Oktagalu Pratamasunu1 and Olief Ilmandira Ratu Farisi2 

1Department of Informatics, University of Nurul Jadid, Probolinggo, Indonesia 
2Department of Mathematics Education, University of Nurul Jadid, Probolinggo, Indonesia 

Abstract: Neutrosophy theory has been widely used in solving problems involving uncertainty, 
especially in dealing with problems on noisy images. A new probabilistic rule to reduce the 
probability of noisy pixels becoming edges candidate is presented. This research proposed a 
new edge detection method on a digital image using Ant Colony Optimization (ACO) based on 
the neutrosophic set of gradient magnitude. Experimental results demonstrate the superior 
performance of the proposed approach on both the noise-free images and the images with 
different levels of noise. Based on the experimental results on the noise-free images, the 
proposed method has better performance than the other methods based on the visual quality 
and the value of the figure of merit. Evaluation of test images with different levels of noise 
illustrates the robustness of the proposed method on noisy images. 
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1. Introduction
One of the important stages in digital image processing applications is edge detection. In

the medical field (detection of brain tumors and cancer), the results of edge detection are the 
basis for determining the decision of the analysis. So it requires the high accuracy of the edge 
detection algorithm. Therefore, finding a better algorithm to detect image edges is important 
because it is one of the key techniques in image processing and analysis.  

The edge detection algorithm based on the gradient values, Sobel, Prewitt, Canny, etc, is 
widely used in image segmentation applications [1]. In this approach, edges can be defined as a 
change in the intensity of an image. The common approach is to calculate the gradient of the 
image and find the local optimum to detect edges. This approach can detect edges quickly, but 
it is very sensitive to noise. 

Another approach that can be used is by using heuristic methods. Agrawal et al. [2] 
implemented ant colony optimization for edge detection which was outperformed edge 
detection using Sobel and Canny. Tian et al. [3] researched edge detection on a digital image 
using Ant Colony Optimization based on the Ant Colony System. This method gave better 
results with fewer disconnected edges than the method that implemented the Ant System. 
Unfortunately, the concept of searching in ACO relies on the values of the pixel’s gradient 
information from each local ant. The ants can trap in a local optima situation and never visit 
some pixels which causes broken edges, especially in the presence of noise. 

Some researchers are adding new information to guide ants to explore more edges and 
avoid local optima situations. Verma and Sharma [4] proposed a new approach to calculate the 
heuristic function of ACO by using the law of universal gravity. Rahebi et al. [5] combined 
ACO and genetic algorithm to avoid ants trapped in local optima and find the shortest paths. 
Zhang et al. [6] proposed the combination of gradient and relative difference of statistical 
means to suppress noise. Liantoni et al. [7] distributed ants adaptively based on the calculation 
of gradient analysis. 

In this paper, a novel approach on edge detection using ACO based on neutrosophy theory 
is proposed. Neutrosophy has been widely used in solving problems involving uncertainty, 
especially in digital image processing problems [8]–[10]. Some researchers have conducted 
edge  detection  algorithms  based  on  neutrosophy set [11]–[13]. According to the researchers, 
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the use of neutrosophic theory in edge detection algorithms yields good results on noisy 
images. Hence, to improve the robustness of ACO edge detection on noisy images, 
neutrosophic information is calculated as the new additional information that will be used 
along with pheromone and heuristic information of ACO to reduce the probability of noisy 
pixels becoming edges candidate. 

2. Basic Definition
A. Neutrosophic Set

Neutrosophic set is a generalization of the classical set based on a branch of philosophy,
namely Neutrosophy, which considers the origin, nature, theory, concept, event, proposition, or 
entity, its negation, and neutrality [14]. In neutrosophic sets, a set S is divided into three 
subsets: entity S , its negation anti S− , and neut S−   which is not S  nor anti S− . 

The subset S , anti S− , and neut S−  represent the truth, false, and indeterminacy set, 

respectively. There is no stadard restriction [0,1] on S , anti S− , and neut S− . It 
allows inconsistency-tolerant and incomplete information which can be characterized in a 
neutrosophic set [15]. This makes the neutrosophic sets a good choice to deal with uncertainty 
problems in image processing, especially for edge detection in digital images.   

