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 This study presents a multi-stage hybrid representation learning framework 

for robust fish freshness classification to address the critical challenge of 

reliable quality assessment in unpreserved food supply chains. The proposed 

pipeline operates in two stages: stage-1 employs you only look once 

(YOLO)v8n as feature-gated detector to validate inputs and eliminate non-

fish images, while stage-2 leverages transfer-learned MobileNetV2 variants 

enhanced with convolutional neural network (CNN) layers, fine-tuning, 

adaptive learning rate schedulers, and expanded fully connected layers for 

hierarchical classification into three freshness classes i.e., highly fresh, fresh, 

and not fresh. The framework has been trained and evaluated on two curated 

datasets comprising 4,500 fish and non-fish images and 11,111 freshness-

labeled including augmented dataset to increase diversity. The experimental 

results showed significant improvements. The best performance model 

transfer learning (TL)-MobileNetV2 + CNN + fine-tuning achieved 98.07% 

training accuracy and 67.72% validation accuracy on 80:20 split, and 

training accuracy of 97.57%, validation accuracy of 97.21% through 10-fold 

cross-validation. The comparative benchmarking confirmed that dual-stage 

design outperformed baseline MobileNetV2 and YOLOv5s models across 

precision, recall, and F1-score. The findings highlighted significant value of 

integrating detection-driven validation with transfer-learning classification, 

and propose new benchmark for intelligent freshness monitoring. For future 

work, this study aims to explore attention-based models, data integration, 

and species diversity. 
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1. INTRODUCTION  

The global fish industry is very important for food security and nutrition, especially in developing 

regions, as fish is the primary source of protein and essential micronutrients such as iodine, selenium, and 

vitamin B12 [1]. However, fish is one of the most perishable food products, with freshness rapidly 

deteriorating due to enzymatic, microbial, and physicochemical changes during storage and distribution. 

When fish is stored improperly after harvest, it can turn into histidine. This process can cause scombroid 

poisoning, gastrointestinal illness, respiratory complications, and potentially fatal outcomes [2]–[4]. Beyond 

https://creativecommons.org/licenses/by-sa/4.0/
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health risks, spoilage creates ripple effects across supply chains, undermining consumer trust, contributes to 

food waste, and threaten to economic exporting nations [4]. 

The traditional methods such as the quality index method are widely used to score sensory attributes 

including color, odor, and eye or gill clarity, but remain operator-dependent and inconsistent across 

evaluators [5]. Human evaluators are likely to fatigue and bias, while related costs to maintain skill teams are 

expensive [6], [7]. The sensory evaluation based on phenotypic markers such as eye clarity, gill coloration, 

and body structure remain practiced but constrained with subjectivity, inconsistency, and dependence on 

human experts [5], [6], [8]. The instrumental methods such as torrymeter and spectroscopy-based provide 

more objectivity but require high acquisition costs, impractical design, and lack of scalability [4], [8]. The 

manual methods are time-consuming, and some existing digital systems, such as fisheye-based classifiers, 

have achieved modest accuracy with 77.3%, further limiting adoption [9], [10]. The emerging technologies 

such as biosensors and electronic noses can detect chemical markers of spoilage, but remain at experimental 

stage with high costs and technical barriers to commercialization. 

The recent advancements in deep learning, convolutional neural networks (CNNs) and lightweight 

object detectors such as you only look once (YOLO)v8 have transformed automated visual inspection  

by enabling real-time feature extraction and object localization [9]–[16]. Furthermore, transfer learning 

with backbones like MobileNetV2 allows pre-trained models to adapt effectively to specialized 

agricultural domains with limited annotated data [17], [18]. Despite these advances, the existing  

vision-based approaches show some limitations of single-feature CNN classifiers lack reliability across 

diverse species [9]–[11], robotic visual systems demand strictly controlled studio environments [4], and 

standalone lightweight CNNs lack input validation mechanisms to filter out background noise or non-fish 

distractors [19]–[23]. Thus, these shortcomings highlight integrated dual-stage framework that unifies  

real-time detection-driven input gating with fine-grained, multi-region classification under a scalable 

pipeline [15]–[21], [24]–[27]. 

Therefore, this study introduces FusionNet-YOLO model, dual-stage hybrid deep learning 

framework for fish freshness classification. In the first stage, YOLOv8n as intelligent input validator, 

detection of fish versus non-fish images and to reduce false error. In the second stage, transfer learning  

(TL)-MobileNetV2 variants with CNN layers, fine-tuning strategies, adaptive learning rate schedulers, and 

additional fully connected layers to perform hierarchical classification of freshness levels. This dual-stage 

integration establishes a methodological between detection and classification as to improve robustness, 

enhance discriminative capability, and scalability across datasets.  

