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Abstract- Quickly growing the microplastic contamination of the water body has emerged as a great ecological
menace, compromising the marine biodiversity and water quality. Obvious limitations of traditionally used
methods in detection, such as CNN-based models and other methods based on machine learning, include high
computational cost, suboptimal accuracy in complex visual scenarios, sensitivity to the environment, and
restrictions on the use in practice in real time. In order to overcome these drawbacks, this study suggests a Vision
Transformer (ViT)-based architecture to effectively and precisely detect and classify microplastics on water
images. The procedure starts with the furtherimage enhancement based on Contrast-Limited Adaptive Histogram
Equalization (CLAHE) that enhances the visibility of microplastics and reduces the noise. Images are split into
patches and treated with transformer encoder layers with the help of multi-head self-attention to extract the
global contextual information efficiently. A ViT-based decoder allows accurate classifying and segmenting of
microplastics by type and size, which is trained on a hybrid loss based on cross-entropy and Dice losses to
maximize pixel-wise accuracy. Experimental outcomes show that the proposed ViT model is better than traditional
TinyML and CNN-based models, its detection accuracy is over 97, feature extraction accuracy is over 95, and its
precision is 96.5, and the encoding time is cut by about 30. The model has strong generalization capabilities on a
wide range of aquatic data with uniform training-validation results, which make it applicable to environmental
monitoring. Overall, this ViT-based solution is scalable, computationally efficient, and highly accurate when it
comes to assessing microplastic pollution, which enhances the conservation of the ecological environment, and
offers a solution to real-time monitoring of the aquatic environment.

Keywords: Vision Transformer (ViT), Micro plastic Detection, Image Segmentation, Environmental Monitoring,
Deep Learning.

numbered 268,950 tones [7]. Micro plastics are
plastic particles less than 5 millimeters in diameter.
According to the estimates of the United Nations
Environment Programme (UNEP), the oceans will
receive between 190,000 and 230,000 metric tons of
micro plastics annually in 2023 [8] [9].

I. INTRODUCTION

The quantity of microplastics in the water has been
gradually increasing in the recent few years [1] [2].
The number of microplastics produced every year
has increased by a survey of 230 times, reaching 460
million tonnes in 2019 in comparison to 2 million

tonnes in 1950 [3]. Although it can be a solution, A large number of micro plastics are a significant

micro plastics recycling is not sufficient since it has
been proven that poorly degraded or processed
plastic waste can be a significant danger to the
environment [4] [5]. In order to put this issue into
perspective, in 2010, there existed 31.9 million metric
tons of this garbage and more than 8 million metric
tons of them found their way into the ocean through
different vents [6]. In a fascinating analysis by Ritchie
and Roser, it was estimated that in 2013, the total
number of plastic particles (both small and big)
floating on the surface of the world oceans

hazard to aquatic organisms, such as fish and useful
microorganisms, and to water resources, such as
oceans, seas, and small water ponds [10].
Microplastics enter the human body via the food
chain, where they pose a danger to the health and
life of wildlife [11] [12]. Micro plastics cause not only
physical  effects, including  gastrointestinal
obstruction and a low feeding rate, but also harbor
toxic chemicals that accumulate within marine life,
resulting in inflammation and reproductive issues
[13] [14]. Destruction of coral reefs and estuaries,
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which are important habitats, undermines marine
ecosystems and the general biodiversity [15] [16].
Besides damaging aquatic ecosystems, microplastics
interfere with nutrient cycles by affecting colonies of
microorganisms [17] [18]. Pollution control methods
must be urgently sought since such effects may
undermine marine ecosystems, disrupt food chains,
and reduce ecosystem services. In a study at the
tropical eastern Pacific, the area has been revealed
to have all marine organisms and water bodies with
microplastic contents [19].

To identify and detect microplastic in the maritime
environment, work with a state-of-the-art Faster
Region-based Convolutional Neural Network (Faster
R-CNN). This deep learning model is a combination
of the region proposal networks and convolutional
layers that can exactly find microplastics in complex
sample photos [20]. The researchers optimized the
architectural design of the traditional Faster R-CNN
to be more efficient and accurate [21]. A well-chosen
dataset of annotated microplastic pictures was used
together with data augmentation methods to train
the model, making it less prone to false positives
[22]. This can automate and accelerate the process
of detection in challenging environmental
conditions that have microplastics along with
organic and inorganic detritus, and minimize the
probability of human error and bias [23] [24].

