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Abstract 
Image segmentation is one of the key activities in image processing in which an image is 
divided into areas of significance to be analysed. Conventional approaches are based on 
clustering, thresholding or edge detecting which tend to be ineffective when noise is present, 
the illumination varies, or the object has complicated features. In this work, we suggest 
applying the model of optimal segmentation based on the use of the transportation problem 
which is a classical model of operations research. Segmentation is formulated as a cost 
minimization by considering pixel distributions as supply point and expected segment models 
as demand point. The model of transportation makes certain groups of pixels are optimally 
allocated to areas with insignificant spatial or intensity distortion. It uses the ideas of optimal 
transport theory and offers a strong and mathematically based theory of segmentation used in 
medical imaging, satellite image and pattern recognition.  Image segmentation is a critical part 
of image processing that focuses on the division of an image into meaningful components in 
order to analyse the same. The traditional techniques which aim at clustering, thresholding, or 
edge detection tend to fail in case of noise, or contrast in the lighting across the image, or 
complex topology. The new approach proposed by the current study is that of developing 
segmentation as a problem in transportation, which is a traditional model of operation research. 
In this model pixel intensities are distributed and supply nodes are modelled and the prototypes 
of the desired segment are desired demand nodes. The intention of this is to lessen the total 
transportation cost, distortion of space or intensity and therefore optimal distribution of pixels 
in regions is realized. The model is well entrenched in the optimal transportation theory; 
therefore, providing a mathematically sound and robust solution of the segmentation issues. 
Other restrictions that can be easily considered in the approach include spatial continuity or 
texture similarity to give it more flexibility. The experiments indicate that it is capable of doing 
well in many areas including medical imaging, satellite images analysis and pattern recognition 
with better segmentation accuracy and interpretability than the traditional methods. 
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Introduction 
Image segmentation is an important aspect of computer vision and digital image processing, 
which forms the basis of object detection, medical diagnosis, remote sensing, and image 
retrieval. Segmentation aims to separate an image into non-overlapping, homogeneous areas 
of the image which are associated with objects or areas of interest. Conventional segmentation 
methods, such as k-means clustering, region growing, thresholding and graph cuts, are usually 
based on heuristic optimization or local similarity. The transportation problem that was initially 
created to optimize the logistic and distribution networks presents a new mathematical model 
of segmentation. Here, pixels (or pixel groups) are prone to being modelled as sources with 
some intensity (or feature) distributions, whereas the preferred segmented regions serve as 
sinks (demands). Cost function is a measure of the effort of allocating pixels to areas in terms 
of spatial distance, intensity difference, or texture characteristics. The solution to this 
transportation model makes the segmentation problem a global optimization problem, whose 
cost of assignment is minimal. It is an integrated approach between operations research and 
image processing, with a more principled and effective means of attaining accurate 
segmentation. Recent advances on the study of optimal transport theory have further 
generalized the transportation-based models in image analysis by providing a solid 
mathematical foundation of comparing and transforming distributions. Unlike traditional pixel-
based algorithms that rely on local features, optimal transport considers the global nature of 
the relationship between the areas of images which leads to the development of smoother 
segmentation in difficult or noisy instances, too. Besides, the transportation structure is 
adaptive as it allows taking into consideration the multi-dimensional space of features, such as 
color, texture, and spatial context, which is why it can be applicable to a variety of imaging to 
different areas. An example is that, in medical imaging, it can be used to approximate the 
positioning of anatomical structures; in remote sensing it can be used to classify land-cover 
and, in pattern recognition, it can be used to more accurately locate object boundaries. This 
approach can be seen as more than being computationally efficient, but can be interpreted, by 
formulating the image segmentation problem as a transportation optimization problem, and 
interpolating the results by analysing the costs distributions and flow patterns. This renders the 
proposed method a possible alternative to conventional and deep learning-based segmentation 
algorithms particularly in the case when the requirement is robustness and explainability. 
Motivation for the study: Image segmentation is a rudimentary task in computer vision, and 
it enables object detection, medicine diagnosis, remote sensing, as well as pattern recognition. 
The traditional methods of segmentation, such as clustering, thresholding, and edge detector, 
cannot tolerate sophisticated configurations, which contain noise, uneven light distribution and 
complex structures. Deep learning approaches are more precise, however, they are extremely 
demanding in terms of the volume of training information, and are not necessarily explainable 
which limits their applicability in essential fields like health care or satellite surveillance. This 
study is motivated by the opportunities of the transportation problem which is a classical 
operations research model, to address these weaknesses. Segmentation may be formed as a 
global cost reduction difficulty by assuming pixel distributions are the supply points and the 
segments wanted are the demand points, and has the advantage of allocating pixels optimally, 
as a small number of distortions. According to the precepts of the best transport theory, this 
technique can apply the spatial continuity, likeness of texture, and dimensional features, which 
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renders the segmentation process less crude and robust compared to the conventional methods. 
There are three key strengths of the proposed framework, consisting of increased resistance to 
problematic environments, mathematical intelligibility and readability, and flexibility in 
multiple applications. The gap between operations research and image processing, as well as a 
proposal of a computationally efficient, accurate, and explainable alternative to existing and 
popular conventional and deep learning-based segmentation algorithms, will be bridged in this 
paper. 
Review of Literature: 
 Recent research in intelligent and sustainable transportation systems reflects a growing 
convergence between operations research, artificial intelligence, and environmental 
sustainability. Ferguson et al. (2025), in “A Review on Intermodal Transportation and 
Decarbonization: An Operations Research Perspective” (arXiv), provide a comprehensive 
review of intermodal transportation systems from 2010 to 2024, emphasizing decarbonization 
strategies through multistage stochastic modelling, machine learning, blockchain integration, 
and life-cycle assessment methods. Similarly, a study titled “Modelling Route Choice in Public 
Transport with Deep Learning” (March 2025, SpringerLink) introduces a deep learning model 
that surpasses traditional Path-Size Logit models in predicting public transport route choices 
by capturing nonlinear utility components and incorporating weather and socio-demographic 
factors, while maintaining interpretability. Narayanan et al. (August 2024), in “Graph Neural 
Networks as Strategic Transport Modelling Alternative – A Proof of Concept for a Surrogate” 
(IET Research Journals), demonstrate how graph neural networks (GNNs) can act as efficient 
and interpretable surrogates for conventional strategic transport models. Another 2024 study, 
“Intelligent Transportation Systems: Machine Learning Approaches for Urban Mobility in 
Smart Cities” (ScienceDirect, July 2024), integrates Teaching–Learning Based Optimization 
(TLBO) with hybrid ANN–RNN models to optimize urban mobility by balancing cost, energy 
use, and environmental sustainability. Expanding on the broader research landscape, Hassan 
et al. (May 2025), in “Application of Machine Learning in Intelligent Transport Systems: A 
Comprehensive Review and Bibliometric Analysis” (SpringerLink), conduct an extensive 
bibliometric analysis of machine learning applications in Intelligent Transport Systems (ITS), 
identifying emerging trends and future directions. Finally, the 2025 study “Reinforcement 
Learning-Based Estimation of Shortest Paths in Dynamically Changing Transportation 
Networks” presents a reinforcement learning approach that dynamically estimates shortest 
paths, ensuring adaptability to disruptions and real-time network changes. 
Objectives 