Neutrosophic set has been widely used to overcome noise in the image and has been 
successfully applied in several problems regarding noise segmentation. In 2009, [8] proposed 
this theory in the case of solving segmentation problems on noisy images using γ-means 
clustering. In 2010, [9] proposed the use of this theory with the watershed method for 
segmenting noisy images. In 2014, [10] proposed the image thresholding algorithm based on a 
neutrosophic similarity score. 

B. Gradient Magnitude
In mathematics, the gradient is one of the operators in vector calculus which is useful in

finding changes in direction and speed in scalars. In an image, the gradient is formed by 
gradual discoloration [16]. For two-dimensional images, the application of gradients can be 
found by using spatial derivatives  

[ ]x y

df df
f f

dx dy
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 
  

(1) 

where x
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f
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= is derivative of f with respect to x and y
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f
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= is derivative f with respect to y. 

Gradient magnitude is the magnitude or strength of a gradient. The edge point can be 
searched by finding the local maxima of the magnitude of the gradient. The greater the gradient 
magnitude, the greater the chance to find the edge of the image. The gradient magnitude Δf 
defined as 

2 2
x yf f f∆ = + (2) 

C. Ant Colony Optimization
Ant Colony Optimization (ACO) is a heuristic algorithm introduced by Marco Dorigo [17]

to find the shortest path. This algorithm adopts the behavior of ant colonies in finding food 
sources. Ants leave substances called pheromones to communicate with their colonies. Ants 
tend to choose paths with a lot of pheromones. Pheromones sustain evaporation due to the air. 
This basic idea was then developed to solve a wider numerical problem, one of which was for 
edge detection. 

ACO for image edge detection was proposed in [3]. To detect the edge of an image, the 
pixel is assumed to be a node. Ant moves from a point to edge pixels. Edge pixels are the path 
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that ants must visit. In the selection process of pixels, ants consider several things, such as 
heuristic information (η ) in the form of local variation of the image’s intensity value and 
pheromone trail (τ ). 

At the initialization process, there are three stages including ant’s placement, pheromone 
initialization, and calculation of heuristic information. First, K-ants are distributed randomly on 
an 1 2M M× image. The initial values for each element of the pheromone matrix ( )0τ  are set to 

be constant initτ . Heuristic information to detect edges is derived by the local statistics at the 

position of pixel- ( ),i j  as 
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where ( ),C i jV I  is a function of a local group of pixel-c (clique) and depends on the variation 
of the image’s intensity values of the pixel-c. There are four mathematical expressions to 
determine the function f [2]. 

The next step is the construction process. At this stage, each ant moves L-movement steps 
in one iteration. The probability of ants move from pixel- ( ),p q  to pixel- ( ),i j  is using the 
proportional transition rule which is defined as 
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where ( )1
,
n

i jτ −  is the trail of pheromone on pixel- ( ),i j  and ( ),p qΩ  is the neighborhood of pixel-

( ),p q , with α  is the factor that influences the pheromones and β  is the factor that 

influences heuristic information ,i jη  [18].  
After each ant moves from one pixel to another pixel, a local update of pheromones is 

carried out for each movement step. This pheromone update aims to reduce the concentration 
of pheromones on the visited pixel. The local update function in pheromones is defined as 

( ) ( ) ( )

( )

1
, ,1

, 1
,

1 ( ) ,  if pixel-  is visited by ant-
( )

( ),                         otherwise                        

t
i j i jt

i j t
i j

old J k
new

old

ϕ τ ϕη
τ

τ

−
−

−

+
=

−



;  (6) 

with ,i jτ  being pheromone on the pixel- ( ),i j  and ϕ  is evaporation rate where 0 1ϕ< ≤ . 

