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Abstract 
Segmentation of visual information through breaking down an image into several distinct parts, known as image segmentation, is an 
important step in gaining a better understanding of a piece of visual information. This paper provides a detailed comparative analysis 
of different types of clustering-based image segmentation algorithms like K-Means, Mean Shift and Spectral Clustering, and evaluates 
their performance based on the BSDS500 dataset. Both qualitative and quantitative methods for analysis were utilised through the 
usage of region-based as well as boundary-based metrics. The results of this study indicated that Spectral Clustering was better than 
all others by virtue of Boundary Adherence. The other two algorithms, K-Means and Mean Shift, give different levels of performance 
on either end of that measure, but also indicate some trade-off decisions when considering computational efficiency with respect to 
the three compared methods of unsupervised segmentation. 
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1. Introduction 
In computer vision, image segmentation is a basic task that separates images into semantically significant areas 
(Yu et al., 2023). This supports the interpretation of visual scenes at a higher level by machines. While 
considerable progress has been made through supervised deep learning techniques, clustering-based 
segmentation gives an ongoing need for an unsupervised, as well as interpretable, and computationally feasible 
method of segmentation when there is little available labelled data. However, clustering techniques suffer from 
difficulties like sensitivity to parameter selection as well as difficulty in preserving the fine edges of objects in 
images, and inconsistent performance across various types of images (Mittal et al., 2022). This research project 
gives a methodical comparison of clustering-based segmentation algorithms to help identify which algorithm 
would be suitable for use in a range of different contexts. 
Segmentation is at the foundation of many applications, including medical images (delineating tumours), 
remote sensing (classifying land cover types), autonomously driving vehicles (the separation of objects from 
roads) and editing images (extracting a subject from background) (Ramos and Sappa, 2024). Proper 
segmentation of an image has great potential for improving the performance of subsequent image analysis 
tasks like recognition of objects, understanding of scenes, and quantification of measurements. This is making 
an algorithm's performance an important consideration when optimising trade-offs between accuracy, along 
with the reliability and computational costs. 
Clustering techniques are techniques that combine pixels according to feature similarity (K-Means, Mean Shift 
and Spectral Clustering) (Ren et al., 2020). The simplicity of these techniques, their ability to adapt to different 
types of feature space and reduced need for data annotation are major advantages of clustering techniques. 
However, the disadvantages of clustering techniques are like excessive sensitivity to parameters, intensive 
computational costs and significantly lower contextual awareness when compared with learning-based 
strategies. 
This research aims to (1) implement and evaluate K-Means, Mean Shift, and Spectral Clustering on benchmark 
images using Python. (2) compare their segmentation quality, efficiency, and robustness across parameter 
settings; and (3) give practical recommendations for algorithm selection. Contributions include a reproducible 
experimental pipeline, quantitative and qualitative comparisons, and guidance on trade-offs. 
The rest of this paper is organised like Section 2 discusses research on this topic, Section 3 describes the 
methodology and experiment design, Section 4 includes the results of the experiments, Section 5 contains a 
discussion of the findings, and Section 6 presents potential areas for further investigation. The study will make 
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available for public access all software codes and any data collected from this study so that others may repeat 
the experimentation and conduct further research in this area. 
 

2. Literature Review 
2.1 Classical Segmentation Approaches 
Early efforts in computer vision are based on the traditional techniques of image segmentation. These formats 
include thresholding like Otsu's method, edge-based methods (Canny's edge detector), and region-based 
methods (e.g., region growing and watershed segmentation) (You et al., 2023). In thresholding approaches, an 
optimal intensity threshold is determined to separate foreground from background images; edge-based 
methods identify edges as drastic changes of intensity between pixel values. On the other hand, Wala’a and 
Mohammed (2021) state that region-based segmentation collects similar pixel groups by using a variety of 
similarity criteria. 
 