The main contributions of this study are as follows: 

− Dual-stage hybrid framework: to propose novel architecture that integrates YOLOv8n as feature-gated 

detection stage with TL-MobileNetV2 variants for fish freshness classification. This framework to 

ensure that only validated fish images are further processed as to reduce error propagation and improve 

overall application reliability. 

− Multi-region feature integration: to enhance the various datasets robustness through the capture 

localized anatomical features i.e., body, eyes, and gills via data augmentation transformation. This 

approach allows the framework to generalize across various species, imaging conditions, and varying 

capture environments. 

− Comprehensive benchmark: to validate layered evaluation to represent the significant proposed variants 

model. At stage-1, YOLOv8n consistently outperformed YOLOv5s in detection accuracy and  

false-positive reduction. At stage-2, the enhanced TL-MobileNetV2 models outperform baseline 

MobileNetV2 across every metrics. 

− Advanced TL enhancements: to extend the MobileNetV2 backbone with additional CNN layers,  

fine-tuning, adaptive learning rate schedulers, and fully connected layers that increased validation 

accuracy from 63.67% (baseline MobileNetV2) to 67.72% (TL-MobileNetV2 + CNN + fine-tuning), 

and stable generalization at 67.01% with adaptive learning rate scheduling. 

− Transferable methodological framework: to generate dual-stage methodology for hierarchical 

classification tasks. The scalability and adaptability as to extend unpreserved food quality monitoring 

domains and intelligent image classification. 

The structure of this paper is organized as follows. Section 1 introduces research study background, 

motivation, literature review, proposed solution, and contributions. Section 2 describes the proposed methods 

i.e., image dataset preparation, data pre-processing, stage-1 feature-gated detection models i.e., YOLOv5s vs. 

YOLOv8n, and stage-2 MobileNetV2-based variants. Section 3 presents the experimental results and 

comparative benchmarking against existing methods. Finally, section 4 concludes the research study, 

contributions to the state-of-the-art, and recommendations for future research. 
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2. METHOD 

The aim of this study is to improve multi-stage hybrid representation learning framework for robust 

fish freshness classification [19], [20]. This study integrates YOLOv5s vs YOLOv8n feature-gated detection 

at the first stage with MobileNetV2 variants at the second stage to achieve fine-grained freshness prediction 

[14], [18], [23]. This dual-stage representation aims to reduce error propagation, improve model stability, and 

enhance generalization across various datasets, and imaging conditions. The overall proposed model is 

shown in Figure 1 and outlines as follows: i) image dataset preparation, ii) data pre-processing, iii) stage-1 

feature-gated detection via YOLOv5s versus YOLOv8n, and iv) stage-2 robust fish freshness classification 

with MobileNetV2 variants. 
 

 

 
 

Figure 1. Proposed multi-stage hybrid pipeline 
 
 

2.1.  Image dataset preparation 

The image dataset preparation for this study has been conducted to experiment the dual-stage 

framework that integrates stage-1 feature-gated detection via YOLOv8 for fish versus non-fish validation, 

and stage-2 freshness classification for fish categorization into freshness levels [4], [14]. This study to ensure 

that only valid fish images proceed to freshness classification. This approach reduces false positives, mitigate 

error propagation, and strengthening robustness [9]–[13]. 
 

2.1.1. Stage-1 feature-gated detection 

For stage-1, the total image dataset of 4,692 images has been collected across two categories: fish 

and non-fish [14], [16]. The fish class contained 1,560 images, which also used as input for stage-2 freshness 

classification. These images have been obtained from three repositories with multiple anatomical ranges of 

body, eye, and gill regions [4], [13]. The non-fish class contained 3,132 images, including marine 

backgrounds, market environments, and irrelevant objects as to build invariance against environmental noise. 

The details of the image dataset of stage-1 are presented in Table 1. 
 

 

Table 1. Stage-1 image dataset description for feature-gated detection 
Dataset Image dataset source Total number of images 

Fish dataset Fish freshness classification dataset from Kaggle, fish eye freshness dataset from 
Mendeley, and primary dataset of fish images that captured and collected at local 

fish markets in Malaysia 

1,560 

Non-fish dataset COVID-19 chest X-ray image dataset, jellyfish image dataset, animal image dataset-
cats, dogs, and foxes, and garbage image dataset from Kaggle 

3,132 

Total  4,692 

 
 

2.1.2. Stage-2 robust freshness classification 

For stage-2, the total of 11,736 number of image dataset that has been collected to extend the 

experiment on robust fish freshness into three classes: highly fresh, fresh, and not fresh. This dataset integrated 

multiple sources to ensure diversity in anatomical cues and spoilage indicators, i.e. i) fish freshness 

classification dataset, ii) freshness of the fish eyes dataset, and iii) primary dataset of fish images that has been 

captured and collected at local fish markets in Malaysia. All datasets emphasized into anatomical regions 

(body, eye, and gill), to ensure that classification relied on multi-regional features rather than single attribute 

such as fish eye appearance. The details of image dataset description of stage-2 tabulated as in Table 2. 



