
Abstract: The freshness assessment of prawns has become imperative in the aquaculture industry. Manual meth-
ods that were previously used have been found to be highly inconsistent and expensive too. This implies that there
is need for a reliable and efficient technique like the automated image classification, which will carry out the pro-
cess quickly. Researches related to shrimp quality assessment have largely relied on datasets that are inadequate
and only focused on visual features that cannot adequately distinguish freshness differences. To overcome the
limitations, the developed Spectra-MobileNet technique has been able to apply lightweight design and frequency
domain feature extraction to achieve effective freshness recognition. In contrast to conventional Convolutional
Neural Networks, which focus solely on spatial attributes, the technique relies on frequency domain images with
MobileNetV2 architecture. The applicability of the method is verified via an experiment using the prawn images
dataset.
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1 Introduction
Aquaculture is an important source of food produc-
tion at the global level, and prawns are one of the
most valuable commodities of commercial impor-

tance. Prawn quality has direct implications on mar-
ket worth, consumer acceptability, and export de-
mand. Quality evaluation has previously depended
significantly on the application of human judgment,
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which necessarily creates subjectivity, inefficiency,
and inconsistency. With the advancement in com-
puter vision and artificial intelligence (AI) technol-
ogy, such quality control procedures can now be
made automatic with quicker, more precise, and less
expensive solutions. Deep learning image classifi-
cation techniques have shown great potential in re-
cent years for automatic assessment of seafood qual-
ity. The research objective is to design a light and
attention-augmented deep architecture with the ca-
pacity to categorize prawn samples into three quality
classes: Good, Intermediate, and Bad with high ac-
curacy.

Mobile and light-weight networks have been the
centre of attention in recent breakthroughs in pow-
erful neural models. MobileNetV2, originally intro-
duced in [1], achieves viable accuracy at lesser com-
putational costs with the help of linear bottlenecks
and inverted residuals. With the help of TensorFlow
datasets in [2], it has been proven that MobileNetV2
outperforms its parental model, MobileNetV1, in nu-
merous image classification applications. The effec-
tiveness of light-weight models in water image anal-
ysis was proved in [3], when they applied transfer
learning on MobileNetV2 to classify fishes in aqua-
culture studies and achieved a correctness of 98.18%.
The reliability of MobileNetV2 in practical applica-
tions in fisheries was also proved in [4], when it was
applied to classify dried fish and achieved 100% cor-
rectness using one of many different datasets.

Attention mechanisms are becoming increasingly
prominent in CNN models to improve feature learn-
ing. It continuously improves performance in classi-
fication and detection tasks. This concept was fur-
thered in [5], which achieved 99.86% accuracy in
fine-grained fish categorization by integrating Mo-
bileNetV2 with attention processes. CBAM is a
lightweight yet powerful module which employs both
channel as well as spatial attention for the first time, as
proposed in [6]. Furthermore, after reviewing image
classification techniques, [7], gave the conclusion that
using non-parametric classifiers like CNNs in con-
junction with many discriminative features greatly
improves classification accuracy in complicated vi-
sual circumstances. Attention mechanisms have also
been applied in hyperspectral image analysis and re-
mote sensing beyond aquaculture.

In [8], a visual attention-based ResNet approach
was proposed for HSI classification that enhanced
spectral–spatial feature representation and surpassed
traditional CNN models. Further, in [9], a Spec-
tral Attention Module was introduced which adap-
tively reweighted the spectral bands by highlight-
ing informative features and reducing redundancy,
which enhanced CNN performance in hyperspectral
high-dimensional data.In [10], an EnhancedAttention

Module (EAM) was introduced to perform remote
sensing scene classification with enhanced extraction
of salient features in the presence of complex back-
grounds and with 94.29% accuracy in the NWPU-
RESISC45 dataset. Overall, these papers show the
versatility and efficacy of attention mechanisms to
further enhance discrimination and classification per-
formance in a broad range of imaging applications
and further justify their incorporation in lightweight
models for visual inspection tasks.

Though earlier research demonstrates the effec-
tiveness of MobileNetV2 and attention for fish classi-
fication, certain research gaps exist. Recent research
is primarily targeted towards species detection and
not quality classification, i.e., detecting fine visual
differences. Also, attention mechanisms for prawn
image analysis are extremely limited in existing re-
search, and field evaluation in aquaculture fields is
limited. Additionally, existing prawn freshness stud-
ies commonly rely on small and controlled datasets,
limiting generalization under practical inspection sce-
narios. In order to address such a gap, this paper pro-
poses an Attention Enhanced MobileNetV2 structure
that has embraced CBAM for quality grading of self
developed prawn dataset.

