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Abstract 

This paper provides a comprehensive review of graph-based image segmentation methods. Various 

graph-based algorithms and their applications are explored, including multiple surface segmentation, 

saliency detection, and colour-texture segmentation. This work introduced a superpixel algorithm and 

Simple Linear Iterative Clustering (SLIC) algorithm to segment an image using a graph representation. 

The results show that graph-based methods like SLIC can effectively model images as graphs and 

optimize segmentation to group visually coherent pixels while respecting intensity variations and spatial 

proximity between pixels. The key concepts, importance of image segmentation, and challenges are also 

discussed. While the demonstration provides basic validation of graph-based principles, opportunities 

remain for improvement such as incorporating edge features and neural networks to address 

oversegmentation issues. Overall, the review and experimental results highlight the effectiveness of 

graph-based segmentation methods in computer vision domains. 

Keywords: Image segmentation; graph-based segmentation; graph algorithms; SLIC algorithm. 

I. Introduction 

Image segmentation is an important topic in image processing and computer vision with various 

applications (Pandey & Sharma, 2023). It involves partitioning an image into multiple segments by 

grouping pixels with similar characteristics like intensity, shape, color or texture (Goyal, 2022). Accurate 

image segmentation is crucial for many computer vision tasks such as object detection, image 

compression and medical image analysis (Spoiala, 2023; Sheeba, Raj & Anand, 2023; Kavitha et al., 

2023). 

However, image segmentation faces many challenges such as lack of universally applicable 

approaches, presence of noise, complex backgrounds and similar textures in foreground and background 

(Francis, Baburaj & George, 2022; Lakshmi & Anil Kumar, 2022). Unsupervised image segmentation 

which generates semantic segments without prior knowledge is also challenging (Jiao, 2022). To address 

these issues, graph-based segmentation methods have been proposed that model images as graphs 
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(Camilus & Govindan, 2012). In graph-based segmentation (GBS), pixels or regions are represented as 

nodes, and their relationships as edges in a graph (Bransby et al., 2023). 

There are a few different methods researchers have come up with for graph-based image 

segmentation. A couple examples are methods that look at multiple surfaces in an image or that consider 

both color and texture (Shah, 2018; Warudkar, Kinge & Kolte, 2016). In a recent study, Bransby et al. 

(2023) pointed out that graph-based methods are useful because they allow scientists to take a lot of 

different qualities into account when separating an image into parts. Graph-based segmentation 

techniques let experts incorporate a wide range of details about the picture during the segmentation 

process. This can provide a more comprehensive analysis compared to only considering individual traits 

like color or shape. By weaving together multiple aspects of the image, graph approaches aim to give a 

more complete segmentation of the picture into its constituent elements. 

This paper takes a close look at common image segmentation methods that use graphs. We 

explore different graph-based segmentation (GBS) techniques and what they are used for. The main focus 

is on explaining the key parts of how these methods work, like preparing the image, making the graph, 

separating the image into parts, and checking the results. We also discuss challenges in this area and 

places where more research could help. 

Additionally, we demonstrate applying one powerful GBS method called Simple Linear Iterative 

Clustering or SLIC. We used Python to run this algorithm on sample images. SLIC is good at separating 

images into perceptually similar regions. 

In the end, we think about what these segmentation techniques could mean for real world uses and 

how they might be improved. GBS approaches are useful because they can separate images precisely. 

With more development, they may help applications like facial recognition or medical imaging. Overall, 

this project gives an overview of common graph segmentation methods and implementing one in Python 

to better understand their workings and potential. 

II. Literature Review 

  A. Overview of Image Segmentation 

Several studies have explored the concept of image segmentation in recent years (Goyal, 2022; 

Sheeba et al., 2023; Mahmoud et al., 2018; Spoiala, 2023; Lakshmi & Kumar, 2022; Li et al., 2022; 

Kavitha et al., 2023). Image segmentation refers to classifying an image into different groups based on 

characteristics like intensity, texture, class or color, according to Goyal (2022). Sheeba et al. (2023) 

defined it as dividing an image into smaller pieces for further analysis. Mahmoud et al. (2018) described 

the process of assigning pixels with similar properties the same visual characteristics and grouping them 

together. 

Goyal (2022) notes that image segmentation is important for computer vision and industrial 

automation, as it improves accuracy and efficiency. It is used for tasks like object detection, extracting 

relevant parts from images (Spoiala, 2023; Lakshmi & Kumar, 2022; Li et al., 2022) and compressing 

images (Sheeba et al., 2023). Kavitha et al. (2023) highlight its common use in healthcare for finding 

abnormalities and monitoring treatment progress. 

