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Abstract: 
Larvae image segmentation is a crucial task in various biological and 

ecological studies, as it facilitates the monitoring and analysis of larval 

populations and their habitats. The global image analysis market is 

projected to reach approximately $28.8 billion by 2026, reflecting the 

increasing importance of image processing technologies across various 

fields. However, traditional threshold- based segmentation methods often 

face challenges such as sensitivity to lighting conditions and noise, 

leading to inaccurate segmentation results and difficulties in 

distinguishing between larvae and background noise. This work proposes 

a novel approach to larvae image segmentation using ensemble clustering 

techniques, which combine multiple clustering algorithms to improve 

segmentation accuracy and robustness. The proposed method effectively 

integrates various clustering strategies to adaptively identify and segment 

larvae images under varying conditions, thereby overcoming the 

limitations associated with threshold-based methods. By leveraging the 

strengths of different algorithms, the ensemble clustering approach 

enhances the overall performance of the segmentation process, providing 

more accurate and reliable results. Advantages of this method include 

improved segmentation quality, robustness to noise and illumination 

variations, enhanced adaptability to different image types, and the 

potential for real-time processing in a VLSI implementation. 

 
Keywords: Image Segmentation, Clustering, Ensemble Clustering, 

Illumination, Threshold-based segmentation. 

 

1. INTRODUCTION 

 

The application of VLSI (Very-Large-Scale Integration) technology in 

image processing has revolutionized the field, enabling complex 

algorithms to be implemented efficiently on a single chip. With the rapid 

advancements in image processing and analysis, VLSI design plays a 

pivotal role in enhancing the performance and efficiency of various 

imaging applications, including medical diagnostics, surveillance, and 

biological research. The larvae image segmentation task, specifically, 

requires high-speed processing and precision, which was significantly 

improved through dedicated VLSI designs. As the demand for faster and 

more accurate image processing systemscontinues to grow, the 

integration of VLSI technology becomes essential in developing effective 

solutions.The significance of larvae image segmentation in biological 

research cannot be overstated. Accurate segmentation is vital for the 

analysis of larval morphology, behavior, and population dynamics, 

which are crucial for ecological studies and environmental monitoring. 

The current market trends indicate a growing emphasis on automated 

image analysis tools, with an expected compound annual growth rate 

(CAGR) of 7.8% in theimage processing market from 2021 to 2026. By 

implementing VLSI technology in larvae image segmentation,researchers 

was benefit from enhanced processing capabilities, facilitating real-time 

analysis and improving the efficiency of biological studies.To address the 

challenge of efficiently 

and accurately segmenting larvae specimens in images using 

hardware-accelerated clustering algorithms. Specifically, the research 

aims to develop a hardware-based solution capable of automatically 

identifying and delineating larvae regions within images while 

optimizing resource utilization and achieving real-time performance. 

This involves designing and implementing VLSI-based clustering 

algorithms tailored for image segmentation tasks, optimizing 

hardware resources to accommodate diverse larvae species and 

environmental conditions, and evaluating the segmentation accuracy 

and efficiency against existing methods. The ultimate goal is to 

provide a scalable, energy-efficient, and robust solution with 

applications in biological research, environmental monitoring, and 

agricultural pest management. 

2. LITERATURE SURVEY 
Nguyen, et. Al [1] developed whiteleg shrimp segmentation, which 

needed for the highest proportion in the shrimp export of Vietnam. Yet, in 

hatcheries, shrimp larvae quantity is still estimated manually. Several 

approaches were proposed to address this issue but overlapping problem 

reduced accuracy significantly. In this paper, this problem is addressed 

by implementing two-phase Mask R-CNN based instance segmentation to 

segment shrimp larvae for counting purpose. Compared to one-phase 

Mask R-CNN, the accuracy of counting by applying two-phase Mask R-

CNN increased by a maximum margin of 16.1%. 