The model was capable of highlighting discrim-
inative visual areas and reducing misclassification
among visually similar categories. An 80:20 strat-
ified data split and a two stage training regimen
were adopted to ensure convergence stability. The
trained model achieved a test accuracy of 95.62%,
alongwith strongmacro-averagedAUCperformance,
demonstrating good generalizability and usability.
This work contributes a lean, attention-enhanced, and
highly accurate automated prawn quality inspection
system that can serve as a stepping stone to even-
tual application with IoT-based aquaculture monitor-
ing systems. The remainder of this paper is mentioned
in the next section.

This study aims to develop a computer-assisted
prawn quality grading system capable of distinguish-
ing between Good, Intermediate, and Bad grades
based on the visual features from images. Since con-
ventional manual inspection in aquaculture is gener-
ally time consuming, subjective, and variable in na-
ture, there is a requirement for an intelligent automatic
system with uniform and accurate quality evaluation.

The input image (I) of a specimen prawn must be
labelled as Good, Intermediate, or Bad. This is for-
mulated as a multi-class image labelling problem. Of-
ficially, I → Good,Intermediate,Bad To achieve this,
a light-weight deep model through the use of CBAM
and MobileNetV2 is employed. Whereas the CBAM
process deepens the attention of the model to relevant
spatial and channel features for enhanced discrimina-
tion of visually similar specimens of prawns, the Mo-
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bileNetV2 architecture provides improved computa-
tional efficiency through the use of depth-wise sepa-
rable convolutions and inverted residual blocks.

The three classes Good, Intermediate, and Bad
in the completely custom-designed dataset utilized in
the preparation of this work contain a total of 300
images per class, resulting in 900 samples after con-
trolled data augmentation. All images were normal-
ized, resized, and augmented during preprocessing
for the realization of successful generalization and bi-
ased learning. The suggested method’s overall pro-
cess consists of the following:

1. Collection of datasets and their labeling into
Good, Intermediate, and Bad classifications
based on their hedonic ratings.

2. Proposed, a lightweight framework that replaces
standard sequential attention with a Parallel
Spectral-Spatial Fusion (PSSF) module to pre-
vent feature loss.

3. Integrated 2D Discrete Cosine Transform (DCT)
to capture high-frequency textural details (e.g.,
melanosis), overcoming the smoothing effects of
standard Global Average Pooling.

4. Introduced a Rank-Consistent Ordinal Regres-
sion Head that explicitly models the hierarchy of
decay (Good > Intermediate > Bad), reducing
severe grading errors.

5. Achieved 95.62% accuracy on a self-constructed
prawn dataset, demonstrating that the model is
computationally efficient and suitable for real-
time IoT aquaculture monitoring.

Section 2 explains the Proposed Methodology
by introducing the overall workflow and theoretical
background of the proposed approach with the archi-
tectural workflow design. Section 3 explains the Ex-
perimental details. Section 4 includes Results and
Discussion. The paper concludes in Section 5. The
whole workflow of the proposed approach is illus-
trated in Figure 1 (Appendix A).

2 Proposed Methodology
In the domain of biological quality assessment, such
as shrimp grading, visual cues are often subtle.
Early stages of spoilage, characterized by melanosis
(black spots) or slight discoloration, manifest as high-
frequency textural changes rather than global shape
deformations. Standard Convolutional Neural Net-
works (CNNs) often fail to maintain these fine-
grained information due to aggressive pooling oper-
ations.

To address this, we introduce Spectra-MobileNet,
a single architecture that combines deep spatial learn-
ing with frequency-domain analysis. Our system ex-
plicitly reflects the ordinal nature of decay (i.e.,Good
> Intermediate > Bad), in contrast to conventional
methods that consider quality grades as independent
categories. Three separate phases comprise the archi-
tecture: a rank-consistent ordinal regression head, a
unique Parallel Spectral-Spatial Fusion (PSSF) mod-
ule, and a lightweight feature extractor.

MobileNetV2 is the base model for efficiency by
using depth-wise separable convolutions and inverted
residuals. CBAM layer is further added to the Mo-
bileNetV2 model to improve attention in channel and
spatial spaces.

1. Channel Attention brings attention to significant
feature maps via inter-channel connections.

2. Spatial Attention focuses on significant locations
in every feature map, so the model can pay atten-
tion to significant visual patterns with respect to
prawn color, texture, and appearance.