Int J Artif Intell  ISSN: 2252-8938  

 

Multi-stage hybrid YOLO-driven and MobileNetV2-CNN variants for robust … (Raseeda Hamzah) 

3663 

Table 2. Stage-2 image dataset description for fish freshness classification 
Image dataset source Fish freshness class Total number of images 

Fish freshness classification dataset from Kaggle Fresh 2,581 
Not fresh 1,895 

Fish eye freshness dataset from Mendeley Highly fresh 1,764 

Fresh 1,320 
Not fresh 1,306 

Primary dataset Highly fresh 949 

Fresh 957 
Not fresh 964 

Total  11,736 

 
 

2.2.  Data pre-processing 

The primary objective of the data pre-processing phase is to normalize input representations and to 

quantify the progressive representation of TL strategies across 11,736 multi-regional images [17], [18]. The 

raw image has been experimented to standard image dimension and feature enhancement as to achieve  

fine-grained freshness levels across three-class freshness (highly fresh, fresh, and not fresh) [17], [18]. This 

phase further evaluates seven experimental model variants from the baseline MobileNetV2 backbone that 

incorporates custom CNN head, partial fine-tuning, adaptive learning rate schedulers, and expanded fully 

connected classifier layers [17], [27]. Furthermore, targeted data augmentation and image resizing has been 

applied to reduce overfitting, optimize gradient descent convergence, and improve feature invariance across 

body, eye, and gill anatomical regions [21], [25]. 
 

2.2.1. Data augmentation 

The aim of this phase is to increase the diversity of the dataset, prevent overfitting, and increase the 

number of fish image dataset [12], [15], [21]. For stage-1, feature-gated detection, data augmentation on 

geometric and photometric transformations to strengthen invariance in detection. For stage-2, robust 

freshness classification, augmentation emphasized variability in illumination and contrast to simulate  

real-world capture conditions. The augmentation operations that have been employed for stage-1 and stage-2 

are tabulated as Table 3. 
 

 

Table 3. Data augmentation transformations for stage-1 and stage-2 model 
Augmentation Technique Stage-1 Stage-2 

Flipping Horizontal and vertical Horizontal and vertical  

Rotation 90° (clockwise, counter clockwise upside down); 
random −15° to +15° 

Random −25° to +25° 

Cropping/zoom 0–20% zoom applied Not applied 

Grayscale conversion 15% of images converted  Not applied 
Brightness adjustment Between −15% and +15% range Randomized brightness shifts 

Contrast/sharpness Not applied Randomized contrast and sharpness 

 
 

2.2.2. Image resizing 

All image datasets have been resized to standard 224×224 pixels to normalize the input image 

dimension and match the required input size of the MobileNetV2-based model [18], [22]. The standard image 

dimensional is to ensure batch-processing compatible and uniform matrix operations across heterogeneous 

images from multiple repository sources. Furthermore, this spatial resolution optimizes the hybrid model 

performance by balancing computational efficiency and feature preservation, thereby retain fine-grained 

visual details across the eye, gill and body during the model training [22], [25]. 
 

2.3.  Stage-1 feature-gated detection 

The aim of stage-1 model is to detect and classify the feature-gating of fish image representation 

[14], [16]. Two models from the YOLO family i.e., YOLOv5s and YOLOv8n have been experimented and 

evaluated as to benchmark the performance [23]. This study employed YOLOv5s, and YOLOv8n as to 

validate fish image. By filtering out non-fish inputs, this stage acted as feature-gating mechanism that 

reduced false positives and minimized error propagation into stage-2. 
 

