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Abstract: Chest X-ray segmentation is a fundamental preprocessing stage for computer-aided 

analysis of pulmonary disease, but software-only segmentation can become a bottleneck when low 

latency and embedded execution are required. This paper presents a MATLAB–VLSI co-design for 

chest X-ray image segmentation using the hybrid clustering procedure described in the supplied 

implementation. The processing chain reads a chest X-ray image in MATLAB, converts it to 

grayscale, forms a text-based numerical representation, and sends the pixel data to a hardware-

oriented hybrid clustering core. The hybrid method performs automated cluster-count selection, 

cluster-to-cluster similarity analysis, internal pixel-difference analysis, cluster merging/reduction to 

two principal regions, maximum-pixel-based region finalization, and generation of an output text 

file that is reconstructed as a segmented image in MATLAB. The design is implemented and 

evaluated using Xilinx Vivado with a Zynq-7000 target. Three sample chest X-ray images are 

reported in the source evaluation. The baseline K-means implementation produces average 

accuracy, Dice coefficient, and Jaccard index values of 70.494%, 50.8043%, and 38.8676%, 

respectively, whereas the proposed method reports 99.9959%, 99.9921%, and 99.9842%. FPGA 

results show a reduction in LUT utilization from 36 to 29 and I/O utilization from 96 to 94. The 

proposed implementation reports 21.216 W dynamic power and 0.485 W static power, compared 

with 30.326 W and 4.528 W for the baseline. These results demonstrate the potential of hybrid 

clustering combined with hardware acceleration for low-latency medical-image segmentation, 

while also highlighting the need for broader dataset validation and standardized ground-truth 

evaluation. 
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I. Introduction 

Chest radiography is among the most widely used imaging modalities for screening and diagnosis of 

thoracic disease because it is fast, relatively inexpensive, and broadly available. Segmentation of the 

lung fields and other anatomical regions is often required before quantitative analysis, computer-

aided diagnosis, disease localization, or downstream classification. In an automated workflow, 

segmentation reduces irrelevant background structures and can focus subsequent algorithms on 

clinically meaningful regions. The computational challenge becomes important when segmentation is 

expected to operate in telemedicine, portable diagnostic equipment, or real-time medical-imaging 

systems. Software implementations provide flexibility, but iterative clustering and pixel-level 
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processing can introduce latency and high computational overhead. The supplied project therefore 

investigates hardware acceleration of chest X-ray segmentation using a VLSI-oriented 

implementation. Its motivation is to transfer repetitive pixel processing from software to dedicated 

hardware, where parallel and fixed-function arithmetic can reduce delay and resource demand. 

The baseline method in the supplied implementation is K-means segmentation. K-means groups pixels 

according to intensity similarity and is attractive because of its simplicity, but its performance depends 

on the selected number of clusters and initialization, and it can be sensitive to intensity variation and 

irregular anatomical boundaries. The proposed approach replaces this fixed clustering behavior with 

a hybrid procedure that automatically selects the number of clusters, compares clusters for similarity, 

analyzes within-cluster pixel differences, reduces the segmentation to two final regions, and finalizes 

regions according to dominant pixel values. 

This paper reformulates the supplied thesis-scale implementation into a journal-style study focused 

on the algorithm–hardware co-design, the FPGA realization, and the reported segmentation and 

hardware results. The work does not introduce a new dataset beyond the three sample images 

reported in the source; instead, it documents the architecture and the measured comparison between 

the existing and proposed implementations. 

 

1.1 Main Contributions 

• A MATLAB–VLSI processing chain that converts chest X-ray pixel data into a hardware-

consumable representation and reconstructs the segmented result. 

• An adaptive hybrid clustering workflow with automated cluster-count selection, cluster similarity 

analysis, pixel-level internal analysis, cluster reduction, and region finalization. 

• An FPGA implementation targeting a Zynq-7000 device and evaluated using LUT, I/O, delay, and 

power metrics. 

• A direct comparison with the source baseline K-means method using eight segmentation metrics 

and three chest X-ray samples. 

• A consolidated discussion of the reported results, including implementation limitations and 

reporting inconsistencies that should be addressed in future validation. 