 
Figure 1: Image segmentation using otsu threshold selection method 

(Source: Vignesh, 2025) 
 
Traditional techniques for image segmentation are simple and computationally inexpensive. However, they 
tend not to work as well with complex natural images. Factors such as textured backgrounds, variations in 
lighting, and unclear object boundaries decrease the effectiveness of classical techniques (Nimier-David et al., 
2021). The reliance on local cues and thresholds, which must be manually tuned. This makes them less robust. 
Graph-based global methods have been created to overcome these problems. Further, as per Karthick et al. 
(2023), Normalised cuts and similar techniques treat image segmentation as a graph partitioning problem. 
They consider the global structure of the image to improve perceptual grouping. However, they add 
substantially to the computational complexity and memory storage required to implement them. 
 
2.2 Clustering in Segmentation  
As per Sasmal and Dhal (2023), clustering-based segmentation approaches the segmentation process by 
clustering pixels together based on similar characteristics (features) of the pixels. The features typically include 
colour as well as intensity, texture, and sometimes spatial coordinates (X, Y position). Each pixel to be 
segmented is identified using a feature vector. Similar pixels, from the point of view of the features of the pixel, 
are grouped and clustered into clusters. The clustering-based approach to segmentation is capable of 
segmenting pixels in an unsupervised manner without the use of any labelled data. 
 

 
Figure 2: Clustering techniques 

(Source: Tripathi and Bhardwaj, 2020) 
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Partitional clustering methods such as K-Means are designed to create clusters by minimising the variance of 
data points within the cluster (Oti et al., 2021). Partitional clustering methods are typically very efficient and 
scalable. However, they require the predefined value of cluster count, and they typically assume that the 
clusters will take on a roughly spherical shape. Density-based as well as mode-seeking clustering methods 
define clusters as areas in the feature space. This has a high density of points. According to Cariou et al. (2022), 
mean Shift is one of these density-based clustering algorithms.  
Using graph-spectral methods, pixel relationships can be represented as a similarity graph (Zhang et al., 2022). 
Then, using eigenvalue decomposition, as well as segregated clusters (or groups), can be recovered from the 
graph. Although graph-spectral methods have excellent abilities to retain strong boundaries and to preserve 
global consistency, they are limited by their excessive time and memory consumption associated with large 
images. Recent studies have demonstrated how critical feature selection can be on clustering performance 
(Neeraj and Maurya, 2020). It has been shown that the selection of either the RGB or the Lab colour space. This 
has a significant impact on segmentation quality. 
 
2.3 Detailed Review: K-Means, Mean Shift, Spectral Clustering 
K-Means Clustering methods, like Lloyd's and MacQueen's, are commonly used for image segmentation or 
vector quantisation (Thompson et al., 2020). It is an efficient computational method because the processing 
time has a direct relationship to how many pixels there are, as well as how many clusters are formed, and how 
many iterations are used to determine the clusters. Even though K-means is an efficient algorithm, it needs the 
initial centroid location as well as the final number of clusters to be accurate (Ahmed et al., 2020). Otherwise, 
the final result will be suboptimal. 

 
Figure 3: K-means Method 

(Source: Towards Data Science, 2025) 
 
The mode-seeking, nonparametric Mean Shift algorithm performs segmentation by the clustering of pixels 
using a joint colour and spatial feature space (Kumar et al., 2022). Using this method to segment a pixel will 
create perceptually smooth as well as coherent regions. The Mean Shift Method does not require knowing how 
many clusters there will be ahead of time. However, the quality of the results will rely on how well the study 
picked the Bandwidth.  
Many spectral algorithms, like Normalised Cuts, have defined segmentation using a global optimisation 
approach (Bastiani, 2024). These algorithms give very strong adherence to object edges. This also creates 
groups over multiple scales and keeps the object contours intact. However, spectral segmentation methods do 
not scale very well since it is computationally expensive to construct and decompose the large affinity matrices 
required for such methods (Melas-Kyriazi et al., 2022). Employing approximations to alleviate the 
computational burden, as well as spectrally based segmentation methods. This typically has more reliable 
results when they are implemented in practice. 
 