After all of the ants have passed one iteration, a global pheromone update is carried out. 
The function of updating global pheromones is defined as 

( ) ( ) ( ) ( )1 01n nτ ρ τ ρτ−= − +   (7) 
where ρ  is the pheromone decay coefficient where 0 1ρ< ≤ . 
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To determine whether a pixel is an edge pixel or not, a threshold T for the final matrix 
( )Nτ is applied as a binary decision. The first step on the decision process is the initialization of  
( )0T  which is defined as 

( )
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for 0l =  iteration. The second step is separation the matrix ( )Nτ  into two classes. The first 

class is for τ whose value less than ( )lT , the second class if for the rest. Then, calculate the 
mean of the two classes by using 
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where 
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Then, update the threshold for the next iteration by using 

 ( )
( ) ( )

2
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+
  (15) 

If ( ) ( )1l nT T ε−− ≥  then do the separation of the matrix ( )Nτ . Otherwise, the iteration process 

is terminated. If ( ) ( )0
,
N

i j Tτ ≥  , then the pixel- ( ),i j  is an edge; otherwise, it is not. 
 
3. Proposed Method 

In this paper, we proposed a new approach to optimize ant movement in ACO for image 
edge detection. Standard ACO is used to distribute ants randomly over the image and move the 
ants based on pheromone and local variation of the image. This may cause an imbalance ant’s 
distribution and can lead to local optima situation especially if noise present in the image.  
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Figure 1. A summary of the implementation The Robust ACO Based On Neutrosphic Set of 
Gradient Magnitude 

 
Our proposed method intended to use the gradient magnitude of the image as additional 

information for ant’s movement calculation, as edges are assumed to be high gradient pixels 
[19]. However, most gradient-based edge detection algorithms like Sobel, Prewitt, Canny, etc. 
are sensitive to image noise that can lead to low performance of those methods. To overcome 
this problem, we use neutrosophic theory to construct a neutrosophic set of gradient magnitude 
as the additional information to ant’s movement calculation. This way, we can reduce the 
probability of pixels that have high indeterminacy becoming edges candidates. 

The first step of this proposed method is the initialization process of a neutrosophic set of 
gradient magnitude, initial pheromone matrix, and heuristic information. Then construct a 
pheromone matrix by iteratively performing construction and update process for N iterations. 
Finally, determine the edge using the decision process. A summary of the implementation of 
the proposed method is presented in Figure 1 and each of these processes is presented in detail 
as follows, respectively. 

At the initialization process, the gradient magnitude of the image is calculated and 
transformed into a neutrosophic set. In this paper, the gradient magnitude is calculated by using 
the Sobel operator as shown in Figure 2. Neutrosophic set of gradient magnitude is described 
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as three membership sets, namely T, I, and F. Pixel P ( ),i j  in the image domain transformed 

into a neutrosophic domain set and denoted by ( ) ( ) ( ) ( ){ }, , , , , ,NSP i j T i j I i j F i j=  which 
each represents an edge set of pixels, an indeterminate pixel set, and a set of non-edge pixels 
and is defined as  
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where f∇ is gradient magnitude, f∇  is gradient magnitude after mean filter processing, and 

( ),i jδ  is the absolute value of the difference in gradient magnitude between original image at 

pixel- ( ),i j  and the pixel- ( ),i j  after the mean filter processing. Mean filter processing is 
known as a simple and intuitive technique to suppress noise and smooth the images. The mean 
filter eliminates noise by replacing it using its surroundings. 

To reduce the probability of pixels that are noisy pixels becoming edges candidate, the 
value of λ  (neutrosophic information) is calculated from T, I, and F as the new additional 
information that will be used along with pheromone and heuristic information. By assuming 
pixels that have a high value of I is pixels with high indeterminacy whether it’s edge pixels or 
not, the value of λ  is defined as 

( )1T I F TI TFλ = − + − + −   (20) 
The initialization process comprises defining the number of ants (K), ant’s movement-steps 

per iteration (L), the number of iterations in the construction process (N), pheromone 
evaporation rate, pheromone decay coefficient and the weighting factor for pheromone, 
heuristic information, and neutrosophic information. Heuristic information and pheromone 
initialization are also conducted within this process. Heuristic information is derived from a 
local variation of pixel intensity. In this paper, heuristic information is calculated by using (2) 
where the function f of ( ),C i jV I  determined by 

( ) , for 0f x ax x= ≥   (21) 
while initial pheromone for each pixel is uniformly distributed between 0 and 1 in ACO 
standard, the proposed method calculates the initial pheromone based on the value of 
neutrosophic information which is defined as 

 
Figure 2. Operator Sobel 
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  ( )0
initτ λτ=   (22) 