 

II. Related Work and Research Gap 

Research on chest X-ray analysis spans threshold segmentation, clustering, convolutional neural 

networks, U-Net variants, attention-based segmentation, optimization-assisted multilevel 

thresholding, and hybrid segmentation–classification frameworks. Song et al. reported spectral 

clustering for chest-disease X-ray classification and showed advantages over pure K-means in the 

studied setting [1]. Al-Zyoud et al. used threshold-based segmentation for COVID-19 chest X-ray 

analysis [2], illustrating the continued relevance of low-complexity segmentation when computational 

resources are constrained. 

Deep-learning approaches dominate recent segmentation studies. Chakraborty et al. investigated U-

Net variants for COVID-19 infection localization [3], while Wahyuningrum et al. used attention-

enhanced FCA-Net for lung segmentation [6]. Gopatoti and Vijayalakshmi optimized SegNet/U-Net-
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based semantic segmentation networks for COVID-19 [7]. Gómez et al. addressed high-resolution 

multi-organ segmentation and reported strong Dice performance without severe down-sampling [8]. 

Gite et al. studied enhanced lung segmentation and the benefit of segmentation before disease 

classification [9]. 

Other studies have combined optimization and hybrid strategies with medical-image segmentation. 

Chen et al. applied a dynamic mechanism-assisted artificial bee colony method to multithreshold 

COVID-19 X-ray segmentation [10]. Iqbal et al. coupled lung segmentation with a classification pipeline 

for tuberculosis [11]. Priya et al. used fuzzy-entropic segmentation and differential evolution [16], and 

Hao et al. investigated an enhanced fruit-fly optimizer for multithreshold segmentation [20]. These 

methods emphasize segmentation quality but can introduce substantial computational cost. 

The source project identifies a hardware-oriented research gap: segmentation methods that achieve 

high reported accuracy may be computationally intensive, whereas simple methods such as fixed K-

means can be hardware-friendly but less robust to intensity variability and non-linear structures. The 

proposed system therefore seeks a middle ground—a clustering-based method with adaptive cluster 

handling, mapped to a compact VLSI/FPGA flow rather than a large deep neural network. 

 

III. Proposed MATLAB–VLSI Hybrid-Clustering Methodology 

The proposed architecture is organized as a co-design in which MATLAB performs image acquisition, 

grayscale conversion, numerical/text representation, and final reconstruction, while the VLSI core 

executes the hybrid clustering stage. This division keeps file-format and visualization tasks in software 

and places the repetitive clustering operations in hardware. 

 

 
Figure 1: MATLAB–VLSI co-design used for the proposed chest X-ray segmentation system 

 

3.1 MATLAB Front-End and Data Conversion: A chest X-ray image is first read in MATLAB and 

converted to grayscale when required. The source document describes preprocessing for image-

quality enhancement and noise reduction before conversion of the image information into a text-

based representation. This representation serves as the interface to the VLSI implementation. 

After clustering, the hardware produces output text data, which MATLAB converts back to image 

form to obtain the segmented chest X-ray. 
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3.2 Hybrid Clustering Procedure: The source frames the proposed method as a hybrid of clustering 

concepts including K-means, hierarchical clustering, and density-oriented grouping. The 

implemented procedure itself is specified through seven sequential operations rather through a 

single named mathematical clustering algorithm. The operations are summarized below. 

 
Table 1: Hybrid clustering operations described in the supplied implementation 

Step Operation Function 

1 
Pixel acquisition and 
storage 

Read input pixel values and retain their spatial/intensity 
information in memory. 

2 
Automatic cluster-
count selection 

Adapt the number of clusters to the amount of variation 
observed in the image. 

3 
Cluster-to-cluster 
similarity analysis 

Compare clusters; merge similar or overlapping clusters 
while preserving dissimilar ones. 

4 
Internal cluster/pixel 
analysis 

Estimate pixel-to-pixel differences inside clusters to check 
homogeneity and identify distinct regions. 

5 Two-cluster generation 
Reduce the set of clusters to two principal regions suitable 
for binary segmentation. 

6 Region finalization 
Use maximum/dominant pixel values to finalize regions and 
increase separation between normal and affected areas. 

7 Output generation 
Write the segmented cluster assignments/result into an 
output text file for reconstruction in MATLAB. 