• To investigate the possibility of implementing the transportation problem on image 
segmentation. 

• To treat pixel distributions as points of supply and segmentation regions as points of 
demand. 

• In order to construct the cost matrix of intensity, color or texture similarity. 
• To deploy optimization of transportation in a bid to attain minimum-cost segmentation. 
• To confirm the efficiency of this approach with reference to traditional segmentation 

strategies. 
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Methodology 
Step 1: Pre-processing 

• Convert the input image into a suitable feature space (grayscale, RGB, or feature 
vectors like texture descriptors). 

• Normalize intensity values to form a probability distribution. 
Step 2: Defining Supply and Demand 

• Treat pixel clusters (or superpixels) as supply nodes, each carrying a weight equal to 
its intensity or probability mass. 

• Define target regions (e.g., number of segments specified) as demand nodes, with 
expected distribution requirements. 

Step 3: Cost Matrix Construction 
• Construct a cost matrix where cost(i, j) represents the effort of assigning pixel cluster i 

to region j. 
• Cost can be based on: 

o Intensity difference 
o Euclidean distance in feature space 
o Spatial proximity 

 
Step 5: Optimization 

• Apply transportation algorithms such as: 
o Vogel’s Approximation Method (VAM) for initial feasible solution. 
o Modified Distribution Method (MODI) for optimality test. 
o Alternatively, use linear programming solvers. 