A. Delgado ,et.Al[2] conducted a joint research project with the goal to 

automate the breeding of Tenebrio molitor as a novel protein source. An 

important task is to monitor the size of larvae in order to control the 

rearing process. In this work, a suitable algorithm is presented to measure 

the size distribution of the population. It was a combination of classical 

image processing functions and a neural net to enhance the dataset for a 

more reliable result. The output was used to determine the most efficient 

time for harvesting. First, a grayscale picture of the insects in one box is 

taken and binarised by a threshold algorithm. The connected objects in 

this image are separated by an irregular watershed algorithm that delivers 

separate segments of larvae. Not all single segments was used for 

measuring the size distribution; therefore, an artificial neural network is 

used for a classification. In the end, the algorithm separates the segments 

given by the watershed and categorises them into four categories: good 

segments, medium segments, bad segments, and artefacts. The good 

segments have a recall rate of 91.4%. In the end, the identified segments 

was used to establishd a method for determined the size distribution and, 

thus, to document the growth of the larvae. 

Emlyn Davies,et.Al[3] was developed community structure are related to 

the hydrothermal and vegetation growth conditions of agricultural pests 

around the world. To cognize how locust distribution density and 

community structure are related to the hydrothermal and vegetation 

growth conditions of their habitats and thereby providing rapid and 

accurate warning of locust invasions, it was important to develop efficient 

and accurate techniques for acquiring locust information. In this paper, by 

analyzing the differences between the morphological features of Locusta 

migratoria manilensis and Oedaleus decorus asiaticus, we proposed a 

semi- 
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automatic locust species and instar information detection model based on 

locust image segmentation, locust feature variable extraction and support 

vector machine (SVM) classification 

Nguyen ,et.Al[4] Whiteleg shrimp accounts for the highest proportion in the 

shrimp export of Vietnam. Yet, in hatcheries, shrimp larvae quantity is still 
estimated manually. Several approaches were proposed to address this issue 

but overlapping problem reduced accuracy significantly. In this paper, this 

problem is addressed by implementing two-phase Mask R-CNN based 
instance segmentation to segment shrimp larvae for counting purpose. 

Compared to one- phase Mask R-CNN, the accuracy of counting by applying 

two-phase Mask R-CNN increased by a maximum margin of 16.1%. 

Guiying Yu, et.Al[5].As the main objects, imagoes have been researched in 
quarantine pest recognition in these days. However, pests in their larval stage 

are latent, and the larvae spread abroad much easily with the circulation of 

agricultural and forest products. It is presented in this paper that, as the new 
research objects, larvae are recognized by means of machine vision, image 

processing and pattern recognition. More visional information is reserved and 

the recognition rate is improved as color image segmentation is applied to 
images of larvae. Along with the characteristics of affine invariance, 

perspective invariance and brightness invariance, scale invariant feature 

transform (SIFT) is adopted for the feature extraction. The neural network 
algorithm is utilized for pattern recognition, and the automatic identification 

of larvae images is successfully achieved with satisfactory results. 

WNA Wan Muhammad, et.Al[6].This paper presents the use of computer 
technology based on image processing techniques to count the number of fish 

larvae with less time processing. Computer technology used is as an 

alternative solution to the manual counting approach method in term of 
determination fish larvae survival rate, stock assessment and monitoring fish 

growth population. Generally, the fish larvae counting is performed with 

sequential process with laborintensive task which difficult to be used for 
counting large sample dataset. Traditional counting method has been used for 

many years, however many researchers highlighted several drawbacks of the 

manual counting process such as time consuming, laborious, required human 
skills-eyes, less-accurate, less consistent, difficult of estimate with many large 

sample and too many involve with human intervention. 

Fuad ,et.Al[7].Aedes aegypti mosquitoes are a small slender fly insect that 

spreads the arbovirus from flavivirus vector through its sucking blood. An 

early detection of this species is very important because once these species 
turn into adult mosquitoes a population control becomes more complicated. 

