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Abstract. Indonesia has already contacted the maritime nations due to its 
5.8 million km² of coastline. Consequently, fish products are among the most 
important commodities. Moreover, fish grading is a crucial step in the 
process of exporting fisheries products. Currently, in Indonesia, the process 
itself is manually inspected by an expert. In addition, this paper proposes to 
assist the industry by suggesting a method for grading fish. This method 
involves combining two essential fish parts with different resolutions: the 
high-level feature (the body) and the low-level feature (the eye) serve as 
defining characteristics. These two main parts are accurately localized using 
a deep learning-based object detection model, specifically YOLOv7, and 
extracted with an efficient and adaptive learned classification model, namely 
EfficientnetV2S. In the final stage, the two extracted features are combined 
and learned with Dense Layers to generate three distinct fish grades. Based 
on the experimental results, the proposed work achieved an accuracy, F1 
Score, and recall of 96.88%, 97%, and 97%, respectively. The proposed 
model outperformed the baseline model, which relies solely on deep 
learning-based classification, by a significant margin. 

1 Introduction 
Indonesia is a maritime nation with a total water area of 6,400,000 km2 [1]. This allows 
Indonesia to excel in the marine and fishing industries. In Indonesia, fisheries products are 
sold domestically and exported abroad. In order to stimulate marine economy growth in 
Indonesia, fishermen must ensure that the fish they intend to sell meet export quality 
standards [2]. In general, the appearance of the eye and body can be used to determine the 
quality of the fish. Currently, fish are graded based on their quality through physical 
inspection. It causes results to vary based on the knowledge or experience of each inspector.  
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In recent years, researchers from around the world have conducted experiments using 
deep learning to successfully solve object recognition [3] and visual problems [4] problems. 
Positive results of deep learning in research augur positive applications of deep learning in a 
variety of industries, including marine and fisheries. Consequently, this study proposed a 
method for grading fish by combining object detection and classification deep learning-based 
models. Specifically, in the first stage, the system uses the state-of-the-art object detection-
based model or YOLOv7 [5] to locate the key feature with different resolution by cropping 
two main parts of the raw image region, for taking the low level and high level feature. In the 
second step, the cropped images are fed to the classification-based model or EfficientnetV2S 
[6] for feature extraction. In addition, the extracted of two features are ensembled to produce 
the grade of fish in the final stage. 

2 Related Works  
Several researchers have previously utilized machine learning in the marine and fishing 
industries. A great deal of research has been conducted on fish, primarily to classify fish 
species [7-9] or even to monitor fish habitats [10]. For fish grading itself, a few researchers 
have done it before. The experiment described in [11] used a simple machine-learning 
algorithm called Support Vector Machine to process and grade images of fish. The work 
described in [12] used multispectral imaging to grade fish using the flesh as the input. CNN 
was used to classify fish into two categories with an accuracy ranging from 90.6% to 99.9%, 
depending on the species. On the other hand, some more recent models have utilized object 
detection models to identify fish and generate valuable information. For instance, the work 
known as FishNet [13], along with others [14-16], performs object detection for fish counting 
according to specific species. The work in [17] employed one of the state-of-the-art object 
detection models, well-known as YOLO version five or YOLOv5, to monitor fish in farms, 
and similarly, the work in [18] utilized YOLOv4 for sorting fish. 

Moreover, YOLO is a highly regarded algorithm for object detection in general. It was 
implemented in a variety of real-world applications. For instance, in [19, 20], the YOLO 
family was utilized to construct a successful detection system. In addition, we anticipate that 
the current version of YOLO [5] can also adapt to the task of fish grading. On the other hand, 
Efficientnet [6] is one of the state-of-the-art classification models that effectively balances 
the network depth, width and resolution. As well as YOLO, the Efficientnet will be utilized 
in the fish application task. Therefore, this work aims to unite these two models to achieve 
the best performance. 