2.4 Gaps in Comparative Studies and Motivation 
There are a lot of various types of comparison studies and surveys out there. This has summarised clustering-
based segmentation methods in some way, shape or form. However, because these comparisons have been 
performed using different datasets as well as evaluation metrics and implementation settings, it has made it 
very difficult to do a direct comparison between these studies. A variety of comprehensive surveys have 
recently shown the need for reproducible benchmarking.  There have been very few studies that have been 
able to integrate consistent parameter sweeps with joint colour or spatial feature representations and both 
region- and boundary-based quantitative metrics like Intersection over Union metrics and Boundary Precision-
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Recall. Very few reproducible Python pipelines have been made publicly available. This lack of standardisation 
is what this study aims to address. 
 

3. Methods 
This section provides the problem, features, algorithms, performance metrics, and methodology for 
experimentation on BSDS500 (200_train/100_val/200_test) (Ashwath, 2020).  
3.1 Problem Definition, Feature Space:  
An image segmentation may be formulated as an unsupervised pixel clustering based on feature vectors (pixel-
feature vectors). The feature vector representing pixel 𝑝 can be denoted as 𝑓(𝑝). A pixel's core features consist 
of both the colour channels of the RGB and the Lab colour spaces. Additionally, the addition of the (𝑥,𝑦) spatial 
coordinate fields preserves location information. To further add texture information, Local Binary Patterns 
(LBP) characteristics of either radius=1, points=8 and Gabor filter response (multiple scales/orientations) may 
also be included (Sedaghatjoo et al., 2024). All features are normalised as follows. Each colour channel is 
normalised to the range [0,1], and spatial coordinates are normalised by the diagonal length of the image. 
3.2 Algorithms (intuition + key parameters) 
K-Means: The K-Means algorithm is used to group similar pixels into k clusters by minimising the variance of 
pixels within each cluster (Sammouda and El-Zaart, 2021). The key parameters for applying K-Means are (a) k 
= number of clusters, (b) the k-means++ initialisation strategy, (c) max iterations (300), and (d) the use of 
random_state to create reproducible results. Typical k values tested reflect BSDS complexity.  
Mean Shift: Mean shift is a mode-seeking method used in feature space. In this method, clusters are created 
around high-density modes, and the primary parameter used is bandwidth. To assess the bandwidth parameter 
estimation, the method expects to use estimate_bandwidth and subsampling to maximise processing efficiency. 
Spectral Clustering: The affinity graph is built from the data and is then decomposed (i.e., by eigenvalues) to 
determine the partitions of the graph via Spectral Clustering. The affinity graph uses several parameters to 
define it, including affinity type like nearest_neighbors or rbf), n_neighbors in the case of a k-NN graph, and the 
number of eigenvectors. Spectral clustering has limited scalability as pixel count increases.  
3.3 Evaluation metrics 
Metrics for quantitative analysis of regions like Intersection over Union (IoU), Dice Similarity Coefficient, 
Adjusted Rand Index (ARI), and pixel accuracy. Metrics for Boundaries like Boundary F1-score (BF1), and 
additional optional metrics like the SSIM (Sundqvist et al., 2023). Efficiency of performance is evaluated by 
measuring runtime (time elapsed from start to complete processing) as well as peak memory usage (the 
maximum memory consumed). 
3.4 Experimental protocol 
Select splits from the BSDS500 dataset (Ashwath, 2020). For the base-level experiments, resize images to 
200x200 pixels. For higher-resolution experimental options, use the same method to resize images. Normalise 
all feature vectors to the same scale. Fix random_seed=42 to eliminate any potential variability. Report the 
mean ± standard deviation of the test dataset. Document the hardware on which the tests were performed, like 
CPU/GPU, RAM. For replication, share all code, random number generator seeds, and exact versions of installed 
libraries. 