Things become worse when difficult access places like water storage tank 

becomes one of the breeding favorite places for Aedes aegypti mosquitoes. 
Therefore, there is a need to help the field operator during the routine 

inspection for an automated identification and detection of Aedes aegypti 

larvae, especially at difficult access places. This paper reviews different 
methodologies that have been used by various researchers in identifying and 

counting Aedes aegypti 

GAO,et.Al[8].To achieve accurate pest monitoring, the author proposes an 

optimized instance segmentation method based on the Swin Transformer to 
effectively solve the difficulty in image recognition and segmentation of 

multi-larval individuals under complex real scenarios.【Method】The Swin 

Transformer model was selected to improve the backbone network of the 

Mask R-CNN instance segmentation model and to identify and segment 

Heortia vitessoides larvae which harmed Aquilaria sinensis. The input and 
output dimensions of all layers of the Swin Transformer and ResNet models 

with different structural parameters were adjusted. Both models were set as 

the backbone networks of Mask R-CNN for comparative experiments. H. 
vitessoides moore larvae identification and segmentation performances for 

different backbone networks were quantitatively and qualitatively analyzed 

using Mask R-CNN 

models to determine the best model structure. (1) Using this method, the F1 

score and AP were 89.7% and 88.0%, respectively, in terms of pest 

identification framing, and 84.3% and 82.2%, respectively, in terms of pest 

identification and segmentation, increasing by 8.75% and 8.40%, respectively, 
compared to that of the Mask R-CNN model in terms of target framing and 

segmentation. (2) For small target pest identification and segmentation tasks, 

the F1 score and AP were 88.4% and 86.3%, respectively, in terms of pest 
identification framing, 84.0% and 81.7%, respectively, in terms of pest 

identification and segmentation, and increased by 9.30% and 9.45%, 

respectively, compared to that of the Mask R-CNN model in terms of target 
framing and segmentation. 

Antonio,et.Al[9].Dengue, Chikungunya and Zika viruses cause dangerous 

infections in tropical and subtropical regions throughout the world. The World 

Health Organization estimates that one out of every three persons in the entire 
human population is in danger of contracting one of these diseases from a 

single mosquito bite. Currently, these viral infections are not preventable by 

vaccines and there is not a direct treatment that can effectively diminish the 

viral infection, which causes a wide range of pathologies, including severe 

joint pain, internal blood loss, permanent neurological damage in unborn 

children and even death. Due to this grim scenario, the best and be the only 
line of defense against these diseases is the effective surveillance, control and 

suppression of the mosquitoes that transmit these viruses: Aedes aegypti and 

Aedes albopictus. 

Lehmann,et.Al[10].The capability to obtain detailed motility information of 

model organisms is fundamental to reveal their functional and social behavior 

characteristics. Zebrafish is a powerful vertebrate model organism. Despite 
recent success in the automatic quantification of adult zebrafish movement, it 

remains a laborious task for group zebrafish larval tracking due to their similar 

appearance, frequent occlusions, and highly discontinuous kinematics. This 
article presents DanioSense (DS), an automatic tracker for group larval 

zebrafish, to overcome these tracking challenges. The integration of a light 

convolutional neural network and a centerline extraction algorithm enables the 
tracker to localize individuals even in occlusion cases where objects’ identities 

are prone to switch 

Emlyn Davies,et.Al[11].Measurements of morphometrical parameters on i.e., 
fish larvae are useful for assessing the quality and condition of the specimen 

in environmental research or optimal growth in the cultivation industry. 

Manually acquiring morphometrical parameters from microscopy images was 
time consuming and tedious, this was a limiting factor when acquiring 

samples for an experiment. Mask R-CNN, an instance segmentation neural 

network architecture, has been implemented for finding outlines on parts of 
interest on fish larvae (Atlantic cod, Gadus morhua). Using classical machine 

vision techniques on the outlines makes it is possible to acquire 

morphometrics such as area, diameter, length, and height. The combination of 
these techniques is providing accurate-, consistent-, and high-volume 

information on the morphometrics of small organisms, making it possible to 

sample more data for morphometric analysis. 