The model is scalable and can thus be used to
monitor the entire environment due to its ability to
process huge quantities of data [25]. The flexibility to
new training data also gives the algorithm versatility
in detecting new forms of microplastics. Conversely,
quality and varied training data are key to the
success of the model, and not training with odd and
innovative particle shapes might lead to wrong
classification [26] [27]. It must have sufficient
hardware to meet the computation requirements of
training and deployment, otherwise real-time or field
applications will be extremely constrained [28]. The
quality of the image and lighting are some of the
environmental factors that can influence the
accuracy of the detection [29] [30]. Irrespective of
these shortcomings, the improved Faster R-CNN is
an immensely powerful technological development
for the critically important task of microplastic

pollution evaluation due to its ability to combine
automation, accuracy, and scalability [31]. To make it
more applicable and stable in other maritime
conditions, computing performance and training
data must be improved [32].

Introduce a method of classification of microplastic
polymer types based on UV light imaging and Faster
R-CNN deep learning on the basis of ResNet-50-
FPN. To categorize microplastics by their luminous
characteristics, they were photographed using
ultraviolet light. To increase training images and
class balance [33], data augmentation was applied to
the dataset consisting of annotated real-world
samples [34]. The model employs transfer learning to
hasten training, as it proposes regions and classes
for the objects. It has a middle mean average
precision of about 34% on tests, and high precision
of 85.5-87.8%. One of the numerous advantages is
the ability to manipulate complex and microscopic
particles with less human effort, as well as
automation and cost-efficiency [35] [36]. The use of
varying training data, high computational
requirement, and lower recall as a result of data
imbalance and small object detection are all
limitations. Fluorescence response can also lead to
changes in classification accuracy. This solution is
generally scalable to identify microplastics [37].

According to Gong, Martinez, Mesquita, P. et al.
microfluidic devices, Raman spectroscopy, and
machine learning models are integrated in a new
manner and used to detect, process, and identify tiny
microplastics in seawater without labeling them. The
microfluidic chip is cleaned using hydrogen peroxide
and spectral data is obtained quickly. There is also
the possibility of size-selective trapping [38]. The
primary advantages of supervised learning
algorithms, including convolutional neural networks
(CNN), for plastic type classification include high
accuracy, high throughput, flexibility to varying
sample sizes, and scalability applicable in the lab and
field [39]. However, more validation will be needed,
larger spectrum libraries could be required for
reliability, and the devices should not contribute to
new plastic pollution; moreover, the models can be
ineffective when dealing with microplastics that have
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been seriously weathered or covered with biofilm
[40].

It proposes a new model to detect microplastics in
ocean water with the help of the vision transformer
(ViT), a deep learning algorithm, which is able to
eliminate many of the flaws of previous approaches.
ViT can detect microplastic by dividing a picture into
patches that are then converted into vectors and run
through transformer layers to identify complex visual
patterns [41]. Through images obtained by imaging
methods, including optical microscopy or micro-FTIR
spectroscopy, the model can identify microplastic
particles due to the self-attention mechanism, which
gives priority to different patches of images. With
extensive pre-training on large datasets and then
fine-tuning on microplastic detection, the ViT can
detect microplastic particles in a wide variety of
environmental samples.

Il. LITERATURE SURVEY

Cerioli et al [1]. proposed an edge-device optimized
detection scheme based on TinyML with a
customized compiler that supports low-power
operation on resource-constrained devices and

platform portability, albeit at the expense of
diminished accuracy, manual setup, and no support
for large models[2]. In the same vein, Russo and Di
Ciaccio et al[3]. presented a CNN-based image
fusion scheme for microplastic classification that
utilizes multimodal data to improve accuracy and is
model-agnostic but requires huge training sets,
excessive computational resources, and GPU or
embedded systems. Evans and Ruf et al[4].
investigated spaceborne radar imaging for ocean
observation on a large scale, providing a non-
invasive and non-destructive technique to
continuously monitor, albeit its performance is
limited by resolution boundaries, sea state
conditions, and surfactant interference.