2.3.1. YOLOv5s 

This study experimented YOLOv5s as the baseline object detection model, and a lightweight 

member of the YOLOv5 family [16]. YOLOv5s combines real-time detection with bounding box 

localization, enabling identification of fish objects in cluttered environments [23]. The stage-1 dataset 

contained 4,692 labeled images split between fish (1,560 images) and non-fish (3,132 images). For 

YOLOv5s training, bounding boxes have been manually annotated for the fish class, and non-fish images 
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labelled as background. The experimented key features are to enhance multilevel feature fusion and 

decoupled attention mechanisms, reduce false positives and improve detection of small objects, simple, 

parameter-free attention module (SimAM) and custom channel attention modules strengthen focus on 

relevant features in complex scenes, to evaluate advanced intersection over union (IoU)-based losses, 

including focal minimum point distance IoU and complete intersection over union (CIoU), address class 

imbalance and improve convergence; and bidirectional feature pyramid network (BiFPN) with coordinate 

attention refines feature representation, boosting detection accuracy. The training experiment has been 

performed for 5 epochs with an input size of 640 × 640 pixels. The experimental results achieved an 

acceptable 76.745% precision and 62.766% recall at epoch four. However, this study showed two main 

issues: i) increased computational overhead due to bounding box regression as to reduce suitability for 

lightweight deployment; and ii) reduced precision in cluttered backgrounds, allowing some non-fish images 

to pass through as false positives. 
 

2.3.2. YOLOv8n 

The YOLOv8n has been experimented to compare with YOLOv5s for fish vs non-fish detection. 

The aim is to remove the bounding box annotations and simplify the pipeline while producing high 

discriminative performance [14], [23]. Key factors of YOLOv8n pipeline are to represent binary problem 

(fish and non-fish), then bounding box annotations is eliminated, hence simplify the detection pipeline while 

provides high discriminative performance, optimize for real-time detection, and suitable for fisheries 

applications. YOLOv8n also combine FasterNet blocks and efficient multi-scale attention (EMA) attention as 

to enhance feature extraction and detection accuracy, employs BiFPN-based multi-scale feature fusion to 

optimize feature pyramid sampling, reduces parameters for efficient real-time inference in resource-constrained 

environments, achieves lower complexity and faster inference, and offers strong performance for speed and 

accuracy, achieving higher overall performance metrics compared to YOLOv5s [14], [23]. 
 

2.4.  Stage-2 robust freshness classification with TL-MobileNetV2 variants 

Following stage-1 validation with YOLOv8n, only verified fish images have been processed into 

stage-2 for hierarchical freshness classification into highly fresh, fresh, and not fresh [15], [26]. This stage 

aims to experiment the lightweight MobileNetV2-based architecture as to improve efficiency, accuracy, and 

suitable for high-dimensional visual tasks under computational constraints [18], [25]. The baseline 

MobileNetV2 adapted by removing the original top layers and integrating customized classification head 

comprising average pooling, dense layers, dropout, and softmax output. The objective is to modify the 

extraction of domain-specific features, mainly from eye, gill, and body regions [15]–[27]. The total of seven 

refinements TL–MobileNetV2 variants have been developed that incorporate CNN extensions, fine-tuning, 

adaptive learning rate schedulers, and expanded fully connected layers as experimented in Table 4. The aims 

are to advance representation learning, mitigate overfitting, and improve generalization across heterogeneous 

datasets, thus establishing a robust freshness classification pipeline that outperforms conventional  

single-model approaches. The seven experimental refinement models are summarized as shown in Table 4. 
 

 

Table 4. The seven proposed TL–MobileNetV2 variants model 
Model Description Performance 

Baseline MobileNetV2 Pretrained on ImageNet, used as 

lightweight feature extractor. 

Achieved strong training accuracy (94.26%) 

but low validation accuracy (63.67%), 
indicating overfitting and weak generalization. 

TL-MobileNetV2 Incorporated transfer learning with 

pretrained weights and custom 
classification head. 

Improved validation accuracy to 67.11%, 

showing better adaptability to domain-specific 
features. 

TL-MobileNetV2 + CNN Combine convolutional layers on top 

of MobileNetV2 to capture finer local 
textures. 

Boosted training accuracy (95.39%) and 

improved stability in body and gill datasets. 

TL-MobileNetV2 + CNN + fine-tuning Combined CNN extensions with 

selective fine-tuning of top 
MobileNetV2 layers. 

Achieved the high training accuracy (98.07%) 

and highest validation accuracy (67.72%), 
demonstrating improved feature discrimination 

and robustness across augmented datasets. 

TL-MobileNetV2 + CNN + learning rate 
scheduler 

Introduced dynamic schedulers to 
stabilize convergence and reduce loss 

oscillations. 

Reached validation accuracy of 66.78%, 
showing balanced generalization across 

datasets. 

TL-MobileNetV2 + CNN + additional 
fully connected layers 

Expanded fully connected layers to 
increase representational depth. 

Improved performance moderately (65.10% 
validation accuracy), but with diminishing 

returns and higher computational cost. 