The architecture consists of three core compo-
nents:

1. Backbone: AMobileNetV2 feature extractor ini-
tialized with ImageNet weights.

2. Attention Module: A PSSF module that replaces
the standard sequential CBAM.

3. Classification Head: ARank-Consistent Ordinal
Head that replaces the standard Softmax classi-
fier.

This blended configuration improves feature dis-
crimination, allowing the model to distinguish fine
quality differences in seemingly similar-looking
prawns. The overall model architecture of the model
is provided in Figure 2 (Appendix A).

2.1 Feature Extraction Backbone
We employ MobileNetV2 as the backbone due to its
balance between efficiency and representation capa-
bility. Given an input image I ∈ RHin×Win×3, the
network extracts an intermediate feature map F from
the final bottleneck layer:

F = fbackbone(I) ∈ RH×W×C (1)

whereH,W denote the spatial dimensions andC rep-
resents the number of channels. This feature map
serves as the input to our proposed attention mech-
anism.
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2.2 Parallel Spectral-Spatial Fusion (PSSF)
Module

A critical limitation in standard attention mecha-
nisms, such as CBAM, is the reliance on Global Av-
erage Pooling (GAP) to summarize channel statis-
tics. While GAP acts as a low-pass filter effective
for object presence, it suppresses high-frequency vari-
ance necessary for detecting texture anomalies (e.g.,
spoilage spots). Furthermore, sequential attention
(Channel→ Spatial) may dilute beneficial low-level
spectral features before spatial localization occurs.

To overcome these limitations, we propose the
PSSF module, which processes spectral (frequency)
and spatial information in parallel branches.

2.2.1 Branch A: Frequency-Aware Channel
Attention

Instead of scalar pooling, we project the feature map
into the frequency domain using the 2D Discrete Co-
sine Transform (DCT). For a specific feature map
channel k ∈ {1, ..., C}, the 2D-DCT component at
frequency (u, v) is computed as:

DCT k
u,v =

H−1∑
i=0

W−1∑
j=0

F k
i,j cos

(
πu(2i+ 1)

2H

)
(2)

× cos
(
πv(2j + 1)

2W

)
(3)

where u ∈ {0, ..., H − 1} and v ∈ {0, ...,W − 1}.
To compress the representation while retaining

texture information, we select specific frequency
components. We concatenate the lowest frequency
component (DC component, representing structure)
and the highest frequency components (representing
fine texture/edges) to form a compressed spectral de-
scriptor vector Vspec ∈ RC×Z :

Vspec = Concat([DCT0,0, DCTH−1,W−1]) (4)

This vector is passed through a shared Multi-Layer
Perceptron (MLP) with a reduction ratio r to generate
the spectral attention mapMspec ∈ R1×1×C :

Mspec = σ(W2(δ(W1(Vspec)))) (5)

where W1 ∈ R(C/r)×C and W2 ∈ RC×(C/r) are
weight matrices, δ is the ReLU activation, and σ is
the Sigmoid function.

2.2.2 Branch B: Spatial Attention
The spatial branch localizes the object of interest
(prawn body) and suppresses background noise. We
utilize both average and max pooling along the chan-
nel axis to generate a robust spatial descriptor:

Sdesc = Concat([Pavg(F );Pmax(F )]) ∈ RH×W×2

(6)

A convolution layer with a large kernel size (7 × 7)
is applied to aggregate spatial context, followed by
sigmoid activation to obtain the spatial attention map
Mspat ∈ RH×W×1:

Mspat = σ(f7×7(Sdesc)) (7)

2.2.3 Feature Fusion
Unlike sequential approaches, we employ a parallel
residual fusion strategy. This ensures that the net-
work preserves both spectral intensity (what to look
for) and spatial localization (where to look) without
information degradation. The refined feature map F ′

is computed as:

F ′ = (F ⊗Mspec) + (F ⊗Mspat) (8)

where ⊗ denotes element-wise multiplication with
broadcasting. The overall procedure is summarized
in Table 1.

Table 1: Parallel Spectral-Spatial Fusion (PSSF):
Step-by-step procedure of the dual-branch attention
mechanism that independently computes frequency-
aware spectral and spatial masks, then fuses them via
element-wise summation to produce refined feature
maps F ′.
Source: created by the authors.