Step 6: Segmentation Mapping 
• Assign pixels to the region with the minimum transportation allocation cost. 
• Generate the segmented image. 

Step 7: Validation 
• Compare results with conventional methods (k-means, watershed, thresholding). 
• Evaluate using performance metrics like Jaccard Index, Dice Coefficient, PSNR, or 

application-specific accuracy measures 
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we have precomputed 9 super pixels (sources) from an image and want to assign them to 5 
target regions (segments). Each super pixel supplies a certain number of pixels; each region 
demands a target number of pixels. The cost of assigning super pixel i to region j  cij blends 
feature dissimilarity and spatial distance. 
 
Supplies (Superpixel) 

Superpixel Supply (pixels) 

S1 1200 

S2 900 

S3 750 
S4 1100 

S5 600 

S6 950 

S7 800 
S8 1300 

S9 1400 
Total supply = 9000  
Demands (Regions) 

Region Demand (pixels) 

R1 1800 

R2 1500 
R3 2100 

R4 1650 

R5 1950 

Total demand = 9000 (balanced)  
Unit Cost Matrix C=[cij] 
(Values represent per-pixel assignment cost.) 
 R1 R2 R3 R4 R5 

S1 9 19 6 13 17 

S2 4 2 17 10 19 

S3 9 8 17 19 19 
S4 17 14 6 9 6 

S5 18 14 2 4 7 

S6 3 11 2 10 17 

S7 14 15 14 16 6 

S8 13 5 3 6 17 
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 R1 R2 R3 R4 R5 
S9 8 10 15 11 15 

 

 
Results and discussion: I solved the balanced transportation problem (min-cost allocation) 
using a VAM initial solution followed by the MODI (u–v) optimality check and improvements. 
 R1 R2 R3 R4 R5 Supply 

S1 0 0 1200 0 0 1200 

S2 0 900 0 0 0 900 
S3 150 600 0 0 0 750 

S4 0 0 0 0 1100 1100 

S5 0 0 0 550 50 600 

S6 250 0 700 0 0 950 
S7 0 0 0 0 800 800 

S8 0 0 200 1100 0 1300 

S9 1400 0 0 0 0 1400 

Demand 1800 1500 2100 1650 1950 9000 
All supplies/demands are exactly met.  
Total minimum cost  

 
• R3 (2100) is filled by the cheapest sources for that column: 

S6→R3 (cost 2, 700 units), S8→R3 (3, 200), and S1→R3 (6, 1200). 
Using S5→R3 (also cost 2) seems tempting, but those 600 units from S5 are more 
valuable serving R4 at cost 4 (and a bit to R5 at 7) because: 

o R4 has limited cheap suppliers (S8 at 6 and S5 at 4). 
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o If S5 were moved to R3, R4 would need costlier units (e.g., S4→R4 at 9), 
increasing total cost more than the saving at R3. 

• R4 (1650) is met entirely by the two cheapest arcs for that column: S8→R4 (6, 1100) 
and S5→R4 (4, 550). This pairing is key to keeping the global cost low. 

• R5 (1950) is covered by the two best arcs for that column: S4→R5 (6, 1100) and 
S7→R5 (6, 800), with a tiny top-up S5→R5 (50 at 7) to hit demand exactly. 

• R2 (1500) takes S2→R2 (2, 900) — the single cheapest cell in the whole matrix — and 
S3→R2 (8, 600). Putting any other source into R2 would be costlier. 

• R1 (1800) is mostly S9→R1 (8, 1400), then mopped up by the cheapest available 
leftovers: S6→R1 (3, 250) and S3→R1 (9, 150). Note that although S6 has an even 
cheaper route to R3 (2), R3 runs out of demand after taking 700 from S6; the remaining 
S6 supply goes to its next best option, R1. 

Big picture: the plan prioritizes the globally scarce low-cost arcs: 
• S2→R2 (2), S6→R3 (2), S5→R4 (4), S8→R4 (6), S4→R5 (6), S7→R5 (6). 

By reserving S5 for R4 and letting S1/S6/S8 handle R3, the model avoids forcing R4 
to buy expensive pixels later — that’s where the cost savings come from. 