For another method, Meiler et al[5]. used electrical
impedance spectroscopy with Support Vector
Machines (SVM) for real-time, non-invasive
microplastic identification, but water noise and
electrode fouling decrease reliability. Lastly, Nomura
et al. [6] showed electromagnetic separation via
Lorentz force as a feasible means of removing
microplastics, though its application at the large
scale is held back by issues of scalability and energy
efficiency[7].

S. Author Proposed Model Algorithm Advantages Limitations
No. Name & Used Used
Year of
Publication
1 | A. Cerioli et | Edge-device TinyML  with | Low power; | Limited accuracy vs.
al., 2025 [1] | optimized tailored efficient on | high-performance
detection system | compiler constrained servers; manual setup;

devices; portable
across many chips

not suitable for large
models

2 | P. Russo et | Holographic data

Deep learning

Enhanced

al, 2025 [2] encoding in | with detection with 24-
synthetic videos holographic layer holographic
data images; improved

visualization

High complexity;
requires specialized
hardware; multi-step
preprocessing  before
analysis

3 | P.Russo & F. | Image fusion for | Deep learning | Improved
Di  Ciaccio, | micro plastic | CNN-based classification
2024 [3] classification fusion accuracy with
multimodal data;

works on many
models

Requires large training
datasets; high
computational  needs;
needs GPU/embedded
device
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4 | G V. et al, | UV light imaging | ResNet-50- Automated, cost- | High computational
2024 [4] with  Faster R- | FPN deep | efficient requirement; lower
CNN learning with | detection; handles | recall from data
transfer complex imbalance; fluorescence

learning microscopic affects accuracy

particles
5 | VY. Luo et al, | Raman Machine High chemical | High cost; slow analysis
2023 [5] spectroscopy for | learning (ML) | specificity; for large-scale
identification classification accurate monitoring

identification

6 | V. Meiler et | Electrical Support Non-invasive, Sensitive to electrode

al., 2023 [6] impedance Vector real-time fouling and noise in
spectroscopy for | Machines detection water
detection (SVM)

7 | Gong, Microfluidic and | CNN-based High accuracy, | Needs more validation;
Martinez, Raman supervised high throughput, | limited spectrum
Mesquita, P. | spectroscopy learning flexible to varying | libraries; can be
et al., 2023 | detection sample sizes ineffective for
[7] weathered/biofilm-

covered microplastics

8 | N. Nomura | Electromagnetic Lorentz force | Effective for | Scalability and energy-
et al, 2022 | separation of | application microplastic efficiency issues
(8] microplastics removal

9 | T. Mato & S. | Magnetic Magnetic Efficient for | Not effective for non-
Noguchi, separation  with | field-based certain types of | magnetic plastics; high
2022 [9] ultra-high separation microplastics equipment cost

magnetic field

10 | M. C. Evans | Spaceborne radar | Radar signal | Enables large- | Resolution limits;
& C. S. Ruf, | imaging processing scale ocean | affected by sea state
2022 [10] observation; non- | and noise; confounded

invasive and
nondestructive

by surfactants or other
ocean substances

Research gap identified:
The existing CNN and TinyML models have not

1.

been able to generalize across different aquatic

conditions.

Proposed Model

The current CNN and TinyML techniques are
very power-hungry and, thus, incapable of being
deployed in real-time.
The micro plastic detection in highly complex or
noisy water habitats has resulted in the decrease

of accuracy.

Continuous monitoring is a very challenging task
for most lab-based approaches as they do not

scale well for the purpose.

The

transformer
contextual learning are still not fully explored.
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Figw1 : Vision Transformer Architecture

Fig 1 represents the vision transformer architecture
which involved the steps like taking input from

images, pre processing, segmentation, extraction,

global

transformer encoder, decoding, classification and
the post processing. This paper proposes a Vision

2
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Transformer (ViT)-based microplastic detection and
classification model on water image images in order

to support the conservation of aquatic life.
Histogram  Equalization (HE) and Adaptive
Histogram Equalization (AHE) are utilized as

preprocessing techniques to increase local contrast
and Contrast-Limited AHE (CLAHE) is employed to
minimize the amplification of noise and uptake of
microplastics.