Require: Input Features F ∈ RH×W×C

Ensure: Refined Features F ′

Branch A (Spectral):
for k = 1 to C do

Dk ← DCT2D(F k)
vk ← [Dk

0,0, D
k
H−1,W−1] ▷ Select

Low/High Freq
end for
Vspec ← Stack({vk}) ∈ RC×2

Mspec ← Sigmoid(MLP(Vspec))
Branch B (Spatial):

Savg ← Mean(F, axis = C)
Smax ← Max(F, axis = C)
Sdesc ← Concat(Savg, Smax)
Mspat ← Sigmoid(Conv7×7(Sdesc))

Fusion:
F ′ ← (F ⊗Mspec) + (F ⊗Mspat)

return F ′

2.3 Ordinal Regression Head
Standard classification (Cross-Entropy) treats errors
uniformly. However, quality grading is ordinal
(Good > Intermediate > Bad). We replace the
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Softmax layer with a rank-consistent head containing
K − 1 binary classifiers. The predicted rank is:

Rank =

K−1∑
m=1

I(p̂(m) > 0.5) (9)

where p̂(m) is the probability that the freshness grade
> m.

This ranking mechanism ensures that the model
learns the continuous trajectory of freshness decay,
resulting in lower mean absolute error and higher
grading consistency. The entire method is presented
using Table 2.

Table 2: Spectra-MobileNet Forward Pass & Infer-
ence: Complete inference procedure including fea-
ture extraction via MobileNetV2, dual-branch PSSF
attention, ordinal classification head, and rank-based
grade prediction for prawn freshness assessment.
Source: created by the authors.

Require: I ∈ RB×H×W×3, Threshold τ = 0.5
Ensure: Grade G ∈ {0, 1, 2} (Bad, Intermediate,
Good)
Step 1: Feature Extraction

F ← MobileNetV2(I) ∈ Rh×w×C

Step 2: PSSF Module
Branch A: Frequency Domain Attention

D ← 2D-DCT(F )
Vspec ← [Dlow ⊕Dhigh]
Mspec ← σ(MLP(Vspec))

Branch B: Spatial Domain Attention
Sdesc ← [AvgPool(F ); MaxPool(F )]
Mspat ← σ(Conv7×7(Sdesc))

Fusion (Element-wise Summation):
F ′ ← (F ⊗Mspec) + (F ⊗Mspat)

Step 3: Ordinal Classification Head
v ← GlobalAvgPool(F ′)
logits← DenseLayer(v)
prob← Sigmoid(logits), [p1, p2]

Step 4: Rank Inference
rank← 0
for i = 1 toK − 1 do
if prob[i] > τ then
rank← rank+ 1

end if
end for
return rank

2.4 Computational Complexity Analysis
The proposed Spectra-MobileNet is designed for ef-
ficiency.

• Backbone: MobileNetV2 utilizes Depthwise
Separable Convolutions, reducing cost to
roughly O(H · W · C2/k), where k is the
reduction factor.

• PSSF Module:

– The Spectral branch utilizes a fixed basis
projection (DCT). Since the spatial reso-
lution at the bottleneck is small (typically
7×7), theDCT operation is computationally
equivalent to a fixed-weight 1× 1 convolu-
tion, with complexityO(C). TheMLP adds
2 · C · (C/r) parameters.

– The Spatial branch adds a single 7× 7 con-
volution over 2 channels, adding negligible
FLOPs (O(H ·W · 2 · 72)).

3 Experiment
3.1 Experimental Setup
To guarantee controlled execution and reproducibil-
ity, every experiment was carried out on a local work-
station. An AMDRyzen 7 processor, 16GB of RAM,
and a 1 TB SSD were installed in the system. An
NVIDIA RTX 4060 GPU with 6 GB of dedicated
VRAM was used to speed up model evaluation and
training.

The proposed model was implemented using
Python and executed within a Jupyter Notebook en-
vironment. The deep learning framework was based
on TensorFlow with Keras APIs for model develop-
ment, training, and evaluation. GPU acceleration was
enabled through CUDA support to expedite training
while maintaining numerical stability.

3.2 Dataset & Preprocessing
This research employed a self-created prawn image
dataset that initially consisted of 210 authentic im-
ages (70 per category: Good, Intermediate, and Bad),
taken on a flat, non-reflective surface. The im-
ages were acquired using a VIVO Y73 smartphone,
equipped with a triple rear camera system featuring a
64MP main sensor, a 2MP depth sensor, and a 2MP
macro lens, over a span of 36 hours at regular inter-
vals.All the images were collected from a stable over-
head position at approx. 25–30 cm distance under in-
door lighting conditions to reduce lighting and shad-
ing variation, and with a neutral white background to
decouple the prawns from their surroundings.

To further regularize the training and avoid over-
fitting due to limited sample size, controlled data aug-
mentation including rotation, horizontal flipping and
color balancing were utilized. As a result of augmen-
tation, the dataset was increased to 900 samples (300
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per category). Augmentation took place after parti-
tioning the dataset to ensure that no augmented ver-
sion of a sample was included in both the training and
testing sets, thereby avoiding data leakage.Below is
the manner in which the dataset is constructed:

1. Good : 300 images

2. Intermediate : 300 images

3. Bad : 300 images

Figure 1:
Sample images from the self-constructed prawn

quality dataset showing Good, Intermediate, and Bad
classes from left to right

Source: created by the authors.