 
Table 1: Parameter table 

Algorithm Parameter(s) Range to test 

K-Means k {2,3,4,5,6,8,10} 

Mean Shift bandwidth quantile {0.05,0.1,0.2,0.3} 

Spectral affinity / n_neighbors {nearest_neighbors:5,10,15,20} 

 

4. Implementation — Python Analysis 
This section provides a description of the segmentation results using Python for implementation. The workflow 
used for creating all experiments of the results is reproduced from the Berkeley Segmentation Dataset 500 
(BSDS500). The entire experimental process was performed using only one workflow. 
4.1 Environment and Libraries 
The codebase was created in Python version 3.9 and built on the OpenCV libraries for loading and resizing 
images. On the other hand, NumPy was used to support numerical computations, such as creating features. 
Clustering algorithms have been implemented using the scikit-learn packages of K-Means, along with the Mean 
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Shift and Spectral Clustering. Colour space conversions, superpixel generation and boundary extractions were 
accomplished using the scikit-image package. Finally, Matplotlib was utilised to create visual representations 
(segmented outputs) and summarise results (performance summaries). All experiments were run on a CPU-
based environment with the goal of achieving hardware-independent reproducibility. 
4.2 Data Loading and Preprocessing 
The images in this test set (the BSDS500 test set) were created from the BSDS500 test split. This has a variety 
of textures, as well as various object boundaries (natural) within a scene. To maintain a consistent 
computational cost while keeping the structural characteristics intact, all images were reduced to one 
resolution. The pixel intensity values have been normalised within the range of [0,1]. The ground truth 
segmentations were also supplied as a MATLAB .mat file (using a nearest neighbour interpolation to adjust the 
dimensions). The average metrics for each of the images were based on the mean of all human annotations 
provided for each image. 
4.3 Algorithm Implementations 
The joint colour and spatial feature vector were used to represent each pixel. The photometric data was 
captured by the RGB and Lab colour values while maintaining continuity in space by normalising the x and y 
spatial coordinates of pixels. 
K-means and mean shift have been used directly on feature vectors. This represents pixel values. Scalable 
restrictions allowed for spectral clustering to be performed using an alternative approach, superpixel features, 
which were then used as a basis to generate segmented maps based on the projected labels from the clusters 
back onto the pixel grid. 
4.4 Parameter Tuning and Automation 
An automated loop-based method was used to perform parameter tuning. For K-Means and Spectral Clustering, 
the number of clusters (𝑘) was varied for Mean Shift. The bandwidth was adjusted using a quantile-based 
estimation. Each configuration of parameters was evaluated using the same image subset (BSDS500). This is 
done to fairly compare the performance of each configuration and to collect the metrics for sensitivity analysis. 
4.5 Reproducibility and Runtime Measurement 
By maintaining the same random seed throughout all of our experiments, the study ensured reproducibility. 
The study measured the run time by taking the amount of wall clock time that occurred for each image during 
processing, while it tracked the peak memory usage for every image. The entire implementation, which 
includes the preprocessing method, clustering, evaluation and visualisation, is available to download as a 
Jupyter Notebook (. ipynb). This provides the ability to reproduce all results reported from the raw BSDS500 
DataSet. 
 

5. Experiments and Results 
The BSDS500 test split was used to conduct all experiments. The performance metrics for each image are the 
average of all human annotations, unless otherwise stated. Segmentation performance metrics like region, 
boundary and computational efficiency metrics like runtime and memory are evaluated. 
5.1 Qualitative results 

 
Figure 4. Qualitative Segmentation Results on BSDS500 

 
Selected BSDS500 images were segmented side-by-side to provide a visual comparison of how different 
segmentation approaches affect segmentation results. To show how different approaches handle the boundary 
details of images, the study included an original annotated image and a human-drawn annotation (ground 
truth). The results from the 3 segmentation methods used. The K-Means segmentation produced large as well 
as colour-homogeneous segments, but did not adequately respect all object edges. Conversely, the Mean Shift 
segmentation method provides smooth as well as perceptually coherent segments and produces more 
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segmented objects that respect object edges and contours. This does not suffer from the high level of over-
segmentation that can result from using K-Means in textured regions.  
5.2 Quantitative results 
The study evaluated region agreement via IoU (Jaccard) and Dice, cluster agreement via the Adjusted Rand 
Index (ARI), and boundary localisation via Boundary F1 (BF1). Table 2 shows the aggregate metrics (Mean ± 
Std.) across all test splits in Table 3, as well as average runtime and peak memory usage per image for each of 
those splits. 
 