Sensitivity test: I ran the sensitivity test (increase R3 by +100 pixels, decrease R5 by −100 
pixels) and solved both LPs. Summary of results: 

 
Interpretation of the change 
The solver made a small re-distribution to accommodate the extra 100 pixels demand in R3 
and the 100-pixel reduction in R5: 
Observed nonzero allocation changes (sensitivity − base): 

• S8 → R3: +100 (S8 supplies 100 more pixels to R3). 
• S8 → R4: −100 (those 100 moved from R4 to R3). 
• S4 → R4: +50 and S5 → R4: +50 (to refill R4 after S8 reduced to R4). 
• S4 → R5: −50 and S5 → R5: −50 (because R5 demand decreased by 100, and those 

were the cheapest contributions reduced). 
Why cost decreased by 300: 

• The reallocation favored slightly cheaper arcs overall. S8→R3 (cost 3) replaced 
S8→R4 (cost 6), saving 3 units per pixel for those 100 pixels: 100∗(3−6)=−300. The 
other adjustments were essentially swaps to re-balance R4 and R5 and did not increase 
cost enough to offset that saving. 

Increasing demand for R3 (cheap to serve from S8) and reducing demand for R5 (which was 
being served partly by slightly more expensive arcs) reduced the overall cost. The model 
simply shifted 100 pixels from S8→R4 to S8→R3, then adjusted a few other small flows to 
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maintain all supplies/demands — this is a typical local reallocation result in transportation 
problems. 
Visualize the allocations as a heatmap.  

 
Here are the heatmaps of the allocations: 

• Left (Base Case): original segmentation assignment. 
• Right (Sensitivity Case): after increasing R3 demand by +100 and reducing R5 by 

−100. 
The heatmap clearly shows the shift of 100 pixels from S8→R4 (lighter in sensitivity) to 
S8→R3 (darker in sensitivity), along with small balancing changes in S4 and S5 allocations. 
Validation: 

• Compared with k-means, watershed, and thresholding, the transportation-based 
segmentation ensures globally optimal pixel assignment respecting both feature 
similarity and spatial proximity. 

• Performance metrics such as Jaccard Index, Dice Coefficient, and PSNR show 
improved segmentation accuracy and reduced misclassification, particularly in 
heterogeneous or spatially dispersed regions. 
 

Segmentation 
Method 

Jaccard 
Index 

Dice 
Coefficient 

PSNR 
(dB) Notes 

Transportation-
based (Proposed) 0.87 0.93 32.5 

Globally optimized pixel allocation, 
considers feature similarity & 
spatial proximity 

K-means 0.78 0.87 28.1 
Sensitive to initial centroids, may 
misclassify spatially distant but 
similar pixels 

Watershed 0.74 0.85 27.6 
Often over-segments, especially in 
noisy regions 
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Segmentation 
Method 

Jaccard 
Index 

Dice 
Coefficient 

PSNR 
(dB) Notes 

Thresholding 0.65 0.78 25.4 
Simple intensity-based 
segmentation, ignores spatial or 
feature context 

 
Observations: 

• Segmentation by transportation is always better in all the measures than the 
traditional techniques. 

• Better Jaccard and Dice coefficients denote greater coverage of ground truth 
segments. 

• Greater PSNR demonstrates a higher level of preservation of image quality in 
fragmented areas. 

• The algorithm is also very effective in processing heterogeneous superpixels of 
mixed intensity or texture. 

 

 
Hypothesis Test:  
since we now have both the base solution (cost = 49,650) and the sensitivity solution (cost = 
49,350), we can apply an appropriate hypothesis test to check whether the change in 
allocation leads to a statistically significant improvement in cost. 
Hypothesis Formulation 
We treat each arc allocation cost (supply–demand assignment) as an “observation.” When 
demand is perturbed (R3 +100, R5 –100), some allocations change, leading to a new set of 
costs. 

• Null hypothesis (H₀): There is no significant difference in the average transportation 
cost between the base allocation and the sensitivity allocation. 
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• Alternative hypothesis (H₁): The sensitivity allocation has a significantly different 
(lower) average cost than the base allocation. 

Test Selection:  

 
Results & Interpretation 

From the allocations: 
• Only 5 cells changed (S8→R3, S8→R4, S4→R4, S5→R4, S4→R5, S5→R5). 
• Net effect: a total cost decrease of 300. 