Figure 2: Image Dimension Distribution of the
Prawn Dataset

Source: created by the authors.

Figure 1 showcases representative samples from
the augmented prawn dataset across the three quality
categories. Good samples display consistent translu-
cency and intact textures, signifying freshness, while
Bad samples exhibit significant discoloration, a loss
of translucency, and surface deterioration linked with
spoilage. Intermediate samples reveal overlapping vi-
sual attributes, which can make them difficult to dif-
ferentiate even for human observers, thus highlighting
the need for attention-enhanced feature learning.

All images were resized and normalized to fit the
input dimensions necessary for MobileNetV2. Fig-
ure 2 depicts the frequency distribution of image
dimensions in the dataset, with a majority of sam-
ples falling within the height range of 2400–2800 pix-
els and width range of 1400–1700 pixels, suggest-
ing a largely consistent aspect ratio. This level of
uniformity aids in reliable preprocessing, normaliza-
tion, and feature extraction during the model training
phase.

3.3 Evaluation protocol
The effectiveness of the proposed model was evalu-
ated by utilizing four standard performance metrics:
Accuracy, Precision, Recall, and F1-Score, [11], [12].
Let TP , TN , FP , and FN denote True Positives,
True Negatives, False Positives, and False Negatives,
respectively. The metrics are calculated as follows:

Accuracy =
TP + TN

TP + TN + FP + FN
(10)

Precision =
TP

TP + FP
(11)

Recall =
TP

TP + FN
(12)

F1-Score = 2 · Precision · Recall
Precision+ Recall

(13)

3.4 Training Strategy
A training approach based on transfer learning is em-
ployed, using MobileNetV2 that has been pretrained
on ImageNet as the foundational network. During
the training phase, the backbone remains fixed while
solely the CBAM attention module and the classifi-
cation head are refined to customize the model to the
specific visual traits of prawns, thus preventing over-
fitting.

All images are adjusted to a size of 224×224 pixels
and standardized following the typical MobileNetV2
preprocessingmethod. To enhance generalization and
reduce overfitting, regulated data augmentation was
utilized following the partitioning of the dataset to
enlarge the original data. Simultaneously, extra real-
time augmentation was carried out solely on the train-
ing set. The dataset is split in an 80:20 ratio for train-
ing and testing, ensuring a balanced distribution of
classes. This led to the creation of 720 training sam-
ples and 180 test samples after augmentation.

The training process is performed over varying
epochs, batch sizes and data splits with the Adam
optimizer set to a constant learning rate of 0.0004,
employing the sparse categorical cross-entropy loss
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function for consistent optimization of the ordinal
prediction component.Early stopping was not applied
since themodel had to be trained for a long time to sta-
bilize the attention weights. The evaluation metrics
used are accuracy, precision, recall, F1 score, confu-
sion matrix, and ROC–AUC.

4 Results & Discussions
4.1 Ablation study
To validate the architectural design of Spectra-
MobileNet, we conducted a stepwise decomposition
of the model to isolate the contribution of each spe-
cific component (Table 1 (Appendix A)).

We beganwith the standardMobileNetV2 baseline
at 84.50%. The first major finding was that the boost
in performance from including our Spectral (DCT)
attention (Model M3) was greater than that of con-
ventional spatial attention, thus corroborating the hy-
pothesis that the shrimp’s hidden, high-frequency in-
formation is more indicative of freshness than its spa-
tial features.

Moreover, the transition from CBAM to our
method of Parallel Spectral-Spatial Fusion (PSSF)
yielded 90.25% accuracy, thus showing that the par-
allel process of spectral and spatial features omits the
bottleneck of information caused by filtering sequen-
tially.

Finally, knowing that quality grades are ordered
and not classes, the introduction of the Ordinal Re-
gression Head (Model M6) delivered the definitive
performance boost, leading to a peak accuracy of
92.40%. This demonstrates that enforcing a rank-
consistent logic allows the model to learn the trajec-
tory of decay more effectively than standard classifi-
cation approaches.

This section shows the results and compares the
performance of Spectra-MobileNet to baseline archi-
tectures. The assessment emphasizes both numerical
metrics and qualitative insights to evaluate classifi-
cation accuracy, robustness, and the ability to gen-
eralize. Controlled experiments with various model
configurations, dataset splits, epochs, and batch sizes
illustrate the benefit of attention-driven feature ampli-
fication for prawn freshness detection.