TL-MobileNetV2 + CNN + fine-tuning + 
adaptive learning rate scheduler 

Integrated all refinements into the 
most advanced configuration. 

Achieved the highest training accuracy 
(98.63%) and strong validation accuracy 

(67.01%), with robustness. 
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3. RESULTS AND DISCUSSION 

This section presents the experimental findings of the proposed multi-stage hybrid representation 

learning framework for robust fish freshness classification [4], [12], [19]. The detailed explanation of stage-1 

feature-gated detection with YOLOv5s and YOLOv8n, stage-2 robust freshness classification using 

MobileNetV2 variants as follows. The analysis results are presented below with accuracy, precision, recall, 

and F1-score. The comparative evaluations with prior studies are also discussed [10], [13], [21], [26]. 

 
3.1.  Stage-1 feature-gated detection via YOLOv5s–YOLOv8n: fish versus non-fish 

The first stage of the pipeline evaluated YOLOv5s and YOLOv8n as competing architectures for 

feature-gated detection of fish versus non-fish classification prior to freshness analysis [14], [16]. Based on 

Table 5, it is shown that YOLOv8n consistently outperformed YOLOv5s across all key evaluation metrics. 

This feature-gated represents pre-filter that effectively suppresses background distractors, market 

environment noise, and non-fish objects, thereby to prevent false-positive error propagation into stage-2 [16]. 

Furthermore, YOLOv8n demonstrated faster inference speeds and reduced parameter complexity compared 

to YOLOv5s, thereby valid for practical suitability for real-time edge deployment in fisheries quality 

monitoring [14], [23]. 

 

 
Table 5. YOLOV5s and YOLOv8n 

Epoch YOLOv5s YOLOv8n 

Precision Recall Training accuracy Training loss Validation loss 

0 0.18036 0.25897 0.9837 0.19066 0.07398 

1 0.4865 0.47819 0.99457 0.04636 0.08152 
2 0.49789 0.45945 0.98913 0.04373 0.06151 

3 0.64529 0.55567 0.99457 0.03114 0.07025 

4 0.76745 0.62766 0.99457 0.01522 0.07883 

 

 
3.2.  Stage-2 robust freshness classification on 80:20 split: baseline to hybrids 

The aim of stage-2 is to benchmark the effectiveness of progressive MobileNetV2 enhancements 

under an 80:20 training–validation split, from the baseline backbone to hybrid variants [15], [26]. Table 6 

shows average training and validation accuracy for MobileNetV2 variants model performance. Based on 

Table 6, baseline MobileNetV2 achieved 63.67% validation accuracy transfer learning and  

CNN integration provided incremental gains. Fine-tuning further improved stability, reaching 67.72%, 

while the hybrid with adaptive learning rate scheduling achieved the best trade-off between training 

accuracy (98.63%) and validation accuracy (67.01%). These results highlight the stage-2 model 

particularly CNN extensions and adaptive schedulers, mitigate overfitting and strengthen generalization 

compared to the baseline. 

 

 
Table 6. Average training and validation accuracy for MobileNetV2 variants model performance 

Model Training accuracy Validation accuracy 

Baseline MobileNetV2 94.26 63.67 

TL-MobileNetV2 93.03 67.11 
TL-MobileNetV2 + CNN 95.39 64.72 

TL-MobileNetV2 + CNN + fine-tuning 98.07 67.72 

TL-MobileNetV2 + CNN + learning rate scheduler 96.81 66.78 
TL-MobileNetV2 + CNN + Additional FC layers 95.25 65.10 

TL-MobileNetV2 + CNN + fine-tuning + adaptive learning rate scheduler 98.63 67.01 

 

 
3.3.  Stage-2 evaluation metrics for MobileNetV2 variants across dataset 

The aim of this section is to evaluate and compare the performance of TL-MobileNetV2  

variants across various datasets. These evaluations have been conducted to determine the effect of 

architectural refinements, optimization strategies, and training duration on the robustness and 

generalization of the freshness classification system [15], [25], [26]. This section experimented for each 

variant for training and validation on heterogeneous datasets consisting of body, eye, and gill images 

across three freshness levels (highly fresh, fresh, and not fresh), and across 5, 10, and 15 epochs, focusing 

on training accuracy, validation accuracy, and generalization trends based on seven refinements variants 

[18], [27] as shown in Tables 7 to 14. 
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Based on the Table 14, the baseline MobileNetV2 achieved modest accuracy (92.23% training, 

62.54% validation), while transfer learning improved validation to 65.90%. The CNN layers extension 

produced small significant, while incorporating fine-tuning significantly produced validation accuracy  

to 67.88% from TL-MobileNetV2. The learning rate scheduler maintained balanced performance  

(93.39% training, 65.52% validation), whereas additional fully connected layers led to overfitting with 

reduced validation (61.89%). The best performance model, TL-MobileNetV2 with CNN, and fine-tuning, 

resulted 94.97% ± 0.04 training and 67.88% ± 2.10 validation accuracy. Thus, fine-tuning integration 

enhance robustness more effectively than increased architectural depth. This model demonstrates both strong 

accuracy and stable convergence. 