However, image segmentation also presents challenges. Lakshmi and Kumar (2022) point out that 

no single method is suitable for all image types, and not all methods can be applied to every image. 

Francis et al. (2022) further note the difficulty, due to factors like complex visual patterns, poor image 

quality, and similar-looking foreground and background elements. Jiao (2022) also discusses the problem 
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of unsupervised segmentation, which involves creating segments within an image without prior 

knowledge of its contents. 

Researchers have come up with several graph-based methods to address common challenges in 

image segmentation. One example is the approach developed by Hao and Li in 2023. Their method uses 

concepts from graph theory and applies "edge attention gates" during the segmentation process. This 

helps solve two typical problems - incomplete identification of image edges and limitations in achieving 

accurate segmentation. 

Similarly, Meng et al proposed a novel deep learning technique in 2021 that utilizes graph neural 

networks (GNN). Their framework is able to successfully integrate features from both image regions and 

boundaries. This advanced segmentation model extracts central characteristics from areas and outlines 

within images. It then improves on combining overall semantic meaning and specific spatial attributes for 

better results. 

In this way, the complexities of image segmentation are addressed. Key features are drawn out 

from regions and boundaries. Their synthesis leads to enhanced general understanding and representation 

of location-based details. Both of these techniques present solutions applicable to the difficulties faced in 

segmenting images into differentiated parts. 

  B. Importance of Accurate Segmentation for Various Applications 

Image segmentation plays an important role in computer vision by providing precise information 

about images, such as their shape, color and texture. As highlighted by Sheeba, Raj, and Anand (2023) 

and Pandey and Sharma (2023), image segmentation divides images into smaller pieces. This allows for 

more efficient processing and enables tasks like object recognition, compressing image files, medical 

imaging and traffic management. Additionally, Spoiala (2023) underlines its ability to identify and 

separate key elements within images. 

In industrial automation, image segmentation is very valuable as it is a critical part of image 

processing for analyzing and detecting objects. Wu and Castleman (2023) explained that image 

segmentation partitions a digital picture into different sections that resemble specific objects. This offers 

a deeper understanding of the various components within the image. 

Jin et al. (2022) also stressed the importance of image segmentation in improving the diagnostic 

capabilities of ultrasound computed tomography (USCT) and photoacoustic computed tomography 

(PACT). By incorporating image segmentation into the reconstruction process, these imaging methods 

can produce higher quality images and improve the ability to quantify information. In summary, image 

segmentation techniques divide images into meaningful pieces and play an important role across 

computer vision and medical imaging fields by enabling tasks like object recognition and improving 

image analysis. 

Graph-based methods for analyzing images and videos have proven very flexible in computer 

vision. They can be used in many different situations. For example, Zhang, Tsai and Tsai (2023) 

developed an embedding method that greatly improved how video features are distributed. This led to 

better recognition accuracy. Graph-based methods were also used to enhance image matching by parts, as 

shown by Michieli and Zanuttigh (2022). They created a network for identifying parts in images in a 

semantic way. This preserved the spatial relationships between the actual and predicted parts. This 

improved how well images could be matched by their parts. Additionally, Yu et al. (2021) proposed a 

new unsupervised method for segmenting objects. It used clusters of pixels and graphs to make 

segmentation more accurate and efficient in real-time. This showed potential for directly manipulating 
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objects. Mamatha & Krishnappa (2019) also pointed out how useful graph-based methods can be for 

segmenting medical images.  

The use of interactive image segmentation is growing quickly in several fields like image 

processing, computer vision and medicine. As mentioned by Bragantini and Falcao (2022), graph-based 

segmentation (GBS) methods are commonly used for feature-based annotation. Similarly, Saha, Bajger, 

and Lee (2018) proposed using GBS to efficiently segment cell nuclei in medical images. Additionally, 

Chen et al. (2023) noted that GBS has been applied to segmenting multispectral and hyperspectral 

images. They also introduced the concept of batch active learning, which can be used for both pixel-level 

and patch-based neighborhood segmentation. Another significant advancement in GBS image 

segmentation, as pointed out by Guimarães et al. (2017), is the ability to organize traditionally non-

hierarchical methods based on how similar different image regions are. 

  C. Graph-Based Segmentation Methods 

In a 2023 study, Bransby et al. explored a method called graph-based segmentation (GBS) that 

uses graph structures to divide images and datasets into subgroups. This technique starts by turning the 

images or data into graphs, where nodes represent individual pixels or data points and edges indicate 

connections between them. The researchers generate these graphs using specific processes, like 

comparing color or physical proximity similarity. The segmentation then involves separating the graph 

into smaller subgraphs or clusters. Each subgraph corresponds to a distinguishable segment or region of 

significance within the original image/data. GBS allows for integrating different elements, such as color, 

texture, and shape. It provides a flexible framework for image and data segmentation by easily combining 

various sources of information and applying existing knowledge. This approach makes it simple to blend 

different types of details, like how similar pixels or data points are in color, texture, location, etc. It also 

lets researchers leverage what they already know to help divide images and data into logical subgroups. 