3 Proposed Work 
Figure 1 illustrates the architecture of the proposed system for the fish grade identification 
system. We present a method for identifying the grade of fish. According to the review in 
[21], the YOLOv7 shows better accuracy on the MS COCO dataset rather than the other two 
current version YOLO or YOLOv6 [22] and YOLOv8 [23]. Using YOLOv7 [5], the high-
level feature or fish's body and the low-level feature or eye are extracted from the raw image 
as the first step in the process. Moreover, these two keys that have different resolutions were 
identified by the discussion with the expert inspector from PT. Aruna Jaya Nusantara. Then, 
this stage can help to get these two important factors directly and eliminate the background 
as un-useful information. Next, the two cropped images are loaded into an equal two-feature 
extraction EfficientnetV2S [6]. Specifically, this model has an effective compound 
coefficient that can be used to uniformly scales the depth, width, and resolution dimensions 
that effectively learn different level features while improving the efficiency of speed 

performance. The final step is to apply a Dense Neural Network to the ensembled or 
concatenated and learned features from the two images. In this section, detailed information 
on the methodology is provided. 

 

 
Fig. 1. The Architecture of the Proposed Fish Grading System. 

3.1 Detection Stage 

The first step is to prepare the dataset for the detection stage by assigning two labels for the 
fish body and eye to each image. Following labelling, the data are augmented to create a more 
diverse dataset of fish. In this stage, albumentations [24] is utilized. The resampling 
enhancement was implemented while also considering bounding-box-safe enhancements. 
The system used the YOLOv7-based algorithm with the default configuration, or the training 
process began from scratch with the input image 640x640, followed by mosaic and mix-up 
augmentation with probability 1.0 and 0.15, respectively. 

3.2 Classification Stage 

The classification stage employs the most advanced model for convolutional neural 
networks. In this system, we employ transfer learning to utilize a previously constructed or 
trained deep learning model. EfficientnetV2S [6] is the pre-trained model of choice. As 
shown in Table 1, this model achieved the highest accuracy among the deep-learning models 
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that were evaluated on nine classes of a Large-Scale Fish dataset. All of the Efficientnet 
model's layers are not frozen; otherwise, the entire model would be trainable. 

As depicted in Figure 2, we enhance the classification baseline model depicted in Figure 
2(a) with the proposed classification procedure depicted in Figure 2(b). The proposed method 
begins with feature extraction using a pre-trained EfficientnetV2S model. Images of the body 
and eye cropped from object detection will be the input for classification. Only images with 
detected bodies and eyes will be accepted as input for classification. If neither is detected, 
the image will be discarded. Each image of the body and eye is reshaped into (224, 224, 3) 
images before being paired with an EfficientnetV2S model for feature extraction. This 
procedure generates two output tensors of size (None, 1280) for the body image and eye 
image, respectively. The next subnetwork describes the grading procedure itself. This process 
begins with a concatenate layer that receives two inputs from the two EfficientnetV2S. The 
layers must ensemble the tensors before passing them to the Dense Neural Network. The 
network has three outputs, one for each of the three fish grades. In addition, we add a three-
dropout layers before the final layer to aid in the model's regularization. The layers and details 
of the model are depicted in Table 2. 

 

 
(a) 

 

 
(b) 

 

Fig. 2. (a) The Classification Baseline Model. (b). The Proposed Classification Model. 

 

Table 1. Model Testing on A Large-Scale Fish Dataset. 

Model Accuracy (%) 

ShuffleNet [25] 93.02 

RepVGG [26] 93.02 

TNT [27] 86.05 

VAN [28] 74.42 

MobileNetV2 [29] 90.70 

NasNet [30] 95.35 

EfficienNetV2S [6] 97.67 

 

Table 2. The Classifier Specification. 