Suzuki,et.Al[12].Human intestinal parasites constitute a problem in most 

tropical countries, causing death or physical and mental disorders. Their 

diagnosis usually relies on the visual analysis of microscopy images, with 
error rates that range from moderate to high. The problem has been addressed 

via computational image analysis, but only for a few species and images free 

of fecal impurities. In routine, fecal impurities are a real challenge for 
automatic image analysis. We have circumvented this problem by a method 

that can segment and classify, from bright field microscopy images with fecal 

impurities, the 15 most common species of protozoan cysts, helminth eggs, 
and larvae in Brazil. 

3. PROPOSED METHODOLOGY 
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The proposed methodology for larvae image segmentation involves several 

steps. Initially, the larvae input image is imported into the MATLAB 

environment. Within MATLAB, this input image is converted into a text file 

format, enabling further processing. Subsequently, the text file representing 
the input image is utilized in ensemble clustering, a technique that combines 

multiple clustering algorithms to enhance segmentation accuracy. 

Notably, VLSI-based methodologies are employed within the ensemble 

clustering process, leveraging hardware acceleration for efficient computation. 

Following ensemble clustering, an output text file is generated, containing 
segmentation information derived from the input larvae image. This output 

text file is then reintegrated into the MATLAB environment for post-

processing. Within MATLAB, the output text file is transformed back into an 
image format, resulting in the segmentation image. 

The segmentation image provides valuable insights into the type and growth 

characteristics of the larvae depicted in the original input image. Through 

analysis of the segmentation image, researchers can identify and classify 

different types of larvae present in the sample, as well as assess their 

developmental stages. This methodology combines image processing 
techniques with ensemble clustering and VLSI-based methodologies to 

achieve accurate and efficient larvae image segmentation. By leveraging 

MATLAB's capabilities for image manipulation and analysis, researchers can 
extract meaningful information from larvae images, aiding in various 

scientific endeavors such as biological research and agricultural pest 

management. Overall, this approach enables comprehensive analysis and 
understanding of larvae images, facilitating informed decision- making and 

further research in relevant fields. 

Step 1: Input Larvae Image 

Step 2: Matlab Environment: Convert the image into numerical text data files. 

Initially, the text data represents pixel values or features extracted from the 

image. 

Step 3: Perform Ensemble Clustering: It generates the segmented image from 

the numerical data using VLSI environment. 

Step 3.1: Divide the data into multiple clusters 

Step 3.2: Identify similarity between each cluster. 

Step 3.3: Identify similarity between each pixel in single cluster. 

Step 3.4: Eliminate unreadable pixels 

Step 3.5: Apply the Fuzzy membership-based cluster analysis and generate 

final cluster. 

Step 3.6: Finally, output text file will be generated. 

Step 4: Matlab Environment: Convert the numerical text data file to image. 

Measure the performance. 

Step 5: Output Segmented Image 

 

 

Figure 1: Block Diagram of Proposed System 

Figure 1 shows the block diagram of proposed system that is used to perform 

larvae image segmentation using matlab and ensemble clustering. 

Advantages 

Larvae image segmentation using VLSI-based ensemble clustering offers several 

advantages: 

• Hardware Efficiency: VLSI-based implementations leverage hardware 

acceleration to achieve faster processing speeds and lower power consumption 

compared to traditional software-based approaches, enabling real-time 
segmentation on embedded systems. 

• Scalability: VLSI-based ensemble clustering techniques can handle large-

scale datasets efficiently, making them suitable for processing high-resolution 

images or streaming data in real-time applications. 

• Accuracy: Ensemble clustering algorithms combine multiple segmentation 

results, enhancing accuracy by capturing diverse characteristics of larvae 

images and reducing the risk of misclassification or false positives. 

• Adaptability: VLSI-based ensemble clustering can adapt to varying larvae 

species, environmental conditions, and imaging modalities, making it versatile 
for diverse research settings and applications. 

• Parallel Processing: VLSI architectures support parallel processing, allowing 

simultaneous execution of multiple clustering algorithms or image processing 
tasks, further improving efficiency and throughput. 