In total, GBS presents an effective method for segmenting images and datasets in a way that incorporates 

multiple relevant factors. 

Several common approaches are used in graph-based image segmentation. One notable method is 

multiple surface segmentation, described by Shah (2018). This method implements GBS techniques to 

automatically outline 3D surfaces in volumetric images that represent object boundaries. The main goal is 

to improve segmentation accuracy and efficiency by incorporating graph searches as a key part of the 

process. Another commonly used approach in GBS is saliency detection, explored by Yang et al. (2013). 

This method uses a graph-based ranking system to evaluate the similarity of image components (like 

pixels or regions) compared to foreground and background cues. The importance of each component is 

determined by how relevant it is to predefined sample areas or queries. By making a connected graph 

with super-pixels as the nodes, they could rank the nodes based on their likeness to the foreground and 

background sample areas. This allowed for better classification and examination of the image. 

Toscana, Rosa, and Bona (2016) employed an object segmentation method for RGB-D images. 

Their technique used a quick graph-based process to outline objects within RGB-D images. It worked by 

creating a graph where regions were connected through calculated distances between them. Ultimately, 

the connected pieces that resulted were used as the detection outcomes. Likewise, Ren, Hung & Tan 

(2017) explored a new way to find defects in Ti-6Al-4V titanium alloy microstructure. Their novel 

approach applies image analysis techniques to segment material grains and uses a region-based graph 

model to pinpoint flaws. The connected components that made up the resulting graph provided accurate 

and reliable detection results. In 2016, Warudkar, Kinge, and Kolte chose a color-texture image 

segmentation method that uses a graph cut process involving student’s t-distributions. This technique 

combines multiple feature data and aims for precise segmentation results with visually consistent 

outcomes. 
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The GBS method involves several important steps and procedures according to Krasnobaev and 

Sozykin (2016). To start, the input image goes through some preprocessing to improve how well it can be 

analyzed. This commonly includes removing graininess, adjusting brightness levels, and making sure the 

image is properly oriented. After that, the processed image is converted into a graph representation. In 

this, the individual pixels become nodes or dots. Meanwhile, the connections between pixels are shown 

as lines or edges linking the nodes. The researchers have the option to assign values or weights to both 

the nodes and edges based on pixel properties and relationships. This helps quantify aspects like 

proximity. With the image now organized into a graph, further analysis can be performed. 

Graph-based image segmentation methods aim to improve how images are divided into parts by 

utilizing both the pixel data and selected measurements. In some cases, these algorithms can incorporate 

extracting features from the image itself, like brightness, textures, or colors, to enhance the segmentation 

process. Researchers Tsukasa and Kazunori discussed this in 2021. Nguyen et al. (2021) also looked at 

evaluating how well these segmentation algorithms work. They mentioned using multiple metrics for this, 

such as accuracy, precision, recall, and F-score. These metrics are important for judging the quality of the 

segmented images. Some notable graph-based algorithms include solving the max-flow problem, 

normalized cuts described by Krasnobaev & Sozykin (2016), and the Imperialist Competitive Algorithm. 

Each uses different approaches and has been applied to segment images in certain situations. 

Recent research is showing the capabilities of graph-based methods for analyzing blood vessel 

structures. A 2023 study by Yao et al. found that graph-based segmentation (GBS) has become widely 

used due to its ability to provide detailed pictures of vessels. GBS builds a map of vessels using lines that 

run through their centers. One such method is TaG-Net, which combines voxel-based segmentation of 3D 

volumetric images with centerline labeling. This dual approach results in rich local image details along 

with overall anatomical and topological information about how vessels connect. TaG-Net was also shown 

to perform better than other cutting-edge techniques in segmenting and labeling blood vessels.  

Another study from 2022 by Jing et al. explored graph neural networks like AGNet. By 

incorporating different distance measurements, these networks could effectively gather spatial 

relationships in the data. Their attention mechanism helped pick out important features in the vessel 

structures. This led to improved representations of different areas in the point cloud data. However, a 

2023 paper by Yu et al. noted there are still challenges. A major issue is the high computing power 

needed, especially for large datasets or complex vessel layouts. Figuring out the best way to build the 

graph, extract features, and divide it up can also be difficult and requires specialized knowledge. More 

work is still needed to make these methods practical for widespread use. Overall though, graph modeling 

is proving to be a promising approach for unraveling the intricate wiring of the circulatory system. The 

summary of the literature is presented in Table 1. 