To isolate the contribution of each module (PSSF,
Ordinal Head) in an absolute manner, we trained
all  variants of the ablation study for a short sched-
ule of 30 epochs only. Though our proposed
Spectra-MobileNet obtains 92.40% in a limited num-
ber of phases (Table 1 Appendix A), we improved
the performance to 95.62% until 120 epochs (we
will discuss this in section 4.4) which suggested
that the  architecture gets more benefits as conver-
gence extends and causes very high energy degra-
dation from/to adjacent layers through depth space

compared within mobile-stage or classical-style one
stage-wise training, accordingly.

4.2 Training & Evaluation
The Spectra-MobileNet model was trained and tested
following the experimental procedure. The custom
prawn dataset was stratified split into an 80:20 train-
ing/test split to sample the Good, Intermediate, and
Bad classes. A transfer learning approach was uti-
lized, wherein the MobileNetV2 backbone, which
was pretrained on ImageNet, remained frozen, and
only the attention module and classification layers
were fine-tuned.

Training was executed in a single phase utilizing
the Adam optimizer with a constant learning rate of
0.0004. Data augmentation was used for the train-
ing dataset only to improve generalization and avoid
overfitting. Training was performed over several
epochs, but in the empirical studies, performance was
consistent at high epoch numbers, indicating conver-
gence of the attention-based model.

The observed training dynamics as illustrated
in Figure 3 suggest that the Spectra-MobileNet
model effectively learns significant and differentiat-
ing feature representations in a reliable manner. The
close correspondence between training and valida-
tion trends indicates that the attentionmechanism suc-
cessfully refines features without leading to excessive
overfitting. The close similarity of the training and
validation curves indicates strong convergence, while
the small fluctuations in validation accuracy in later
epochs reflect the limited visual features that sepa-
rate prawn freshness classes rather than overfitting to
the training set. These results demonstrate that the
attention-augmented architecture is well-conserved
but not over-parameterized, establishing a good fit for
learning to classify prawns by freshness.

Figure 3:
Training and validation accuracy and loss curves of

the proposed model.
Source: created by the authors.

4.3 Robustness Analysis of the Proposed
Model

The evaluation of the performance of the proposed
model was carried out in various experimental con-
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ditions. The model’s performance was evaluated on
different train-test splits (8:2, 7:3, and 6:4), number
of epochs, batch sizes and performance metrics like
precision, recall, F1-score & Accuracy. The findings
from Table 3 suggest that the model exhibits consis-
tent performance trends despite these variations, after
being trained for 30 epochs at a consistent batch size
of 8 with the 8:2 split providing the most reliable gen-
eralization.

Table 3: Effect of different train–test split ratios on
the performance of the proposed model

Source: created by the authors.

Split Ratio Precision Recall F1-score Accuracy(%)
6:4 0.91 0.90 0.90 90.83
7:3 0.92 0.91 0.92 91.85
8:2 0.93 0.92 0.92 92.40

As a result, we keep this data split consistent and
train the model at higher epochs to achieve better gen-
eralization. Analysis by epochs reveals that perfor-
mance enhances with longer training durations and
reaches an overall accuracy of 95.62% at 120 epochs
and plateaus at 150 epochs as presented in Table 4.

Table 4: Epoch-wise performance analysis of the
proposed model using an 80:20 split

Source: created by the authors.

Epoch Precision Recall F1-score Accuracy(%)
30 0.93 0.92 0.92 92.40
50 0.93 0.93 0.93 93.10
80 0.95 0.94 0.94 94.15
120 0.96 0.95 0.96 95.62
150 0.95 0.95 0.95 95.20

Therefore, the model was now trained for 120
epochs with varying batch sizes for performance eval-
uation. To support this, Table 5 summarizes the ef-
fect of varying batch sizes on the classification per-
formance of the proposed model. In this experiment,
the train–test split was fixed at 80:20 and the num-
ber of training epochs was fixed at 120, while only
the batch size was varied to analyze its influence on
learning behavior. From the table, we can infer that
the model provided the best results at 8 epochs and in-
creasing the batch sizes correspondingly affected the
model’s overall performance.

Table 5: Impact of batch size variation on the
performance of the proposed model using 80:20 split

Source: created by the authors.