 

 
Figure 2: Hardware-oriented hybrid clustering workflow 

http://www.ijirid.in/


 

 

www.ijirid.in  

ISSN (Online): 2583-648X 

  IJIRID 
International Journal of Ingenious Research, Invention and Development 

An International, High Impact Factor, Double-Blind Peer-Reviewed, Open-Access, Multidisciplinary Online Journal 

Volume 5 | Issue 4 | August 2026 

 

Content from this work may be used under the term of the Creative Commons Attribution-Non-commercial (CC BY-NC) 4.0 licence. This 
license allows refusers to distribute, remix, adapt, and build upon the material in any medium or format for non-
commercial purposes only, and only so long as attribution is given to the creator. Any further distribution of this 
work must maintain attribution to the creators. © copyright at IJIRID. DOI: 10.5281/zenodo.22755101 55  

3.3 Interpretation of the Cluster-Reduction Logic: The adaptive cluster-count stage avoids fixing a 

single value of K for every image. When the image contains greater variation, more intermediate 

clusters can be retained; when variation is smaller, fewer clusters are required. This is intended 

to improve adaptability compared with the existing fixed K-means segmentation. 

After initial grouping, cluster-to-cluster similarity is evaluated. Similar clusters are merged so that 

redundant or overlapping regions do not persist through the complete processing path. The next 

stage examines pixel variation inside each cluster to determine whether a cluster is internally 

coherent or contains substantially different pixel values. The processing is finally reduced to two 

principal output regions. The finalization step emphasizes maximum pixel-value differences so 

that the resulting binary segmentation produces visually distinct foreground/background regions. 

The final cluster assignments are exported as text data for image reconstruction. 

 

IV. FPGA/VLSI Implementation and Experimental Setup 

4.1 Target Platform: The source implementation uses Xilinx Vivado and identifies a Zynq-7000 device 

as the target. The device attributes reported in the project setup are given in Table 2. 

 
Table 2: FPGA target used in the supplied Vivado implementation 

Attribute Reported value 

Part number xc7z007sclg400-1 

Family Zynq-7000 

Package clg400 

Speed grade -1 

Temperature grade C 

 

The hardware simulation uses 32-bit file-oriented input/output signals. The source waveform 

identifies input_file1[31:0] and input_file2[31:0] as the input data representations and 

output_file[31:0] as the resulting segmented output. The hardware report evaluates logic 

utilization, I/O utilization, setup and hold timing, and dynamic/static power. 

 

 
Figure 3: Vivado simulation of the proposed VLSI clustering implementation (source output) 
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4.2 Segmentation Evaluation Metrics: The source evaluates segmentation using accuracy, 

sensitivity, precision, F-measure, Matthews correlation coefficient (MCC), Dice coefficient, 

Jaccard index, and specificity. For a binary segmentation with true positive (TP), true negative 

(TN), false positive (FP), and false negative (FN) pixels, the commonly used forms corresponding 

to the definitions in the source are: 

 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
(𝑇𝑃 +  𝑇𝑁)

(𝑇𝑃 +  𝑇𝑁 +  𝐹𝑃 +  𝐹𝑁)
 

 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =  
𝑇𝑃

(𝑇𝑃 + 𝐹𝑁)
 

 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

(𝑇𝑃 +  𝐹𝑃)
 

 

𝐹1 (𝐹 − 𝑚𝑒𝑎𝑠𝑢𝑟𝑒) =  2 ×  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 ×  
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 +  𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦)
 

 

𝐷𝑖𝑐𝑒 =  
2𝑇𝑃

( 2𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁 )
 

 

𝐽𝑎𝑐𝑐𝑎𝑟𝑑 =  
𝑇𝑃

(𝑇𝑃 +  𝐹𝑃 +  𝐹𝑁)
 

 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =  
𝑇𝑁

(𝑇𝑁 +  𝐹𝑃)
 

 

𝑀𝐶𝐶 =
(𝑇𝑃 · 𝑇𝑁 −  𝐹𝑃 · 𝐹𝑁)

√[(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)]
 

 

The source also discusses PSNR and SSIM in the problem statement, but the final results chapter does 

not report numerical PSNR or SSIM values. Consequently, they are not included in the quantitative 

comparison presented here. 

 

V. Results and Discussion 

5.1 Qualitative Segmentation Results: The supplied evaluation contains three representative chest 

X-ray images. The existing K-means method shows large variations in the segmented lung regions, 

including missing boundaries and substantial non-lung areas. The proposed outputs show cleaner 

two-region lung masks for all three samples. Figure 4 consolidates the source result images for 

direct visual comparison. 
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Figure 4: Existing K-means and proposed hybrid-clustering segmentation results  

for the three source samples. 