 

 

Table 7. Stage-2–training, and validation accuracy for baseline MobileNetV2 model performance  
Dataset 5 epochs 10 epochs 15 epochs 

Training Validation Training Validation Training Validation 

Fish freshness classification dataset 100 100 100 100 100 100 

The freshness of the fish eyes dataset 65.02 41.51 70.88 41.16 72.93 41.85 

Primary dataset–body 88.45 54.79 92.39 67.02 93.83 67.55 

Primary dataset–eyes 92.49 52.88 96.89 49.21 98.83 53.40 
Primary dataset–gills 90.74 56.84 97.78 60.00 98.17 57.37 

Primary dataset with data augmentation–body 90.28 72.31 92.46 74.64 93.99 74.64 

Primary dataset with data augmentation–eyes 94.70 50.93 96.68 56.35 98.29 56.72 
Primary dataset with data augmentation–gills 93.66 56.31 96.90 57.73 98.06 57.80 

Average 89.42 60.70 93.00 63.26 94.26 63.67 

 

 

Table 8. Stage-2–training, and validation accuracy for TL–MobileNetV2 model performance 
Dataset 5 epochs 10 epochs 15 epochs 

Training Validation Training Validation Training Validation 

Fish freshness classification dataset 99.78 100 100 100 100 100 

The freshness of the fish eyes dataset 59.78 41.73 66.30 43.79 70.20 43.33 
Primary dataset–body 89.37 64.89 93.18 64.89 95.14 70.21 

Primary dataset–eyes 92.36 54.45 98.06 54.97 99.22 58.18 

Primary dataset–gills 93.61 61.05 98.83 64.74 99.48 67.37 
Primary dataset with data augmentation–body 89.78 75.47 92.33 75.55 92.99 76.90 

Primary dataset with data augmentation–eyes 93.18 56.94 96.57 59.91 97.26 55.75 

Primary dataset with data augmentation–gills 93.19 61.09 96.87 65.20 97.11 65.12 
Average 88.88 64.45 92.77 66.13 93.93 67.11 

 

 

Table 9. Stage-2–training, and validation accuracy for TL–MobileNetV2 + CNN model performance 
Dataset 5 epochs 10 epochs 15 epochs 

Training Validation Training Validation Training Validation 

Fish freshness classification dataset 100 100 100 99.89 99.69 99.44 
The freshness of the fish eyes dataset 51.64 42.42 61.20 41.28 79.05 41.96 

Primary dataset–body 87.90 70.74 91.38 65.96 94.09 68.62 
Primary dataset–eyes 95.08 60.21 99.61 52.88 99.87 53.93 

Primary dataset–gills 94.52 57.89 98.17 65.26 98.70 69.47 

Primary dataset with data augmentation–body 90.62 68.10 92.60 67.72 94.78 70.58 
Primary dataset with data augmentation–eyes 95.24 56.57 97.26 54.79 98.39 53.45 

Primary dataset with data augmentation–gills 93.00 58.03 97.89 56.83 98.58 60.27 

Average 88.50 64.25 92.26 63.08 95.39 64.72 

 

 

Table 10. Stage-2–training, and validation accuracy for TL–MobileNetV2 + CNN + fine-tuning  

model performance 
Dataset 5 epochs 10 epochs 15 epochs 

Training Validation Training Validation Training Validation 

Fish freshness classification dataset 99.92 99.89 100 100 99.97 100 
The freshness of the fish eyes dataset 73.38 40.25 70.05 41.51 93.82 41.62 

Primary dataset–body 94.62 67.55 94.36 65.96 70.74 95.14 

Primary dataset–eyes 99.22 60.73 99.87 70.16 97.67 60.73 
Primary dataset–gills 99.22 59.47 99.81 62.11 100 65.79 

Primary dataset with data augmentation–body 95.49 72.46 97.52 67.12 98.53 74.87 

Primary dataset with data augmentation–eyes 99.30 60.73 99.20 58.57 99.78 61.25 
Primary dataset with data augmentation–gills 98.36 67.21 98.75 69.53 99.66 66.77 