Table 1: Summary of the Literature 

No. Reference Algorithm or Method Result 

1 Goyal (2022) Edge Detection, Threshold, Region-based, 

Neural Network Image Segmentation and 

Clustering. 

There are various kinds of images and a one-size-fits-

all approach will not work for all of them. Certain 

techniques may perform well on certain types of 

pictures. Machine learning can help improve how 

images are separated into different parts or sections. 

2 Sheeba, Raj & 

Anand (2023) 

Threshold approach, Edge-based method, 

and Clustering-based method. 

The most effective method for distinguishing different 

parts of images taken with optical coherence 

tomography (OCT) is cluster-based separation. 

3 Mahmoud et al. 

(2018) 

Thresholding techniques, Clustering 

techniques, Artificial Neural Networks, 

Edge based techniques, Region based 

techniques, Watershed, Graph based and 

Each approach has its strengths and weaknesses, so 

the best segmentation method depends on the image 

type and purpose. 
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Deformable models. 

4 Spoiala (2023) Labels and deep learning methods Some pictures were analyzed using labeling and 

machine learning to identify and extract important 

areas before full segmentation. Deep learning 

approaches first trained models to recognize key 

elements or patterns within examples. 

5 Lakshmi & Anil 

Kumar (2022) 

Edge detection, clustering, and region 

growth. 

The challenge is that no single technique works best 

for every kind of image. Not all methods can be 

applied universally either. 

6 Li et al. (2022) Fuzzy C-means Clustering (FCM) 

algorithm and the SLIC method. 

When dealing with large collections of color photos, 

this study used the SLIC methodology to divide 

images into perceptible regions with similar 

characteristics as a preprocessing step. 

7 Kavitha, 

Muthulakshmi & 

Latha, (2023) 

The Advanced Region and Edge-based 

Level Set Segmentation algorithms. 

The advanced region and edge-based level set 

segmentation algorithms can provide important 

information in the dental x-ray images. 

8 Francis, Baburaj 

& George (2022) 

An unsupervised method that addresses 

image segmentation as subspace clustering 

of image feature vectors. 

The findings show that the new approach worked 

better than previous leading methods. 

9 Jiao (2022) An unsupervised image segmentation from 

the perspective of sub-region clustering 

and graph convolution. 

The results indicate that the proposed method can 

reliably and sensibly separate images into sections. 

10 Hao & Li (2023) A medical image segmentation network 

(EAGC_UNet++) based on residual graph 

convolution UNet++ with edge attention 

gate (EAG). 

Testing showed the EAGC_UNet++ method more 

accurately identified object borders than other 

models. It performed better according to three 

common metrics and had fewer issues missing edges. 

11 Meng et al. 

(2021) 

A novel graph neural network (GNN) 

based deep learning framework with 

multiple graph reasoning modules 

Two challenging data sets were used in experiments. 

They demonstrated the new method was better than 

other cutting-edge techniques for identifying polyps 

during colon exams and the optic disc and cup during 

eye exams. 

12 Pandey & 

Sharma (2023) 

Region-based and edge detection, Image 

segmentation and K means clustering and 

color based clustering. 

Region-based and edge detection is very helpful in 

analyzing satellite images and segmenting roads and 

other objects. Image segmentation also has a valuable 

role in artificial engineering. K means clustering and 

color based clustering can be used to detect cancerous 

cells in cell clusters. 

13 Jin et al. (2022) A new signal domain object segmentation 

method for ultrasound computed 

tomography (USCT) and photoacoustic 

computed tomography (PACT). 

The proposed method greatly simplifies object 

segmentation and shows promise to decrease user 

involvement without compromising accuracy. 

14 Zhang, Tsai & 

Tsai (2023) 

A new graph-based embedding to enhance 

video feature distribution. 

The new approach improves how features are 

distributed. The graph attention network improves 

accuracy and editing scores by 4% over visual models 

alone. 

15 Michieli & 

Zanuttigh (2022) 

A novel approach (GMENet) combines 

object-level context conditioning, part-

level spatial relationships, and shape 

contour information. 

GMENet achieves top results for all related tasks. 

Furthermore, it can enhance accuracy for segmenting 

individual objects. 

16 Yu et al. (2021) An unsupervised object segmentation 

method based on supervoxel and graph 

clustering is proposed. 

Tests show this method applies well to robotics tasks 

like real-time object handling. It also has broad future 

potential. 

17 Mamatha & 

Krishnappa 

(2019) 

Graph cut based Multiple interactive 

segmentation. 

The graph cut method performed better than earlier 

techniques. 

18 Bragantini & 

Falcao (2022). 