Batch Size Precision Recall F1-score Accuracy(%)
8 0.96 0.95 0.96 95.62
16 0.94 0.93 0.93 95.09
32 0.93 0.94 0.93 94.85
64 0.93 0.93 0.92 94.43

4.4 Baseline Evaluation of the Proposed
Model

The Spectra-MobileNet model was assessed using a
consistent training setup that included an 80:20 split
for training and testing, a batch size of 8, and a total
of 120 training epochs. The model’s classification re-
port can be found in Table 6. The Spectra-MobileNet
model reaches an overall test accuracy of 95.62% at
120 epochs, accompanied bywell-balanced precision,
recall, and F1-score, which demonstrates dependable
and consistent performance in multi-class classifica-
tion.

Table 6: Classification Report of the proposed Model
Source: created by the authors.

Class Precision Recall F1-score
Bad 0.96 0.95 0.95
Intermediate 0.94 0.95 0.94
Good 0.97 0.97 0.97
Accuracy 0.95

The confusion matrix shown in Table 7 reveals a
significant alignment between the predicted and ac-
tual class labels throughout all freshness categories.
The few misclassifications occur mainly between
neighboring quality levels, indicating the gradual bio-
logical changes in prawn freshness instead of any in-
stability in the suggested model.

Table 7: Confusion Matrix of the proposed Model on
Test Set

Source: created by the authors.

Actual/Predicted Bad Intermediate Good
Bad 57 3 1
Intermediate 2 57 1
Good 0 2 58

The multiclass ROC–AUC evaluation illustrated
in Figure 4 further demonstrates effective separabil-
ity between classes, showcasing particularly strong
distinction for the Bad category, as well as reason-
able separation for the other classes and thus keeps
the AUC for all categories above 0.92.

1. Bad AUC: 0.931

2. Good AUC: 0.950

3. Intermediate AUC: 0.962
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Figure 4: AUC-ROC Curve of the model
Source: created by the authors.

In summary, the findings validate that the pro-
posed model provides stable and significant perfor-
mance even with a moderate number of training
epochs, confirming its effectiveness as a benchmark
configuration for further robustness and comparative
studies.

4.5 Model-wise Performance Comparison
Table 8 demonstrates a comparative analysis of the
performance of the proposed model alongside several
popular deep learning models, such as VGG16, In-
ceptionV3, [13], EfficientNet, [14], and ResNet50,
[15], using the prawn freshness dataset. Although
deeper architectures show comparable precision and
recall, Spectra-MobileNetV2 achieves the highest
overall classification accuracy at 95.62%, while
also maintaining balanced precision, recall, and F1-
score. This outcome emphasizes the effectiveness
of combining frequency-domain spectral characteris-
tics with attention-guided feature refinement within
a lightweight framework. Importantly, the proposed
model achieves excellent accuracy with lower com-
putational demands, underscoring its appropriateness
for practical use in resource-limited aquaculture in-
spections and IoT-driven monitoring systems.

The proposed model has the highest accuracy of
95.62% while using the computational resources, i.e.,
7.65 million parameters and 0.34 G FLOPs, and an
inference speed of 11.2 ms, thus competing favor-
ably with EfficientNet in terms of speed while beat-
ing other resource-intensivemodels like VGG16, thus
validating its optimal trade-off in terms of accuracy
and speed, which are essential in IoT applications.

This section describes the approach taken for clas-
sifying prawn freshness automatically using deep
learning techniques. A dataset that was created
specifically for the study included three distinct qual-
ity categories, and a MobileNetV2 model enhanced
with attention mechanisms, specifically the CBAM,

Table 8: Performance comparison of different deep
learning models on the prawn freshness dataset

Source: created by the authors.

Models Acc. (%) Prec. Rec. F1 Params (M) FLOPs (G) Inf. Time (ms)
VGG16 [12] 92.34 0.91 0.92 0.91 138.35 15.47 24.5
InceptionV3 [13] 93.45 0.92 0.93 0.92 23.83 5.72 18.2
EfficientNet [14] 94.48 0.94 0.93 0.93 5.30 0.39 11.4
ResNet50 [15] 95.16 0.94 0.94 0.95 25.56 4.12 15.8
Proposed 95.62 0.96 0.95 0.96 7.65 0.34 11.2

was introduced to enhance feature discrimination
while maintaining computational efficiency. This
training procedure used transfer learning, data aug-
mentations, and optimization constraints. The test-
ing was done through baseline model comparisons
and robustness against dataset splits, epochs and batch
sizes, providing confidence in the results of the sub-
sequent section.

4.6 Test Case Prediction
To show the applicability of the Spectra-MobileNet,
a qualitative inference was performed on unseen
prawns images extracted from the test dataset. An
sample image from this dataset was processed with
the trained Spectra-MobileNet to output a predicted
freshness label and confidence value.