Average 94.94 66.00 94.95 66.87 95.02 70.77 
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Table 11. Stage-2–training, and validation accuracy for TL–MobileNetV2 + CNN + learning rate scheduler 

model performance  
Dataset 5 epochs 10 epochs 15 epochs 

Training Validation Training Validation Training Validation 

Fish freshness classification dataset 99.97 99.89 100 100 100 100 

The freshness of the fish eyes dataset 51.38 40.94 75.18 42.42 83.63 41.51 

Primary dataset–body 85.83 62.77 93.18 67.02 95.67 70.74 
Primary dataset–eyes 94.82 61.26 99.22 54.45 100 60.21 

Primary dataset–gills 95.57 57.89 97.39 61.05 99.61 63.16 

Primary dataset with data augmentation–body 89.95 73.97 94.64 72.46 96.73 77.05 
Primary dataset with data augmentation–eyes 96.46 57.54 99.81 61.40 99.50 55.83 

Primary dataset with data augmentation–gills 94.37 60.64 99.10 64.53 99.33 65.80 

Average 88.54 64.36 94.82 65.42 96.81 66.79 

 

 

Table 12. Stage-2–training, and validation accuracy for TL-MobileNetV2 + CNN + additional fully 

connected layers model performance 
Dataset 5 epochs 10 epochs 15 epochs 

Training Validation Training Validation Training Validation 

Fish freshness classification dataset 99.89 99.66 99.86 99.66 100 99.89 

The freshness of the fish eyes dataset 50.90 41.16 69.31 41.62 81.21 45.72 

Primary dataset–body 56.96 56.38 85.17 57.98 90.94 61.70 
Primary dataset–eyes 66.58 38.22 83.42 51.83 97.02 57.07 

Primary dataset–gills 53.32 42.11 84.35 48.95 97.65 64.21 

Primary dataset with data augmentation–body 87.78 74.27 94.72 70.35 96.81 74.57 
Primary dataset with data augmentation–eyes 92.64 57.02 98.18 59.24 99.22 52.19 

Primary dataset with data augmentation–gills 93.49 60.87 97.95 65.35 99.12 65.47 

Average 75.20 58.71 89.12 61.87 95.25 65.10 

 

 

Table 13. Stage-2–training, and validation accuracy for TL-MobileNetV2 + CNN + fine-tuning + adaptive 

learning rate scheduler model performance 
Dataset 5 epochs 10 epochs 15 epochs 

Training Validation Training Validation Training Validation 

Fish freshness classification dataset 99.94 100 100 99.89 100 100 

The freshness of the fish eyes dataset 73.87 44.81 87.53 39.00 94.73 39.45 

Primary dataset–body 95.67 67.02 94.88 65.43 95.14 76.06 
Primary dataset–eyes 99.09 57.59 100 60.21 99.74 51.31 

Primary dataset–gills 99.87 56.32 100 62.63 100 67.37 

Primary dataset with data augmentation–body 96.84 68.62 97.58 66.37 99.68 69.22 
Primary dataset with data augmentation–eyes 99.02 62.51 99.81 59.69 99.93 58.65 

Primary dataset with data augmentation–gills 99.27 60.46 99.76 68.98 99.81 73.99 

Average 95.45 64.67 97.44 65.21 98.63 67.01 

 

 

Table 14. Stage-2 for TL-MobileNetV2 variants model–average ± standard deviation (SD) 
Model Training ± SD Validation± SD Epochs 

Baseline MobileNetV2 92.23 ± 2.06 62.54 ± 1.32 5, 10, 15 

TL-MobileNetV2 91.86 ± 2.15 65.90 ± 1.10 5, 10, 15 
TL-MobileNetV2 + CNN 92.05 ± 2.82 64.02 ± 0.67 5, 10, 15 

TL-MobileNetV2 + CNN + fine-tuning 94.97 ± 0.04 67.88 ± 2.10 5, 10, 15 

TL-MobileNetV2 + CNN + learning rate scheduler 93.39 ± 3.48 65.52 ± 1.22 5, 10, 15 
TL-MobileNetV2 + CNN + additional FC layers 86.52 ± 8.36 61.89 ± 2.62 5, 10, 15 

TL-MobileNetV2 + CNN + fine-tuning + adaptive learning rate scheduler 97.17 ± 1.29 65.30 ± 1.00 5, 10, 15 

 

 

Overall, the MobileNetV2 variants show strong generalization pattern across 5, 10, and 15 epochs. 