A novel algorithms that perform the 

segmentation from markers, contours, and 

finally proposing a new paradigm for 

image annotation at scale. 

The proposed annotation strategy produced results 

similar to deep learning methods for distinguishing 

foreground from background. It significantly reduced 

annotation time for tasks where samples shared 
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context, with only a small loss in final accuracy. 

19 Saha, Bajger & 

Lee (2018) 

A graph based segmentation approach is 

proposed to segment nucleus from 

cytology images. 

Segmentation accuracy of the proposed method 

surpassed standard ones in measures like the Dice 

similarity coefficient, pixel-based precision and 

recall, Hausdorff distance, and Ht metric. 

20 Chen et al. 

(2023) 

a new graph-based batch active learning 

pipeline for pixel/patch neighborhood 

multi- or hyperspectral image 

segmentation. 

Besides accuracy gains, the proposed approach can 

greatly reduce the number of labeled pixels needed to 

reach the same level of accuracy based on randomly 

selected labeled pixels. 

21 Guimarães et al. 

(2017). 

A proposed method in hierarchical image 

segmentation with region-dissimilarity 

parameter 

The hierarchical version of the segmentation method 

achieved better outcomes than the original for a 

common criterion. It satisfies principles from image 

analysis regarding scale sets, causality, and location. 

22 Bransby et 

al. (2023) 

A novel methodology that combines graph 

and dense segmentation techniques. 

Tests on multiple Chest X-ray datasets validated the 

proposed approach. It consistently enhanced 

segmentation stability and accuracy against various 

point- and density-based methods. 

23 Shah (2018). The proposed framework includes an 

efficient graph-based method for 

segmenting surfaces, a globally optimal 

graph-based method for multiple surface 

segmentation, and a deep learning-based 

method that eliminates the need for human 

expert intervention. 

The proposed method for multiple surface 

segmentation using a CNN-based approach was found 

to be more efficient and generic than traditional graph 

search methods. 

24 Toscana, Rosa & 

Bona (2016) 

A new graph-based approach for the 

segmentation of simple objects from RGB-

D images. 

The proposed approach shows promise for object 

segmentation in robotic grasping tasks, and its 

performance on publicly available datasets suggests 

that it is a viable method worth considering for 

practical implementation. 

25 Ren, Hung & 

Tan (2017) 

A simple and efficient approach for 

microstructure defect detection of Ti-6Al-

4V titanium alloy based on image analysis 

was propsed. 

The proposed approach offers significant advantages. 

By mimicking domain expert identification, utilizing 

image preprocessing and a region-based graph, it 

outperforms existing methods in classification and 

defect localization. Additionally, its low 

computational requirements allow for effective 

detection of defect regions, making it a valuable tool 

in industrial settings. 

26 Krasnobaev & 

Sozykin (2016) 

The current state-of-the-art approach 

combines deformable models with 

advanced machine learning methods, such 

as deep learning or Markov random fields. 

In order to meet the accuracy demands, solely relying 

on fully automated cardiac segmentation approaches 

falls short. To enhance the accuracy of left ventricle 

segmentation algorithms, there is a pressing need for 

a larger pool of openly accessible datasets containing 

labelled cardiac MRI data. 

27 Tsukasa & 

Kazunori (2021). 

An innovative method incorporates both 

QuadTree with nested Multi-type Tree 

(QTMT) segmentation and Simple Linear 

Iterative Clustering (SLIC) into the image 

colorization algorithm, presenting a 

promising approach. 

The proposed new approach worked better than other 

options that were compared. It did a notable good job 

adding color. 

28 Yao et al. (2023) A novel topology-aware graph network 

(TaG-Net) for vessel labeling was 

proposed. 

Tests showed the proposed method separated and 

identified blood vessels better than other leading 

approaches. 

29 Jing et al. (2022) A graph-based neural network with an 

attention pooling strategy (AGNet) was 

proposed. 

Both the measured results and quality reviews 

consistently showed the proposed method was better 

at identifying types of point groups and separating 

them out. 
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III. Methodology 

We will be employing the Simple Linear Iterative Clustering (SLIC) algorithm in Python to 

efficiently segment an input image into superpixels. This algorithm functions by breaking down the 

image into a grid of evenly-sized regions, recognized as superpixels. It reduces the distance between each 

superpixel's centroid and the pixels within its designated region through a series of iterative adjustments 

(Chen, Yang, & Zhou, 2020). 

Through an iterative process, convergence is achieved and an in-depth representation of the image 

content is produced. By focusing on both color similarity and spatial proximity, SLIC efficiently creates 

compact and uniform superpixels. It is employed in a variety of use cases, including image segmentation, 

fruit and cell recognition, and remote sensing image analysis (Kakhani, MOKHTARZADEH & Valadan, 

2021). 