As illustrated in Figure 5, the model retrieves
by identifying weak visual cues of prawn freshness
and leveraging the attention mechanism to highlight
prominent areas. The confidence score represents
the certainty of prediction from the ordinal regres-
sion head to prevent the hijacking of ordinal classi-
fication by regression scores across neighboring lev-
els. This subjective assessment aligns with the ob-
jective quantitative findings and further endorses the
approach’s viability for real-time application and de-
ployment across aquaculture.

Figure 5: Test Case Prediction predicted
Good:91.54%, Bad:3.34%, Intermediate:5.12%

Source: created by the authors.
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4.7 Discussions
Experiment results determine that the Spectra-
MobileNet model is accurate and effective for prawn
quality classification task. The best performance of
the model on multiple evaluation indicators suggests
that it can be properly utilized to assist actual seafood
quality inspection procedures with reliability. To fur-
ther reduce ambiguity between visually comparable
classes, the patterns of misclassifications are also in-
formative in the sense that they provide informa-
tion about potential improvements in the dataset, e.g.,
providing additional intermediate examples or better
lighting normalization. For prediction improvement,
the dataset can be further augmented with assistance
of generating similar synthetic images or taking more
of such images based on their categories. This makes
the real-life scenario possible. These results provide a
sound foundation for further research that attempts to
incorporate computerized decision-making and real-
time image capture into aquaculture quality control
systems.

Although the proposed approach  shows high ac-
curacy, it is necessary to consider environmental
availability. The present data set was obtained under
a controlled indoor light condition  and neutral white
background, decoupling the subject from the environ-
ment. In  deployment to real-world scenarios, such
as on-site aquaculture inspection, there may be am-
bient light differences (e.g., sunlight vs. shade) and
background noise that could affect frequency-domain
feature extraction. Moreover, image  quality could be
different on various smartphone sensors.Future ver-
sions of  Spectra-MobileNet will have to integrate do-
main adaptation methods in order to make them ro-
bust in the face of these sensor-specific irregularities.

We recognize that although data augmentation in-
creased the number of samples to 900 images, this
is not effectively augmenting biological diversity but
only geometric and chromatic invariance. The core
dataset is still restricted to the 210 original individu-
als that were obtained from one source. As a result,
the model might have difficulty representing the full
range of biological variation (e.g., between-species
spoilage patterns or widespread variation in harvest
conditions) encountered across global supply chains.
Next steps will focus on increasing the size of the
study sample for greater intrinsic data variation.

5 Conclusion & Future Work
This study proposed a lightweight deep learning
framework for automated prawn quality classification
using MobileNetV2 integrated with a CBAM atten-
tion mechanism. The proposed model demonstrated
robust performance on an augmented self-constructed
dataset derived from limited original samples, effec-
tively classifying prawns into Good, Intermediate,

and Bad categories with high reliability. The incor-
poration of attention mechanisms enhanced the net-
work’s ability to capture subtle visual and textural
cues, supporting its suitability for real-world aquacul-
ture quality inspection applications.

Despite such great performances, some misclassi-
fications between the Intermediate and Good classes
happened owing to their visual similarity and the gra-
dation of freshness. This limitation can, however, be
addressed in future work through further studies ex-
ploring sophisticated augmentation strategies, more
varied and extensive datasets, and alternative learning
strategies. The framework can also be extended in the
real-time deployment, IOT-based sensing solutions,
and even newer architectures such as transformer-
based vision models.

Future works will conduct  the cross-dataset eval-
uation to verify the real generalization capability of
the model in other environments beyond our con-
trolled experimental setup. We will prepare a curated
test set of images acquired from alternative acqui-
sition devices (such as industrial cameras, different
smartphone models)  and uncontrolled illumination.
Validation of the  pre-trained Spectra-MobileNet on
this ‘wild’ data is important to prove its readiness for
commercial IoT deployment.
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A Appendix

Figure 1: Workflow Diagram
Source:created by the authors.

Figure 2: Proposed Architecture
Source:created by the authors.

Table 1: Ablation Study: Contribution of individual components to the Spectra-MobileNet architecture that
provided an accuracy of 92.40% at 8:2 data split, batch size of 8 trained for 30 epochs.

Source:created by the authors.

Model Variant Attention Mechanism Fusion Strategy Head Type Accuracy (%)
Baseline (MobileNetV2) None - Softmax 84.50
+ Spatial Attn Spatial Only - Softmax 86.10
+ Spectral Attn DCT Only - Softmax 87.85
+ Seq. Fusion Spec→ Spat Sequential Softmax 88.90
+ Par. Fusion (PSSF) Spec + Spat Parallel Softmax 90.25
Spectra-MobileNet Spec + Spat Parallel Ordinal 92.40
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