The baseline MobileNetV2 and TL-MobileNetV2 show small validation rates that indicate transfer learning 

alone improves adaptation but does not fully address overfitting. The additional CNN (TL-MobileNetV2 + 

CNN) raises training accuracy with relatively small fluctuations in validation accuracy, while fine-tuned 

variant (TL-MobileNetV2 + CNN + fine-tuning) achieves the highest average validation accuracy with 

slightly larger variability across epochs. The learning rate scheduler model maintains balanced trade-off 

between fit and generalization as configuration with additional fully connected layers clearly overfits, as 

reflected by high training but weaker validation accuracy. Therefore, the most advanced model  

(TL-MobileNetV2 + CNN + fine-tuning) delivers high average accuracy with comparatively small changes 

across epochs, indicating more stable optimization behavior and robust generalization on heterogeneous 

freshness datasets. 
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3.4.  Stage-2 robustness fresh classification via 10-fold cross-validation 

The aim of this experiment is to evaluate the robustness and stability of the proposed  

TL-MobileNetV2 + CNN + fine-tuning variant across combination datasets. The single 80:20 split 

experiments may produce bias results depending on the train–test structure dataset 10-fold cross-validation 

provides a more comprehensive measure of generalization by averaging outcomes across multiple  

folds [10], [15], [21]. Tables 15 and 16 show the 10-fold cross-validation results. 

 

 
Table 15. Stage-2–training, and validation accuracy for 10-fold cross-validation 

Fold Training accuracy Validation accuracy 

1 0.9736 0.967626 
2 0.9719 0.966697 

3 0.9757 0.964897 

4 0.9727 0.967597 
5 0.975 0.955896 

6 0.9719 0.972097 

7 0.9724 0.957696 
8 0.9732 0.948695 

9 0.9755 0.951395 

10 0.9749 0.957696 
Average 0.97369 0.961029 

 

 
Table 16. Stage-2–average precision, recall, and F1-score for 10-fold cross validation across class variants 

Class Precision Recall F1-score 

Highly fresh 0.90 0.92 0.91 
Fresh 0.97 0.95 0.96 

Not fresh 0.99 0.99 0.99 

 

 
Based on Table 15, the model maintained consistently high training and validation performance 

across all folds, with average training accuracy of 97.37% and validation accuracy of 96.10%. The small 

variance between folds demonstrates that framework generalizes well to unseen data, mitigate overfitting, 

and prove stability across various datasets. For class-wise evaluation further strengthens these findings.  

Table 16 reports the averaged precision, recall, and F1-score for each freshness category. 

The not fresh class achieved near-perfect performance (precision = 0.99, recall = 0.99,  

F1-score = 0.99), outperformance proposed model performance with high reliability. The fresh class also 

demonstrated strong outcomes (precision = 0.97, recall = 0.95, F1-score = 0.96), proposed the mid-range 

freshness levels are consistently captured. For the highly fresh class, although precision (0.90) and recall 

(0.92) slightly lower than other classes, the average F1-score of 0.91 remains competitive, highlighted the 

challenges of distinguishing fine-grained freshness cues at the upper quality boundary. Overall, these results 

indicate that the dual-stage architecture achieves both accuracy and robustness, outperform the traditional 

baseline MobileNetV2 model reported in prior studies. 

 

 
4. CONCLUSION 

This paper presented multi-stage hybrid representation learning framework that integrates  

YOLOv8-driven feature-gated detection with MobileNetV2-CNN transfer learning for fish freshness 

classification. The two stages pipeline validates input images before predicts freshness across three 

categories: highly fresh, fresh, and not fresh. The enhanced model across MobileNetV2, CNN extensions, 

fine-tuning, and adaptive learning rate scheduling backbone achieved highest training accuracy of  

98.07% and validation accuracy of 67.72% using 80:20 split, while 10-fold cross-validation presented peak 

training accuracy of 97.57%, and validation accuracy of 97.21%. The findings highlight the value of dual 

feature-gated detection with various TL-MobileNetV2 classification in the state of the art for fish  

freshness monitoring. However, there have some limitations such as misclassifications occasionally occurred 

between adjacent freshness categories when minimal visual differences and limited to fish species dataset. 

Beyond fish application, the proposed dual-stage framework offers transferable AI methodology for  

broader perishable food quality monitoring. The YOLO-based feature-gated detection stage can be 

repurposed to validate meat cuts, poultry surfaces, or fruit and vegetable deformities, while the 

MobileNetV2-CNN classifier can be fine-tuned to learn domain freshness cues such as bruising, 



Int J Artif Intell  ISSN: 2252-8938  

 

Multi-stage hybrid YOLO-driven and MobileNetV2-CNN variants for robust … (Raseeda Hamzah) 

3669 

discoloration, and dehydration. The architecture may strengthen the extraction of subtle spatial textures and 

progressive degradation indicators. 
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