 

 
Figure 3. The 8-neighborhood connectivity 

 
 
The second step of this proposed method is the construction process. At this stage, there are 

K-ants are randomly assigned to an 1 2M M× image. Each ant moves L-movement steps in one 

iteration for N-construction process.  An ant moves from the pixel ( ),p q  to its neighborhood 

pixel ( ),i j  based on the new transition probability rule that is defined as 
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where ( )1
,
t

i jτ −  , ,i jη , ( ),p qΩ  α  and β  as defined in (5). The ,i jλ  is the neutrosophic information 
and γ  is the weighting factor that influences neutrosophic information. The allowed range of 

ants to move and visit its neighborhood for ( ),p qΩ  is determined by using the 8-connectivity 
neighborhood as shown in Figure 3. 
 When an ant moves from a pixel to another pixel, the pheromone will be updated using the 
local pheromone update defined in (6). After all of the ants complete their L-movement steps, a 
global pheromone update is carried out for each iteration as defined in (7). After N iterations 
have been run, a decision is made whether a pixel is an edge or not based on the fitness values. 
In this paper, we used the same steps of the decision process as the ACO standard described in 
(8)-(15). 
 
4. Experimental Results 
 A variety of images with different noise levels, Noise-free, Gaussian noise, and Salt & 
Pepper noise, are employed to evaluate the performance of the proposed method. The proposed 
method (N-ACO) is compared with the existing ACO standard (S-ACO) for the edge detection 
algorithm. In addition, the proposed method is also compared with another three gradient-based 
edge detection algorithms, Sobel, Prewitt, and Canny. Furthermore, various parameters of the 
proposed method are set according to Table 1, based on several experiments that are not 
reported here. 
 To test the performance of the proposed method, eight images such as Checkboard, 
Camera, House, Lena, Pepper, Branch, Scissor, and Track, are used. The manually generated 
ground truth images have been defined for each original image. Figure 4 shows the original 
images and their ground truth in 128 x 128 resolution. 
 At first, the proposed method is evaluated on the original images without noise. The 
comparison of the results from noise-free images is shown in Figure 5. Then, the original 
images are added with Gaussian noise with a 0.5 mean and 0.01 variation. Figure 6 shows the 
comparison of the results from the original images with Gaussian noise. Lastly, the original 
images are added with Salt & Pepper noise with 0.1 noise density. The results of the original 
images with salt & pepper noise are shown in Figure 7. 
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Table 1. Parameters of the proposed method 
Parameter Parameter value 

K 
1 2

M M  

initτ  0.01 
α  1 
β  1 
γ  1 
a  1 
ϕ  0.0001 
ρ  0.0001 
ε  0.1 
L 40 
N 4 

 

 
(a) 

 
(b) 

 
(c) 

 
(d) 

 
(e) 
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(h) 

 
(i) 

 
(j) 

 
(k) 

 
(l) 

 
(m) 

 
(n) 

 
(o) 

 
(p) 

 
Figure 4. (a)-(h) The original image; (i)-(p) Ground truth of the original images, 

respectively 
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 shown in Figure 5, the proposed method yields better results than the ACO standard, in 
terms of the visual quality of the extracted edge information on noise-free images. It showed 

Sobel Prewitt Canny S-ACO N-ACO 

     

     

     

     

     

     

     

     
 

Figure 5. Edge detection comparison results on noise-free images 
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that the usage of neutrosophic information in the initial pheromone and probabilistic transition 
rule of ant’s movement can guide ants to discover more true edges than the existing method 

Sobel Prewitt Canny S-ACO N-ACO 

     

     

     

     

     

     

     

     
 

Figure 6. Edge detection comparison results on Gaussian noise images  
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that is only affected by pheromone and heuristic information. Figure 5 also showed that the 
proposed method produces results that have fewer disconnected edges than the results 

Sobel Prewitt Canny S-ACO N-ACO 

     

     

     

     

     

     

     

     
 

Figure 7. Edge detection comparison results on Salt & Pepper noise images  
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generated by other methods, especially for the Checkboard image. 
From Figure 6 and 7, it can be seen that the proposed method performs well and achieves 

very good results, with few missing edges and false edges on noisy images. The detection 
performances of other methods are affected by noise and a lot of edges are missing and 
disconnected, especially for the Salt & Pepper noise. As shown in Figure 6 and 7, the proposed 
method and Canny still maintained the shape of the object even in the noisy images. However, 
there are many false edges and noise in the result of Canny. This demonstrates the robustness 
of the proposed method in the presence of noise. 