The SLIC algorithm reaches the seamless balance between performance and accuracy. Its 

efficiency can also be enhanced by applying techniques like appropriate initialization and leveraging 

energy-efficient hardware acceleration (Hong et al., 2016). 

To explain the SLIC algorithm in more detail, we can define its formal components as follows: 

Input: 

- I (input image). 

- K (desired number of superpixels). 

- m (compactness factor). 

- σ (spatial extent of gaussian filter). 

Output: 

- S (segmented output image). 

The steps of the SLIC algorithm are as follows: 

1. Create a distance map, known as D, which will contain the distances from each individual 

pixel to its corresponding cluster center 

2. Initialize K cluster centers on a grid within the image 

3. Assign each pixel to the closest cluster center by minimum distance in D  

4. Update cluster centers using mean (R,G,B) and (x,y) position of pixels within each cluster 

5. Iterate steps 1-4 until cluster centers stop moving or maximum iterations reached 

6. Assign final cluster labels to pixels to generate output segmented image S 

The key parameters that will be experimented with are number of clusters K, compactness factor 

m, and spatial regularization parameter σ. Performance will be evaluated using metrics such as 

undersegmentation error and boundary recall. 

Let I be the input image, with dimensions H×W×C. The SLIC steps are: 
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1. Distance map computation: A distance map D is computed which stores the distance of each 

pixel to the closest cluster center. The cluster centers are initially positioned on a 3D grid with spacing S 

inside the image. The distance is calculated as: 

 

Where (c_k, r_k) are the cluster centers. 

2. Clustering: Each pixel is assigned to the cluster with the closest center by finding the minimum   

distance in D: 

 

3. Center update: The cluster centers are updated using the mean (R,G,B) and (y,x) position of 

pixels assigned to that cluster: 

 

 

Where R_k is the set of pixels assigned to cluster k. 

4. Iteration: Steps 1-3 are repeated until centers stop moving or the maximum number of iterations 

is reached. 

5. Post-processing: The final cluster labels for each pixel are obtained from the last assignment 

step to generate the segmented output image S, where S(x,y) is the label of the cluster pixel (x,y) was 

assigned to. The key parameters that will be experimented with are number of clusters K, compactness 

factor m, and spatial regularization parameter σ. Performance will be evaluated using metrics such as 

undersegmentation error and boundary recall. 

This allows image segmentation to be posed as an optimization problem on a graph to obtain 

perceptually meaningful segments by respecting local intensity variations and spatial proximity. The 

results will demonstrate the ability of the SLIC method to group pixels into visually coherent regions 

using graphs. 

IV. Results 

Python library scikit-image was used to demonstrate image segmentation and grouping using a 

graph-based method. SLIC (Simple Linear Iterative Clustering) algorithm is utilized to segment the input 

image into superpixels in a graph-theoretic manner.  

The first step loads an input image using matplotlib.pyplot.imread. For this example, a test image 

'image.jpg' is loaded. 

Next, SLIC segmentation is applied to generate superpixel regions. The slic function from scikit-

image performs Simple Linear Iterative Clustering, where each superpixel is modeled as a node in a 

graph. The algorithm takes the image array, number of segments (superpixels) desired, compactness 

parameter, and sigma parameter as inputs. Compactness controls superpixel shape and determines the 
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maximum allowed distance between a pixel and the cluster center it is assigned to. Higher value yields 

more spatially coherent segments. Sigma defines neighboring pixel similarity and controls the width of 

the Gaussian filter used in the lab color space. 

The input image was successfully segmented into superpixel regions using the SLIC graph-based 

segmentation method from scikit-image. The results are presented in Fig. 1. 

 

Fig. 1: Segmenting an Image Using SLIC Graph-Based Segmentation Algorithm 

Source: Conducted by authors 

As seen in Fig. 1, the segmented image is displayed side by side with the original image for visual 

comparison. The segments respect local intensity variations and group similar pixels together based on 

color and spatial proximity. The boundaries also align well with edges in the original image. Therefore, 

we can conclude that the SLIC algorithm was able to group pixels into visually coherent superpixels that 

respect intensity variations and spatial proximity as specified by the hyperparameters.  

Next, the individual segments are grouped based on their numeric labels assigned by SLIC. A 

mask array is created for each unique segment value, with pixels belonging to that segment assigned a 

value of 255 and rest as 0. This groups spatially connected regions together. The segments were then 

grouped based on their labels to form larger segmented regions. The grouped segments are then displayed 

in a grid format for analysis. The original image and the results are presented in Fig. 2. 
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Fig. 2: Grouped Segment Masks 

Source: Conducted by authors 

As we can observe, a total of 68 grouped segments were obtained as determined by the number of 

unique segment values. Each subplot shows one grouped segment mask, with different colors 

representing separate groups. It can be seen that pixels with similar characteristics are clustered together, 

effectively partitioning the image into perceptually meaningful objects and regions of interest. This 

grouping aids further processing by combining related superpixels. Additionally, the quality of grouping 

also depends on parameters like number of segments - more segments lead to finer details but also noise. 