The enhanced images are divided into N non-
overlapping patches, each of size,PxP, flattened and
projected in a D-dimensional feature space with the
help of a learnable embedding matrix and positional
encoding. Patch embeddings are subsequently run
through a series of Transformer encoder layers,
where the idea of multi-head self-attention (MHSA)
is taught to learn the global contextual relations
between patches with the assistance of residual
connections, layer normalization, and feed-forward
networks to learn stable features. To do this, a ViT-
based decoder (e.g, SegFormer or U-Net
adaptation) results in pixel-wise probability masks
that are basically isolating microplastic particles of a
certain type and size. The logits of the network are
then normalized through the softmax function which
gives the probability of each class per pixel. Our
hybrid cross-entropy and Dice loss is used to obtain
the best training results by balancing between pixel
accuracy and ground truth overlap maximization.

Evaluation is conducted using Intersection-over-
Union (loU), Pixel Accuracy (PA), and Dice/F1-score
metrics, which provide good evaluation of the
performance of the microplastic detectors. The
combination of state-of-the-art image
improvement, ViT-based feature extraction and
segmentation makes it possible to detect
microplastics in complex water environments
accurately, scalably, and automatically.

Mathematical Analysis
Image Pre-processing —
Equalization (CLAHE):

Adaptive Histogram

Histogram Equalization (HE):

For an image I(xy) with gray levels re[0,1] the
histogram equalization maps intensities using the
cumulative distribution function (CDF):

S=T() = [, prwydw] ()

S and T(r) are the feature responses accumulated
from different parts of the image for the micro
plastics detection process. The term p_r (w)
represents the value of the feature at the specific
point w, and r is the denotation of the size of the
region. The integral then sums up these responses to
deliver the total information that the vision
transformer depends upon for accurate micro
plastics detection and classification.

Adaptive Histogram Equalization (AHE):

Instead of wusing the global histogram, AHE
computes the histogram in local tiles such as
s_(i)).

r
Sij = ti,;j(r) = fo Prijw)dw  (2)

Where t_(ij) () show the cumulative feature
information at the pixel (ij) of the image. The feature
represented by p_(r,ij) (w) is the response or the
likelihood of micro plastic being present at position
w in the region r around pixel (ij). The integral here
considers those responses from 0 to r, resulting in
the total information for that pixel or patch, which
the vision transformer then utilizes for the precise
detection and classification of micro plastics in water.

CLAHE (Contrast-Limited AHE):

To prevent noise amplification, CLAHE clips the
histogram at a clip limit C and redistributes the
clipped counts uniformly.

Py (k) = min(py;;(k),c)  (3)

The term p'_(rij) (k) refers to the feature of the
channel k at the position (i,j) which is being clipped;
the value p'_(r,i,j) (k) is the one before clipping, and c
denotes the threshold. This procedure makes sure
that the feature values do not go beyond c levels,
thus the vision transformer's detection and
classification of micro plastics gets steadied.
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Vision transformer for feature extraction & path
classification:

Image to Patch Embedding:
The image is split into N patches of size PxP. Each
patch is flattened and projected

zg =E.x'+Elsfori=1,....N @&

[ z)] _07iis, the i-th patch’s initial embedding, is
where the input x*i being converted to a feature
space and E_pos”i adding positional information.
This mixture maintains both the content and spatial
context for all N patches, thus creating the input to
the vision transformer for micro plastic detection
and classification.

Transformer Encoder (per layer I):

z; = MSA(LN(z, — 1)) +z,—1 (5

z; = MLP(LN(z})) + z1 (6)
In this transformer block, the Layer Normalization
(LN) is applied to (z_1-1), and then it is subjected to
the Multi-Head Self-Attention (MSA) technique,
where a residual connection generate [ z) _1A".

After that, [ z) _17' goes through the Multi layer
perceptron (MLP) along with another residual
connection producing [(z) _1A".

Self — Attention (one head):

, _ QKT)
Attention(Q,K,V) = softmax (_\/d_k vV
(7

Q, K, and V input along with their associated matrices
are the input feature matrices. The softmax of
((QKAT)/V(d_k )) gives the attention weights, which
during micro plastic detection and classification the
model's focus on the most relevant features by
multiplying with V enabling the model to capture
important relationships.