• Robustness: By integrating multiple clustering algorithms or feature 

extraction techniques, VLSI-based ensemble clustering enhances robustness 

against noise, variations in lighting, and other image artifacts commonly 
encountered in biological imaging. 

Applications 

The detailed applications are illustrated as follows 

• Biological Research: Facilitating the study of larval development, behaviour, 

and morphology in fields such as entomology, marine biology, and ecology. 
Accurate segmentation enables researchers to track larval movement, quantify 

morphological changes, and analyze behavioral patterns. 

• Environmental Monitoring: Supporting environmental assessments and 

biodiversity surveys by analyzing larval populations as indicators of ecosystem 

health. Segmentation techniques can aid in identifying larval species and 
tracking population dynamics in different habitats, contributing to biodiversity 

conservation efforts. 

• Agricultural Pest Management: Assisting in the identification and control of 

pest larvae in agriculture. Accurate segmentation enables early detection of 
pest infestations, allowing for targeted interventions and minimizing crop 

damage. 

• Medical Research: Supporting studies on vector-borne diseases by analyzing 

larvae of disease-carrying insects such as mosquitoes. Segmentation 

techniques can help identify larval breeding sites, assess disease transmission 

risks, and inform vector control strategies. 

• Aquaculture: Supporting the management of larval rearing in aquaculture 

facilities. 

4. EXPERIMENTAL ANALYSIS 

Figure 2 demonstrates the segmentation results obtained using the proposed 

ensemble clustering approach on Sample Image 1, the segmentation exhibits 
superior boundary detection and region isolation, accurately identifying larvae 

while minimizing 
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segmentation errors. The results reflect improved handling of overlapping 

boundaries and complex patterns, aligning with the higher accuracy and 

sensitivity values reported for Image 1 in Table 1 

 

Figure 2: Proposed Ensemble Clustering Outcome on Sample Image 1. 

Figure 2 highlights the application of the proposed method to Sample Image 2. 

The segmentation output demonstrates well-defined larvae regions with 

reduced false positives and false negatives, indicating a significant 
improvement in handling difficult image conditions. These improvements are 

supported by the table metrics, with sensitivity and Jaccard values showing a 

marked enhancement over the existing method. 

 

Figure 3: Proposed Ensemble Clustering Outcome on Sample Image 2. 

Figure 3 presents the segmentation results for Sample Image 3 using the 
proposed ensemble clustering approach. The segmentation quality surpasses 

that of the existing method shown in Figure 3, achieving near-perfect isolation 
of larvae regions. The proposed method effectively resolves high-detail 

regions and preserves boundary integrity, as reflected in the high Dice 

coefficient and Jaccard index for Image 3 in Table1. 

 

Figure 4: Proposed Ensemble Clustering Outcome on Sample Image 3. 

Table 1 provides a detailed performance analysis of the proposed ensemble 

clustering method across the three sample images, evaluated using eight 

metrics: accuracy, sensitivity, F-measure, precision, MCC, Dice coefficient, 
Jaccard index, and specificity. 

• Accuracy is exceptionally high across all images, with values exceeding 

98% and an average of 99.10%, demonstrating the method's consistency 

and reliability in segmentation. 

• Sensitivity, indicating the true positive rate, shows substantial 

improvement over the existing method, achieving an average of 96.29%. 
This highlights the proposed approach's ability to correctly identify 

larvae regions, even under challenging conditions like those in Image 2. 

• F-Measure, balancing precision and recall, maintains high values across 

all images, with an average of 96.53%, reflecting the robust performance 

of the ensemble clustering method. 

• Precision, which evaluates the method's capability to avoid false 

positives, achieves an average of 96.94%, showcasing its effectiveness 

in isolating larvae regions while minimizing misclassifications. 

• MCC (Matthews Correlation Coefficient) averages at 95.99%, 
underscoring the strong balance between true and false classifications 

achieved by the proposed method. 