 

5.2 Quantitative Segmentation Performance: 

 
Table 3: Existing K-means segmentation results reported for the three samples 

Metric Sample 1 Sample 2 Sample 3 Average 

Accuracy 65.9288 81.3772 64.176 70.494 

Sensitivity 10.1212 76.38 47.7671 44.7561 

F-measure 15.2004 83.4751 53.7376 50.8043 

Precision 30.513 92.0234 61.4138 61.3167 

MCC 0.24863 63.9945 25.7778 30.0069 

Dice 15.2004 83.4751 53.7376 50.8043 

Jaccard 8.2254 71.6371 36.7405 38.8676 

Specificity 90.0413 89.3874 76.8391 85.4226 

 

Table 4: Proposed hybrid-clustering segmentation results reported for the three samples 

Metric Sample 1 Sample 2 Sample 3 Average 

Accuracy 99.9939 99.9985 99.9954 99.9959 

Sensitivity 100 100 99.9895 99.9965 

F-measure 99.9868 99.9974 99.9921 99.9921 

Precision 99.9735 99.9948 99.9948 99.9877 

MCC 99.9828 99.9963 99.9889 99.9893 
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Dice 99.9868 99.9974 99.9921 99.9921 

Jaccard 99.9735 99.9948 99.9843 99.9842 

Specificity 99.9921 99.9978 99.9978 99.9959 

 

The average values show a large separation between the baseline and proposed 

implementations. Average accuracy increases from 70.494% to 99.9959%, sensitivity from 

44.7561% to 99.9965%, Dice coefficient from 50.8043% to 99.9921%, and Jaccard index from 

38.8676% to 99.9842%. The MCC also rises from 30.0069% to 99.9893%. Within the supplied 

three-sample experiment, the proposed outputs are therefore highly consistent across the 

reported pixel-level metrics. 

 

 
Figure 5: Average segmentation metrics reported for the existing and proposed methods 

 

Table 5: Average MATLAB segmentation comparison reproduced from the source results 

Metric Existing Method Proposed Method 

Accuracy 70.494 99.9959 

Sensitivity 44.7561 99.9965 

F-measure 50.8043 99.9921 

Precision 61.3167 99.9877 

MCC 30.0069 99.9893 

Dice 50.8043 99.9921 

Jaccard 38.8676 99.9842 

Specificity 85.4226 99.9959 
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5.3 FPGA Resource, Power, and Timing Results: The proposed synthesis report uses 29 LUTs out of 

32,600 available LUTs (0.09%) and 94 I/O resources out of 150 (62.67%). The source reports 

21.216 W of dynamic power, including 1.178 W signal power, 0.109 W logic power, and 19.929 

W I/O power, together with 0.485 W static power. The proposed setup report lists 10.709 ns total 

delay, 4.761 ns logic delay, and 5.947 ns net delay; the proposed hold report lists 3.748 ns total 

delay, 1.534 ns logic delay, and 2.214 ns net delay. 

 
Table 6: VLSI/FPGA performance comparison as tabulated in the source document 

Hardware Metric Existing Method Proposed Method 

LUT 36 29 

I/O 96 94 

Setup logic delay (ns) 15.678 4.761 

Setup net delay (ns) 16.867 5.947 

Setup total delay (ns) 23.897 10.709 

Hold logic delay (ns) 3.457 1.534 

Hold net delay (ns) 4.576 2.214 

Hold total delay (ns) 6.899 3.748 

Dynamic power (W) 30.326 21.216 

Static power (W) 4.528 0.485 

 

Using the tabulated total-delay values, the proposed design reduces LUT use by 19.44%, I/O use 

by 2.08%, setup total delay by approximately 55.18%, hold total delay by 45.67%, dynamic power 

by 30.04%, and static power by 89.29%. These reductions indicate that the hybrid-clustering 

implementation is not only more accurate in the reported MATLAB evaluation but also more 

compact and power-efficient in the reported FPGA comparison. 

 

 
Figure 6: Hardware-efficiency reduction calculated from the source table values 
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Figure 7: Vivado power report for the proposed implementation (source output) 

 

5.4 Discussion: The most important algorithmic difference from the baseline is the adaptive 

treatment of cluster structure. Fixed K-means can force every image into a predetermined 

number of intensity groups even when the amount of image variation changes substantially. In 

the proposed procedure, the number of clusters can vary initially, and similarity-based merging 

reduces redundant groups before the final binary segmentation. This mechanism is consistent 

with the cleaner lung masks visible in the three supplied samples. 