With ,

Q=zWy K =2zWg, V=z2Wy (8)
Segmentation (viT-based U-Net/ segFormer):
The segmentation network outputs a pixel-wise
probability mask:

A exp(fijc)

Ve = e
Zk:l exp(fijk)

The softmax implies function, which transforms the
raw scores at each pixel (i,j) into probabilities (y_(i,j,c)
) N for every class c. The probabilities become one,
thus, the model being able to classify micro plastics
with high accuracy. (f_(ij,c) ) is the logit value, (f_(i,j,c)
)is the logit value for all classes.

)

Loss Function (Cross-Entropy):

C
Leg = Z Vijc logyi)c
c=1

This equation introduces the cross-entropy loss
which is a way to measure the disparity between the
authentic label y_(i,j,c) and the predicted probability
(y_(ij.c) ) ~ for every class c at pixel or patch (i)).
Predictions that are far from the true labels are
penalized since the loss is the sum of all C classes.
The model's ability to find and categorize micro
plastics in images is improved through training
based on the minimization of this loss.

(10)

Dice Loss (for small particles):
2%ijy8Yij (11)

Zijyey+2ijYij

The model is estimated to be very accurate in
depicting micro plastics, especially in the case of
classes with uneven distribution, based on how well
the predicted mask y_(ij) and the ground truth y_(i,j)

overlap as judged by the loU metric.

Dice=1-

Evaluation Metrics:
Intersection over Union (loU):

Y nyY.
IOU — | pred true| (_] 2)
|YpredUYtrue|

According to the loU formula, Y_pred is the
predicted area and Y_true is the actual area. The
intersection (n) gives the common area of the two,
whereas the union (U) gives the total area covered
by both of them. The vertical bars | | denote the size
of these areas. loU indicates the extent to which the
prediction overlapped with the actual region.

Pixel Accuracy:
correctlyclassifiedpixels
PA = Y £

(13)

totalpixels
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In the Pixel Accuracy (PA) formula, the pixels that
have been correctly classified are those whose
model's prediction matches the ground truth's and
total pixels are all the pixels present in the image.
Thus, PA is a fraction of these two showing the total
fraction of pixels predicted correctly overall. The
model accuracy is better if PA is higher.

2TP
P (14)
2TP+FP+FN

In the Dice formula, TP stands for pixels that have
been correctly predicted, FP signifies wrongly
predicted pixels, and FN indicates the missed ones.
The Dice Coefficient quantifies the degree of overlap
between the predicted and actual regions.

Dice =

Algorithm
Step 1: Initialize:
e Set Vision Transformer (ViT) parameters ©.
e Define learning rate n, max epochs, and
tolerance «.
Step 2: Input Data:
e Collect micro plastic image dataset (D = {I-

k}).

e FEach image may contain multiple
microplastic particles with different sizes
and types.

Step 3: Preprocessing:

e Apply Contrast-Limited Adaptive Histogram
Equalization (CLAHE) for contrast
Enhancement.

¢ Normalize images and resize them to ViT
input size (e.g., 224x224).

Step 4: Segmentation:
e Apply a segmentation model (e.g., U-Net
/ SegFormer) to separate  microplastic
particles from background water.
e  Extract binary masks or cropped regions
of interest (ROls).
Step 5: Patch Embedding:
e Divide each ROl/image
patches (PxP).
e Flatten and project patches into embedding
vectors using learnable matrix (E).
e Add positional encoding (E-{pos}).

into fixed-size

Step 6: Transformer Encoding (Feature
Extraction):
e Pass patch embeddings through ViT

encoder layers.

e Compute self-attention weights to capture
global relations among patches.
e Output high-level feature representations.
Step 7: Classification:
e Feed features into a Multi-Layer Perceptron
(MLP) head.
e Predict particle class: type (e.g., PET, PE, PP)
and/or size group.
Step 8: Post processing:
e Combine segmentation
classification outputs.
e Assign predicted labels and confidence
scores to each detected particle.
Step 9: Evaluation:
e Compute accuracy, precision, recall, F1-
score for classification.
e Compute loU and Dice coefficient for
segmentation.
e Step 10: Output:
e Final annotated image with detected and
classified micro plastics.
e Statistical results on type and
distribution for ecological assessment.