Some key aspects of the SLIC algorithm can be observed. The segmented regions are compact 

and adhere to intensity boundaries to generate perceptually meaningful objects. In addition, grouping 

consolidates spatially linked regions belonging to same label. As a result, it partitions the image into 

visually comprehensible components while respecting pixel similarities defined by intensity, color or 

texture. 

The performance of the SLIC algorithm can be influenced by its parameters. Through higher 

number of segments (K), it results in smaller superpixels leading to capture finer details but potentially 

over-segmenting. Moreover, compactness (m) trades off between region shape and boundary adherence 

and higher value favors compact circles over accuracy. Lastly, sigma (σ) defines threshold for pixel 

similarity, as higher value merges more pixels. By adjusting the compactness and sigma values we can 

maintain a balance between adhering to boundary lines and achieving a desired shape and similarity (Yu 

et al., 2023). 

This implementation demonstrated how scikit-image offers a simple yet strong way to accomplish 

graph-based image segmentation and grouping using Python. The SLIC algorithm models images as 

graphs and partitions them while respecting boundaries, color and space similarity. Such methods are 

popular because of their flexibility and capability to integrate previous information. The results 

demonstrate potential for tasks like object detection, recognition by segments for additional processing. 

With optimization, it can be extended to applications like medical imaging, remote sensing etc. 

http://jceps.utq.edu.iq/
http://jceps.utq.edu.iq/
mailto:jceps@eps.utq.edu.iq
mailto:jceps@eps.utq.edu.iq


Journal of Education for Pure Science- University of Thi-Qar 
Vol.14, No.1 (2024) 

Website: jceps.utq.edu.iq                                                                                                      Email: jceps@eps.utq.edu.iq 

  151 

Various metrics can be utilized to assess the segmentation quantitatively. For example, under-

segmentation error is used to measure percentage of pixels that were incorrectly merged. In addition, 

boundary recall evaluates how well the segment boundaries adhered to edges in the original image. These 

metrics indicate how accurately the segments captured the perceptually meaningful regions while 

maintaining spatial coherence and they allow optimizing parameter values for specific applications. 

Some possible quantitative measures that could more thoroughly evaluate the efficiency of the 

segmentation could include the following: 

1. Undersegmentation Error (UE): UE = (Number of incorrectly merged pixels) / Total 

pixels. A lower UE indicates better adherence to boundaries. 

2. Boundary Recall (BR): BR = (Number of correctly detected boundary pixels) / Total true 

boundary pixels. Higher BR means better capture of edges in the original image. 

3. computational Time: Time taken by the SLIC algorithm on the test image for varying K, 

m and σ. Lower time indicates better efficiency.  

4. F-score: The harmonic mean of precision and recall. Higher F-score balances both metrics 

for optimal segmentation. 

Reporting the above metrics for different parameter settings would allow optimal hyperparameter 

selection and quantitative comparison against other segmentation methods. However, mathematical 

analysis was beyond the scope of the descriptive implementation conducted. 

V. Discussion 

The SLIC algorithm proved its efficiency by successfully dividing the input image into 

meaningful superpixel regions. It preserved boundaries while also allowing for intensity variations within 

objects. By utilizing both color and spatial proximity, the segments efficiently grouped together similar 

pixels. This aligns with the GBS methods as described by Bransby et al. (2023), which represent pixels as 

nodes and their connections as edges to precisely partition the image. 

When the segments were grouped according to their labels, larger regions were created that 

corresponded to visually unique objects or parts. This observation aligns with the findings of Sheeba, Raj 

and Anand (2023) and Pandey and Sharma (2023), which show how image segmentation is used to divide 

images into groups with similar characteristics, allowing for more effective processing and analysis of 

individual objects or regions. 

The results suggest that methods such as SLIC view the image as a whole and adapt segmentation 

to maintain both variations in intensity and the connections between pixels, often represented as edge 

weights or distance metrics. This aligns well with the explanations of graph formation and dividing 

strategies defined by Bransby et al. (2023), Krasnobaev and Sozykin (2016) and Tsukasa and Kazunori 

(2021). 

The sample implementation presents the promising capabilities of segmentation methods, as 

outlined by Goyal (2022) and Sheeba, Raj and Anand (2023). They suggest that accurate segmentation 

could significantly improve object detection and recognition applications. Furthermore, Kavitha, 

Muthulakshmi and Latha (2023) recognize its potential in medical imaging for tasks such as abnormality 

detection.  