Layer Parameters Output Shape 

Input 1 0 (None, 224, 224, 3) 

Input2 0 (None, 224, 224, 3) 

Efficientnet 1 20331360 (None, 1280) 

Efficientnet 2 20331360 (None, 1280) 

Concatenate 0 (None, 2560) 

Dense 163904 (None, 64) 

Dropout 0 (None, 64) 

Dense 2080 (None, 32) 

Dropout 0 (None, 32) 

Dense 1056 (None, 32) 

Dropout 0 (None, 32)  

Dense 99 (None, 3) 

4 Ablation and Results 
A Large-Scale Fish Dataset [31] is the dataset used in this study. The dataset is a publicly 
available dataset containing images of nine classes of fish species. We reorganized the data 
into three random groups of fish images. Figure 3 depicts how we modified the data based 
on a discussion with an expert from PT. Aruna Jaya Nusantara by adding marks to the fish 
images to distinguish grades A, B, and C. The images of grade A contain no marks or 
alterations. The grade B images were marked with red on the fish's body or eye. In grade C 
images, red marks were placed on the fish's body and eye. We split the dataset which contains 
319 images into training, validation, and testing with a ratio of 77%, 23%, and 10%, 
respectively. Besides YOLOv7 as the detection model was trained from scratch, the process 
for the feature extraction model will be full training as well. Both Efficientnet layers and top 
layers that we made from scratch will be trained. We assume retraining the Efficientnet model 
will help our model to get a better result, considering our low number of images in our dataset. 
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For the hyperparameters as shown on Table 3, we applied adam optimizer with 1e-3 learning 
rate with categorical cross-entropy loss. We train each model for 80 epochs which we assume 
will be enough considering the number of data, parameters, and learning rate. 

Table 3. The Classifier Specification. 

Description Specification 

Optimizer Adam 

Learning rate 0.003 

Epochs 80 

Batch size 16 

 

 
(a) 

 

 
(b) 

 

 
(c) 

Fig. 3. The fish Dataset. (a) Grade A. (b) Grade B. (c) Grade C. 

In the detection stage, our dataset is fed to YOLOv7. In addition, before entering this 
phase, the fish's body and eye, denoted by bounding boxes, adhere to the Pascal VOC format 
[32] With an IoU threshold of 0.5, YOLOv7 has achieved mAP accuracy of 99.1% based on 
experimental results. 

Finally, in the classification stage, as shown in Table 4, after we performed the proposed 
model, the accuracy shows 91.74%, 92.97%, 97% and 97% for validation, testing, F1 Score 
and Macro Average Recall, respectively. These results are contrasted with the classification 
baseline model or single EfficientnetV2S that inputs a whole fish image which only gets an 
accuracy of 71.04%, 68.18%, 72%, and 70% for validation, testing, F1 Score and Macro 
Average Recall, respectively. Similarly, as shown in Figures 4(a) and (b), the validation curve 
of the proposed method achieved the highest accuracy than the baseline model. Based on 
these results, the proposed detection stage that direct captured two important key features 
that have different resolution, the high-level feature or the body and the low-level feature or 
the eye. Then extracted and grading these features in the classification stage, achieve 
significant accuracy. 
 

 
(a) 

 

 
(b) 

Fig. 4. (a) Classification Baseline Model Accuracy. (b) Proposed Classification Model Accuracy. 
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Table 4. The Comparison Results 

Metrics (%) Base Model Proposed Method 
Validation 
Accuracy 79.17 97.22 

Test Accuracy 71.88 96.88 

F1 Score 72 97 

Macro Average 
Recall 70 97 

5 Conclusion 
This study described a method for identifying fish grades using the deep learning object 
detection model YOLOv7 in the detection stage to capture the two essential fish parts. In 
addition, the proposed classification model with an ensemble of the two components as the 
key features achieves a testing accuracy of 96.88%, which is significantly better than the 
baseline model. In the near future, actual sites of PT. Aruna Jaya Nusantara will implement 
the proposed system for the automatic fish quality inspection system. 
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Table 4. The Comparison Results 

Metrics (%) Base Model Proposed Method 
Validation 
Accuracy 79.17 97.22 

Test Accuracy 71.88 96.88 

F1 Score 72 97 

Macro Average 
Recall 70 97 

5 Conclusion 
This study described a method for identifying fish grades using the deep learning object 
detection model YOLOv7 in the detection stage to capture the two essential fish parts. In 
addition, the proposed classification model with an ensemble of the two components as the 
key features achieves a testing accuracy of 96.88%, which is significantly better than the 
baseline model. In the near future, actual sites of PT. Aruna Jaya Nusantara will implement 
the proposed system for the automatic fish quality inspection system. 
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