masks  with

size

IV. RESULTS

Image quality enhancement levels:
Fig 2 represents VT-DC-MPW achieves the highest
image enhancement score of 96%, surpassing
EDMPpED-TinyML (83%) and DCMpIFT (88%).
Image Quality Enhancement Levels
100
80

80

Score (%)

40

20

()

VT-DC-MPW EDMpPED TinyML

DCMpIFT

Fig 2: Image Quality Enhancement Levels

The x-axis represents models and the y-axis
represents image enhancement percentage. The VT-
DC-MPW  model gets the highest image
enhancement of 96%, surpassing EDMpED-TinyML
and DCMpIFT. The primary cause of this
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enhancement is the CLAHE pre-processing which
boosts contrast and reduces image noise, thereby
making micro plastics more visible for accurate
detection.

Encoding time levels:

Fig 3 represents VT-DC-MPW records the fastest
encoding time at 2.50 s, compared to EDMpED-
TinyML (3.50 s) and DCMpIFT (3.20 s).

Encoding Time Levels
4.0

250

Time (s)

VI-OC-MmPW

EOMpED-Tiny ML

DCMpIFT

Fig 3: Encoding Time Levels

The x-axis indicates the models being compared
while the y-axis shows the encoding time in seconds.
The VT-DC-MPW model has the least encoding time
of 2.5 seconds which is an evidence of its
computational efficiency. Such a faster performance
is attributed to Vision Transformer's parallel
attention mechanism and optimized feature
extraction process.

Vision Transformer feature processing accuracy
levels:

Fig 4 represents Vision Transformer feature
processing accuracy reaches 98% for VT-DC-MPW,
outperforming  EDMpED-TinyML  (86%) and
DCMPpIFT (89%).

Vision Transformer Feature Processing Accuracy Levels

100 98
89

_. 80
Bl
z
g 60
3
S
< 40}

20

9 VT-DC-MPW EDMpED-TinyML DCMpIFT

Fig 4: Vision Transformer Feature Processing
Accuracy Levels
In the illustration, the x-axis shows the models with
the y-axis indicating the corresponding feature
processing accuracy in percentage. The VT-DC-MPW
model hits the accuracy of 98%, thus surpassing the
rest of the models. This is made possible by the
transformer’'s  self-attention mechanism as it
captures global context which consequently
improves the understanding of the features for
better micro plastic classification.

Micro plastic Detection Accuracy Levels:

Fig 5 represents Micro plastic detection accuracy for
VT-DC-MPW is 97%, compared to 85% for EDMpED-
TinyML and 88% for DCMpIFT

Micraplastic Detection Accuracy Levels
100
so

6o

Acturacy (W)

40

20

o

e i SN
VI DC-MPw EDMpED-TinyML DCMpIET

Fig 5: Micro plastic Detection Accuracy Levels

The different models are denoted by the x-axis and
their accuracy in detection is represented by the
percentage on the y-axis. With detection accuracy of
97% the VT-DC-MPW model stands out from the
rest, i.e, EDMpED-TinyML and DCMpIFT, confirming
the model's robust potential for micro plastic
detection in challenging aquatic image scenarios.

Precision levels:

Fig 6 represents VT-DC-MPW attains 96% precision,
minimizing false positives relative to EDMpED-
TinyML (84%) and DCMpIFT (87%).

Precision Levels

100 -

"t

wa

8o

60

Precsion (%)

40

20

"EDMpED - TinyML DCMpIFT
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Fig 6: Precision Levels

The x-axis illustrates the models while the y-axis
shows the precision rates. The VT-DC-MPW model
has a precision rate of 96%, which means that the
number of false positives is lower compared to the
other models. The hybrid Dice-Cross Entropy loss
function used in training proves to be beneficial, as
it boosts the overall precision as well as the
consistency of the predictions.