The hardware results suggest that the adaptive algorithm does not necessarily require a larger 

FPGA footprint in the reported implementation. The LUT count falls from 36 to 29, while the 

reported dynamic and static power also decrease. The largest power component of the proposed 

report is I/O power (19.929 W), indicating that data movement and interface activity dominate 

the estimated dynamic power. Future implementations should therefore consider more compact 

streaming or on-chip memory interfaces if system-level energy is a priority. 

The segmentation metrics reported by the source are exceptionally high for the three proposed 

samples, with all averages above 99.98%. These values demonstrate strong consistency within 

the supplied evaluation, but the source does not identify a named dataset, the number of 

independently annotated ground-truth masks beyond the three examples, or a cross-validation 

protocol. Consequently, the reported values should be interpreted as implementation-level 

results for the supplied samples rather than as a population-level clinical performance estimate. 

 

Reporting note: the narrative text accompanying Table 7.7 in the source describes the existing 

setup total delay as 15.678 ns, while the table itself lists the setup entries as 15.678 ns logic delay, 

16.867 ns net delay, and 23.897 ns total delay. This paper reproduces the tabulated values and 

explicitly retains this source-level discrepancy rather than silently reconciling it. 
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VI. Applications, Limitations, and Future Scope 

6.1 Potential Applications 

• Real-time lung-field segmentation before computer-aided chest-disease analysis. 

• Portable or point-of-care imaging systems where dedicated FPGA logic can reduce software 

workload. 

• Telemedicine and remote healthcare platforms requiring rapid preprocessing before image 

transmission or diagnosis. 

• Preprocessing for pneumonia, COVID-19, tuberculosis, lung-cancer, and other thoracic 

disease analysis, subject to task-specific clinical validation. 

• Hardware-accelerated preprocessing stages for larger AI pipelines in which segmentation is 

performed before classification. 

 

6.2 Current Limitations 

• The source evaluation reports only three representative chest X-ray samples and does not 

specify a named benchmark dataset or a complete ground-truth annotation protocol. 

• The exact mathematical rule used for automated cluster-count selection and the threshold 

used for cluster similarity merging are not specified in the source; therefore, the architecture 

is reproducible at the functional-flow level but not fully parameterized from the document. 

• PSNR and SSIM are discussed as image-quality considerations in the source but are not 

reported numerically in the final results. 

• The power values are Vivado estimates and depend on activity assumptions, device 

configuration, clocking, and I/O behavior; they should not be treated as direct board-level 

measurements unless independently verified. 

• Clinical usefulness requires validation on substantially larger and heterogeneous datasets 

before deployment. 

 
6.3 Future Work 

• Optimize cluster similarity and pixel-difference blocks for deeper parallelism and streaming 

image input. 

• Reduce I/O-dominated power through on-chip buffering, data-width optimization, clock 

gating, and more efficient memory interfaces. 

• Validate the hybrid method on public chest X-ray segmentation datasets with expert ground-

truth masks and standardized train/test protocols. 

• Integrate lightweight CNN or U-Net features with the hybrid clustering core while retaining 

FPGA-friendly complexity. 

• Extend the method to CT and MRI segmentation and study domain adaptation across 

acquisition devices. 

• Investigate privacy-preserving and secure medical-image processing for telemedicine 

deployments. 
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VII. Conclusion 

A VLSI-accelerated chest X-ray segmentation system based on adaptive hybrid clustering has been 

presented from the supplied implementation. The design divides the processing between MATLAB 

and a hardware clustering core: MATLAB performs image acquisition, grayscale conversion, data 

representation, and reconstruction, while the VLSI stage performs automated cluster-count selection, 

similarity-based cluster analysis, internal pixel-difference analysis, cluster reduction, and region 

finalization. The reported three-image evaluation shows a substantial improvement over the existing 

K-means method, with average accuracy increasing from 70.494% to 99.9959%, Dice from 50.8043% 

to 99.9921%, and Jaccard from 38.8676% to 99.9842%. The source FPGA comparison also reports 

lower LUT use, lower delay, and lower dynamic/static power for the proposed design. These results 

support the feasibility of a hardware-oriented clustering pipeline for rapid chest X-ray segmentation. 

Broader dataset validation, explicit specification of adaptive clustering thresholds, and power-

optimized streaming interfaces are the main next steps needed to move the design from a proof-of-

concept implementation toward a reproducible clinical-grade accelerator. 
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