Table 2. Quantitative Segmentation Performance on BSDS500 
Algorithm Runtime (seconds/image) Memory Usage (MB) 

K-Means 0.42 ± 0.08 120 ± 10 

Mean Shift 3.85 ± 0.60 310 ± 25 

Spectral Clustering 5.70 ± 0.90 420 ± 35 

 
Table 3: Runtime and Memory Usage per Image 

Algorithm IoU (Mean ± 
SD) 

Dice (Mean 
± SD) 

Adjusted Rand 
Index (Mean ± SD) 

Boundary F1 
(Mean ± SD) 

K-Means 0.41 ± 0.06 0.58 ± 0.07 0.44 ± 0.05 0.52 ± 0.06 

Mean Shift 0.48 ± 0.05 0.65 ± 0.06 0.53 ± 0.04 0.60 ± 0.05 

Spectral 
Clustering 

0.54 ± 0.04 0.70 ± 0.05 0.61 ± 0.04 0.66 ± 0.04 

 

 
Figure 5: Boundary Detection and Contour Alignment 

 
5.3 Ablation or sensitivity analysis 
The study examined the effects of each of three factors, like adding spatial coordinates (x, y) to the feature 
vector, the selection of colour spaces, such as RGB or Lab colour spaces, and how changing parameters (k ∈ 
({3,5,8} for K-Means and Spectral), quantile ∈ {0.1,0.2} for Mean Shift) affected performance. Four findings are 
of particular numerical interest. First, the addition of spatial features improves the BF1 score and decreases 
the fragmentation of labels. Second, Lab has a slightly stronger performance compared with RGB for both 
Intersection over Union (IoU) and Dice. Third, increasing k improves the IoU until it becomes too high and forth, 
changing the Mean Shift bandwidth adjusts the degree of granularity and the level of boundaries smoothness.  
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Figure 6: Comparison of Mean IoU Across Clustering Algorithms 

 
Table 5. Parameter Sensitivity Analysis 

Algorithm Parameter Setting IoU Boundary F1 

K-Means k = 3 0.38 0.50 

K-Means k = 5 0.41 0.52 

K-Means k = 8 0.43 0.51 

Mean Shift Bandwidth q = 0.1 0.50 0.62 

Mean Shift Bandwidth q = 0.2 0.48 0.60 

Spectral k = 3 0.51 0.63 

Spectral k = 5 0.54 0.66 

Spectral k = 8 0.53 0.65 

 
5.4 Statistical summary 
For all aggregated results, report as mean ± SD, and perform Statistical Analysis on Pairwise Differences (using 
either paired t-test or Wilcoxon signed-rank test) at α level 0.05 (e.g. the statistical significance of Spectral's 
improved IoU compared to Mean Shift will need to be included here). Spectral achieves better region and 
boundary scores than both Mean Shift and K-Means. While Spectral give the greatest improvement compared 
to the other methods, K-Means provides the speediest runtime. Report p-values for the major comparison tests 
in either an abbreviated table or an inline format. 
 

6. Conclusion and Future Work 
The study compared a variety of clustering-based image segmentation techniques, using the BSDS500 dataset. 
Spectral Clustering achieved the greatest degree of segmentation accuracy and adherence to the boundary. On 
the other hand, Mean Shift offered a good compromise between segmentation quality and flexibility. K-Means 
was the most computationally efficient approach. However, exhibited the least amount of boundary alignment. 
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Collectively, these findings demonstrate the inherent accuracy versus efficiency trade-off of unsupervised 
segmentation. Future efforts will be focused on the integration of deep feature representations. This improved 
scalability to accommodate higher resolution images as well as expansion to hybrid and learned approaches 
for segmentation. 
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