• Dice Coefficient and Jaccard Index show remarkable consistency, with 
averages of 96.52% and 93.35%, respectively, indicating excellent 

overlap between predicted and actual segmentation regions. 

 

 

Metric Image 1 Image 2 Image 3 Average 

Accuracy 98.5554 99.3157 99.45 99.1070 

Sensitivity 93.5048 97.8303 97.5737 96.2938 

F-Measure 93.7335 97.9645 97.8682 96.530 

Precision 93.9639 98.0992 98.1645 96.9425 

MCC 92.9175 97.5534 97.553 95.9946 

Dice 93.7335 97.9645 97.8683 96.5221 

Jaccard 88.2061 96.0103 95.8254 93.3472 

Specificity 99.2152 99.6163 99.7288 99.5201 

Table 1: Proposed Result Analysis Table. 

 

 

VLSI RESULTS 

 

 

Figure 5: VLSI Simulation result 

 

 

Figure 6 shows the proposed Power measurements. Here total Dynamic power 

Utilization is 21.216w and it includes signal power utilization is 1.178w, 
Logic power utilization is 0.109w and IO power utilization is 19.929w and 

also Total static power Utilization is 
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0.485w. 
 

 
 

 

 
 

 

 
 

 

 

Figure 6: Power Output 

VLSI technology not only enhances the performance of larvae image 

segmentation but also paves the way for advanced applications in ecological 

monitoring and research. 

The future of larvae image segmentation using VLSI-based ensemble 

clustering holds several promising directions for further research and 

application: 

• Optimization and Scalability: Future studies focus on optimizing the VLSI 

architecture for enhanced performance and scalability, enabling efficient 

segmentation of large-scale datasets in real-time or near- real-time. 

• Integration with Advanced Imaging Technologies: As imaging 

Table 2 shows the proposed area measurements. Here 29 number of LUT’s 

are used out of available 32600, which consumes 0.09% of utilization, 94 

number of IO’s are used out of available 150, which consumes 62.67% of 
utilization. 

 

Table 2: Area Output 

Table 3 shows proposed setup delay. Here, Total delay is 10.709 ns, 

Maximum Logic delay is 4.761 ns and Maximum Net delay is 5.947. 

 

Table 3: Proposed Setup Delay Output 

Table 4 shows that proposed hold delay. Here, Total delay is 3.748 ns, 

Maximum Logic delay is 1.534 ns and Maximum Net delay is 2.214 ns. 

 

Table 4: Proposed Hold Delay Output 

5. CONCLUSION 

To address the limitations of existing methods, this research proposes an 

innovative larvae image segmentation approach using ensemble clustering 

techniques within a VLSI framework. This method leverages the strengths of 

multiple clustering algorithms to adaptively segment larvae images, improving 

accuracy and robustness against noise and lighting variations. By combining 

various algorithms, the ensemble approach can effectively identify and 

segment larval structures, providing a comprehensive solution to the 

challenges posed by traditional segmentation methods. The proposed system 

is designed to be implemented on a VLSI chip, enabling real-time processing 

capabilities that are essential for large-scale ecological studies. This 

architecture allows for efficient data handling and quick segmentation results, 

facilitating timely analysis and decision-making in biological research. The 

integration of ensemble clustering with 

technologies continue to advance, integrating VLSI-based ensemble clustering 

with cutting-edge imaging modalities such as confocal microscopy or multi-

photon microscopy offer new insights into larval biology and behavior. 

• Adaptation to Varied Environmental Conditions: Research explore adapting 

VLSI-based ensemble clustering algorithms to handle diverse environmental 

conditions, such as varying lighting conditions, water turbidity, or background 

clutter, to improve segmentation accuracy across different experimental 

settings. 

• Extension to Other Biological Applications: Beyond larvae image 

segmentation, the principles of VLSI-based ensemble clustering was extended 

to other biological image analysis tasks, such as cell segmentation, organ 

identification, or disease detection, opening up new avenues for 

interdisciplinary research. 
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