The performance of the N-ACO is quantitatively compared to other methods by using the 
figure of merit (FOM) [20]. This is done by comparing the ground truth images with the 
corresponding images provided by the five different methods. The formula to calculate the 
FOM is defined as 

( ) ( )2
11

1 1

max , 1

A
N

kA

FOM
N N d kω=

=
+

∑   (24) 

where 1N  and AN  is the number of detected edge pixels and the number of actual edge pixels, 

respectively. Distance ( )d k  is the distance from the k-th actual edge to the closest detected 

edge pixels. A constant ω  is scaling constants and set to 1
9

 [15]. This FOM value 

determines the quality of edge detection, the greater the FOM value indicates the better the 
edge detection results. 
 

Table 2. Comparison of FOM on original images among edge detection algorithms 

Image Edge Detection Algorithm 
Sobel Prewitt Canny S-ACO N-ACO 

Checkboard 91.31 91.31 47.60 35.24 93.90 
Camera 44.67 44.63 39.81 35.67 52.82 
House 42.34 42.42 39.73 35.77 54.11 
Lena 27.57 28.10 35.09 31.82 67.10 
Pepper 39.81 38.76 45.33 33.27 65.18 
Branch 84.14 86.57 61.86 67.22 92.40 
Scissor 71.62 73.69 51.33 57.46 82.18 
Track 78.24 79.18 58.75 60.58 88.29 
Average (%) 59.96 60.58 47.44 44.63 74.50 

 
 

Table 3. Comparison of FOM on Gaussian noise images among edge detection algorithms 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

Image Edge Detection Algorithm 
Sobel Prewitt Canny S-ACO N-ACO 

Checkboard 59.99 65.10 48.91 37.46 92.95 
Camera 38.17 37.90 40.47 31.29 52.16 
House 18.72 18.84 33.50 19.51 52.44 
Lena 21.27 21.03 30.67 26.31 57.57 
Pepper 28.98 29.29 39.42 25.47 49.06 
Branch 76.06 78.88 59.61 60.98 94.61 
Scissor 61.95 64.89 52.13 51.88 85.96 
Track 63.27 65.31 55.52 53.28 91.65 
Average (%) 46.05 47.65 45.03 38.27 72.05 
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Table 4. Comparison of FOM on Salt&Pepper noise images among edge detection algorithms 

 

 

 

 

 

 

 

 

 
Tables 2, 3, and 4 show the comparison of the FOM values for the detection results on 

original images, images with Gaussian noise, and images with Salt & Pepper noise, 
respectively. Based on Tables 2, 3, and 4, all the detection results provided by the proposed 
method have the highest FOM. It can be seen that the gap of FOM values between the 
proposed method and others is greater on detection results of a noisy image than the detection 
results of original images. It indicates that the proposed method’s performance is more robust 
in the presence of noise than the other methods.  

 

5. Conclusion 
This research proposed a new edge detection method on a digital image using Ant Colony 

Optimization (ACO) based on the neutrosophic set of gradient magnitude. Each pixel in the 
image is described as three memberships, namely edge pixels, non-edge pixels, and 
indeterminate pixels, which are determined by the gradient magnitude of the image. The value 
of neutrosophic information is calculated as the new additional information that will be used 
along with pheromone and heuristic information to reduce the probability of noisy pixels 
becoming edges candidate. To evaluate the performance of the proposed method, the results of 
the proposed method are compared with ACO standard and the gradient-based edge detection 
methods, Sobel, Prewitt, and Canny, on the images with different levels of noise, such as 
noise-free, Gaussian noise, and Salt & Pepper noise. Based on the experimental results on the 
noise-free images, the proposed method has better performance than the other methods based 
on the visual quality and the value of the figure of merit. Evaluation of test images with 
different levels of noise illustrates the robustness of the proposed method on noisy images. 
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