We identified some limitations, such as oversegmentation in complex regions and sensitivity to 

hyperparameters. These challenges are in line with the ones highlighted by Francis, Baburaj, and George 
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(2022), such as the presence of diverse patterns and similar textures. In such scenarios, parameter tuning 

is of utmost importance, as emphasized by Yu et al. (2023). To overcome these challenges, optimizations 

such as integrating edge features as suggested by Hao and Li (2023) or utilizing neural networks as 

implemented by Meng et al. (2021) could prove to be helpful. 

The findings, although showcasing the concept, lack comprehensive evaluation through 

quantitative metrics, such as undersegmentation error and boundary recall. These metrics, as suggested 

by Nguyen et al. (2021), enable more thorough comparison and optimization. By expanding the 

implementation to incorporate evaluation on established datasets and comparing the results to other 

methods, the validity of the findings can be further solidified. 

In brief, our findings support the use of graph-based segmentation, as described and applied in the 

literature. Through our discussion, we connect our key findings to previous studies and identify 

opportunities for enhancing this approach, in line with the challenges discussed. Our sample 

implementation serves as indication for the efficiency of GBS in grouping pixels into meaningful regions, 

as extensively discussed in the literature. 

VI. Conclusion 

In this study, a comprehensive examination was conducted on graph-based methods to image 

segmentation. It explored a range of algorithms and their practical utilizations, such as multiple surface 

segmentation, saliency detection, and colour-texture segmentation. It presented an in-depth discussion on 

image segmentation concepts and their significance and it demonstrated the successful application of the 

SLIC algorithm in segmenting an image into superpixel regions, providing a tangible example of its 

efficiency. 

The SLIC algorithm effectively preserved the boundary details of the original image and 

accounted for variations in intensity at a confined level, which affirm the notable ability of SLIC to 

precisely group pixels into distinct and visually unique regions. In this method, the use of segment 

labeling resulted in the formation of larger regions, parallel to recognizable objects or components in the 

image. This aligns perfectly with the objective of graph-based segmentation, which is to group similar 

pixels together. 

The performance of SLIC in segmenting images is influenced by the algorithm parameters and 

their respective roles in graph theory. For instance, the number of segments has a direct impact on the 

balance between preserving detail and suffering from oversegmentation. Compactness considers the 

balance between the shape of the regions and the accuracy of their boundaries, while sigma controls the 

level of similarity required for pixels to be considered part of the same segment. Therefore, these 

parameters must be carefully adjusted to suit the specific needs of the application at hand. 

Through qualitative analysis, we observed that the segments generated by SLIC accurately reflect 

the relationships between pixels based on factors like intensity, color, and proximity – just as 

hypothesized. These results demonstrate the efficiency of using graph-based methods, such as SLIC, for 

modeling images and optimizing segmentation. These methods can precisely represent images as graphs 

by grouping pixels based on visual coherence and taking into account intensity variations and spatial 

proximity. This aligns with previous literature discussing the ability of GBS to capture the sophisticated 

relationships between pixels and intensity variations while optimizing partitioning. 

This research has made several significant contributions. Firstly, we implemented the SLIC 

algorithm in Python with scikit-image, which allowed for the segmentation of an input image into 
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superpixels. This aided as a practical and descriptive example of the algorithm's capabilities, therefore it 

effectively showcased its potential. 

Secondly, we explored the segmentation process. We presented how the superpixels can be 

grouped together based on their numeric labels to form larger segmented regions, representing separate 

objects or parts in the image. We also discussed the importance of hyperparameter tuning, specifically the 

number of segments, compactness factor, and sigma.  

Thirdly, this particular implementation adds to the existing literature and showcases the 

algorithm's practical utilization. By successfully grouping pixels into coherent superpixels, it takes into 

consideration both intensity variations and spatial relationships, guided by graph-based principles. 

Lastly, we shed light on the creation and partitioning steps involved in GBS methods, providing a 

deeper understanding of their effectiveness. In addition, we acknowledged certain limitations, including 

the possibility of oversegmentation in complex areas. Moreover, we identified potential for improving the 

evaluation process by implementing quantitative measurements and conducting tests on benchmark 

datasets.  

Through the comprehensive review and experimental analysis, we can conclude that utilization of 

GBS methods effectively models images as interconnected graphs, grouping pixels based on their 

inherent connections. This pioneering method has a broad range of applications in fields such as 

computer vision and medical imaging, providing support for tasks such as object detection and 

abnormality analysis. With continuous improvements and developments, there is great promise for GBS 

to enhance the precision and efficiency of algorithms across various domains. 
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