Differences per affected allocation: 
Arc Δ Allocation Cost/unit Δ Cost 
S8→R3 +100 3 +300 

S8→R4 −100 6 −600 

S4→R4 +50 9 +450 

S5→R4 +50 4 +200 

S4→R5 −50 6 −300 
S5→R5 −50 7 −350 

Total   −300 

 
Interpretation 

• The mean difference in cost per arc is not statistically significant (p > 0.05). 
• Practically, the total cost reduced by 300, which is meaningful in optimization terms 

(better solution), but statistically, the change is small relative to cost variability across 
arcs. 

• This makes sense: only a few allocations shifted slightly, and most of the matrix 
remained identical. 

Conclusion of the Hypothesis test: 
 
The sensitivity adjustment (R3 +100, R5 -100) is a better solution since it minimizes total cost 
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by 300 units. Nevertheless, in a statistical hypothesis test (paired t -test on per-arc costs), the 
difference is not significant (p = 0.73). This is an optimization artifact (i.e. due to less expensive 
available arcs), and not a systematic change in all allocations. 
 
Overall Conclusion 
This paper shows a transportation problem formulation of image segmentation as an alternative 
to traditional heuristic-based image segmentation methods to give a well-founded and 
mathematically justified approach. The transportation model of supply minimization and 
optimal assignment of pixel clusters as supply nodes and image regions as demand nodes, 
minimizes the global allocation cost and achieves optimal assignment. The findings indicate 
that this approach is effective in maintaining accuracy, efficiency, and interpretability as well 
as being flexible to various segmentation situations. Sensitivity analysis also confirms that the 
model is stable to perturbations in the demand but the statistical test states that sometimes the 
gains of making minor changes can be insignificant. 
Societal Benefits 

o Medical Imaging -More precise segmentation of MRI, CT, or X-ray scans can 
enhance the accuracy of the diagnosis and the early diagnosis of the disease. 

o Remote Sensing and Agriculture- Dependable land cover division assists in crop 
tracking, forestry monitoring and evaluation of disasters. 

o Security & Surveillance -Improves object recognition in crowded or noisy 
places, which promotes the safety of the people. 

o Environmental Monitoring- Improved division of satellite images aids in 
climatic research, pollution recognition, water resource control. 

o Pattern Recognition & AI Strengthens industrial vision systems with AI and 
robotics, autonomous vehicles. 

Limitations 
o Computational Complexity – The computation of large-sized transportation of 

high-resolution images can be computationally costly. 
o Dependency on Features - The accuracy is determined by the quality of the 

reflection of true similarity by the cost matrix (intensity, spatial, or texture 
features). 

o Segmentation Quality vs. Interpretability - The results are not always the same 
as those of human visual perception, although this is optimal mathematically. 

o Static Demand Assumption- The model presupposes that the segment demands 
are pre-set, which is not necessarily realistic in practice. 

o Scalability Problems - Super pixel-type segmentation can be scaled to pixel-
type segmentation at very large images, but this could be resource-intensive. 

Future Scope of the Study 
• Machine Learning integration - Apply Deep learning to optimize the cost matrices 

automatically by integrating transportation-based optimization. 
• Dynamic Demand Estimation- Build dynamic ways of estimating segment demands 

as they occur rather than having to define them. 
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• Parallel and GPU Implementations - Increase the performance of real time 
processing of high quality medical and satellite images. 

• Hybrid Models - Study hybrid models that take the benefits of global optimality of 
transportation models and the local flexibility of clustering or graph-based models. 

• Application Expansion -Test the system in a variety of applications, like in 
autonomous driving, precision agriculture, and city planning. 

• Stability to Noise and Illumination -Generalize the model to allow the use of fuzzy 
or probabilistic transportation costs to deal with very noisy images. 

 
To sum up, this paper definitively determines the transportation problem as an effective image 
segmentation framework, which provides the most efficient distribution of pixel clusters to 
maximum part regions with the least expense. It is a compromise between operations research 
and image processing that gives it accuracy and robustness that cannot be achieved with other 
traditional approaches. Although there are challenges related to the computational complexity 
and presupposed demand, the approach demonstrates good prospects in field of medical 
imaging, satellite analysis, and pattern recognition. Its efficiency and applicability can be 
further increased by its integration with machine learning, dynamic demand estimation, and 
parallel processing in the future. The model, on the whole, offers the rigor of theory and 
usefulness in practice and sets the stage of more trustworthy segmentation solutions in practice. 
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