MSE Levels:

Fig 7 represents VT-DC-MPW exhibits the lowest
MSE of 0.020, compared with 0.070 for EDMpED-
TinyML and 0.050 for DCMpIFT

MSE Levels
0.08

0.07 0.070
0.06
0.05

o

Looa}
0.03
0.02}

0.01

0.00

VT-DC-MPW DCMpIFT

EDMpED-TinyML

Fig 7: MSE Levels

Various models are represented along the x-axis,
while the y-axis indicates MSE (Mean Squared Error)
values. The VT-DC-MPW model has the minimum
MSE of 0.020 and is thereby more precise and stable
in its segmentation outputs than the rest whose MSE
values are higher. A lower MSE is indicative of the
proposed method's capability to produce more
accurate and stable segmentation outputs

Training and testing validation accuracy levels:
Fig 8 represents Training and testing validation
accuracy is 98% for VT-DC-MPW, outperforming
EDMpED-TinyML (87%) and DCMpIFT (90%).

ralting Bnd Testing Validation Accuracy Levels

100
Bo

wo

Mecwracy W

<0

VT 0C . Mmw

EDOMBED- TinyM| OCMpiF T

Fig 8: Training and Testing Validation Accuracy
Levels

In the next figure, the x-axis indicates the training
and testing phases for each model, while the y-axis
shows the accuracy percentage. The VT-DC-MPW
model performs excellently in both phases achieving
98% accuracy which signifies its strong
generalization and consistent performance. The
transformer architecture and CLAHE pre processing
help maintain this stability.

Loss Rate:

Fig 9 represents The VT-DC-MPW model has the
lowest loss rate of 0.020, compared to 0.060 for
EDMPpED-TinyML and 0.050 for DCMpIFT

Loss Rate
0.07

0.060
0.06

0.050
0.05f

Loss

0.03

0.02

0.01

0.00

VT-DC-MPW

EDMpED-TinyML DCMPpIFT

Fig 9: Loss Rate

The x-axis shows the models being compared, while
the y-axis gives the loss values. The VT-DC-MPW
model reaches the lowest loss rate of 0.020, which
means that the learning was very effective and there
was very little prediction error. The loss function used
in this case is hybrid and it makes the most of
accuracy and segmentation overlap.

Confusion Matrix: Fig 10 represents The confusion
matrix indicates over 95% correct classification rates
for major classes, confirm in greliable performance.
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The predicted classes are illustrated on the x-axis,
and the actual classes are shown on the y-axis. It is
seen that the confusion matrix reflects over 95% of
correct predictions throughout all categories. The
dominance of the diagonal implies a high level of
precision and a small number of misclassifications,
thus confirming the model's trustworthiness in
differentiating various types of micro plastics.

V. CONCLUSION

The proposed Microplastic Vision Transformer-
based Detection and Classification Model of
Microplastics in Water (VT-DC-MPW) is a holistic and
effective system of automated analysis of
microplastic in water. The proposed model explains
the image with Contrast-Limited Adaptive
Histogram Equalization (CLAHE) that improves the
visual clarity of the image, prevents the illumination
differences and enhances the local contrast. The
processed images are divided into non-overlapping
patches which are linearly encoded and enhanced
with positional encodings to preserve the spatial
structure.

Such embeddings are fed with several layers of
Vision Transformer encoders with multi-head self-
attention mechanisms, which allow the model to
learn global relationships and fine-scale spatial
correlations between regions in the image. High-
level features are then decoded with a ViT-based U-
Net architecture to  generate  pixel-wise
segmentation masks to be sure that microplastics of
particular type and size are detected and classified
correctly. A hybrid loss based on cross-entropy and
Dice losses enables the optimization of
segmentation accuracy and overlap consistency,
whereas measures of segmentation accuracy, e.g.

loU, Dice coefficient and pixel accuracy, provide
sufficient evaluation of the model.

The experimental results prove that VT-DC-MPW is
significantly more effective than current CNN and
TinyML-based approaches with the detection
accuracy of 97, feature extraction accuracy of 98, and
precision of 96 and a 30% less encoding time. To
improve it in future study, the proposed model can
be improved by adding multispectral and
hyperspectral imaging to compose the environment,
edge-Al to observe the environment in real time, and
transfer learning to extrapolate to diverse aquatic
environments.The proposed model has the lowest
MSE (0.020) and loss rate (0.020), which confirms that
it is stable and computationally efficient to observe
different aquatic environments.
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