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The detection of freshwater fish in turbid underwater environments 

presents significant challenges due to poor image quality caused by 

low lighting, suspended particles, and visual noise. This study 

proposes an optimized detection model for Amphilophus labiatus (Red 

Devil fish) in the murky waters of Lake Toba, Indonesia, using a 

hybrid Convolutional Neural Network (CNN) integrated with transfer 

learning and visual enhancement techniques. The proposed 

architecture combines MobileNetV2 and ResNet50 backbones with 

CLAHE (Contrast Limited Adaptive Histogram Equalization) and 

median filtering to improve image clarity and feature extraction. A 

custom dataset comprising 3,500 annotated underwater images was 

used to train and evaluate the model. The hybrid model achieved a 

detection accuracy of 96.1%, a precision of 95.6%, a recall of 94.8%, 

and a mean Average Precision (mAP@0.5) of 0.941—outperforming 

baseline models such as YOLOv5 and Faster R-CNN. Visual 

diagnostics and Grad-CAM attention maps confirm the model's ability 

to focus on key anatomical features under varying image conditions. 

The architecture is optimized for real-time deployment on edge-AI 

devices, supporting conservation efforts and biodiversity monitoring 

in freshwater ecosystems 
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1. INTRODUCTION 

Freshwater ecosystems are among the most vital natural resources, providing critical habitats for diverse 

aquatic organisms and supporting the livelihood of surrounding communities. Lake Toba, the largest volcanic 

lake in Southeast Asia, plays a key ecological and socio-economic role in Indonesia. Among its native species, 

the Red Devil fish (Amphilophus labiatus) has garnered attention not only for its ecological relevance but also 

for its ornamental and aquaculture value. Monitoring the population and behavior of such species is essential 

for the sustainability of biodiversity and fisheries management [1]. 

However, underwater monitoring in freshwater environments presents inherent challenges due to the 

degraded quality of visual data. Unlike marine environments with clearer waters, freshwater bodies such as 
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Lake Toba exhibit high turbidity, variable lighting, and a significant presence of suspended particles. These 

factors lead to low-contrast, noisy imagery, which limits the performance of visual detection systems and 

hinders accurate identification of aquatic species [2]. Conventional monitoring methods—including manual 

capture, sonar scanning, and diver observation—are often labor-intensive, invasive, and constrained in both 

spatial and temporal resolution. Additionally, these techniques may not be feasible for continuous monitoring 

and are subject to observer bias. As such, they are insufficient for large-scale, long-term biodiversity 

assessments in freshwater ecosystems like Lake Toba [3]. 

With the advent of artificial intelligence (AI), particularly deep learning, there has been a paradigm shift 

toward automated visual recognition systems. Convolutional Neural Networks (CNNs) have shown 

exceptional performance in image classification, object detection, and segmentation tasks, including 

applications in marine biology and underwater exploration [4]. The ability of CNNs to learn hierarchical 

features from raw image data makes them ideal candidates for fish detection, especially when combined with 

transfer learning techniques [5]. Transfer learning enables pretrained CNN models—such as MobileNetV2 and 

ResNet50—to be adapted to domain-specific tasks with limited training data. This is particularly advantageous 

in ecological monitoring, where collecting and labeling large underwater datasets can be challenging. 

Combined with lightweight architectures and attention mechanisms, these models offer a balance between 

accuracy and computational efficiency [6]. 

Despite these advancements, few studies have specifically addressed fish detection in tropical freshwater 

environments using real-world degraded imagery. Most existing models are trained on marine datasets or 

synthetic benchmarks, limiting their applicability to turbid environments like Lake Toba. Moreover, there is 

limited research integrating image enhancement methods such as Contrast Limited Adaptive Histogram 

Equalization (CLAHE) and median filtering with deep CNN architectures for robust fish detection [7]. To 

address this gap, the present study proposes a hybrid CNN model for detecting Red Devil fish in low-quality 

underwater images from Lake Toba. The model combines pretrained MobileNetV2 and ResNet50 backbones 

with a custom classification head and attention modules. Visual preprocessing techniques, including CLAHE 

and median filtering, are employed to enhance image clarity and feature visibility before training and inference 

[8]. 

 
Figure 1. Sample image of Red Devil fish (Amphilophus labiatus)  

The proposed system is evaluated on a dataset of 3,500 annotated underwater images, representing diverse 

visibility conditions. Model performance is assessed using standard metrics such as accuracy, precision, recall, 

F1-score, and mean Average Precision (mAP@0.5). Additionally, interpretability tools such as Grad-CAM and 

confusion matrices are used to analyze model behavior and decision boundaries [9]. This study makes three 

key contributions: (1) the development of a robust and lightweight hybrid CNN model optimized for freshwater 

fish detection in turbid conditions, (2) the integration of preprocessing enhancements tailored to underwater 

imagery, and (3) the evaluation of the model's effectiveness in a real-world dataset from Lake Toba. These 

contributions aim to support the broader objective of non-invasive, real-time aquatic biodiversity monitoring 

[10]. 

The remainder of this paper is structured as follows: Section 2 reviews related work in underwater fish 

detection and CNN applications. Section 3 describes the dataset, preprocessing techniques, and model 

architecture. Section 4 details the training procedure and evaluation setup. Section 5 presents and analyzes 

experimental results. Section 6 discusses the implications, limitations, and future directions. Finally, Section 7 

concludes the paper 
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2. METHOD  

This study presents a deep learning-based detection framework for Red Devil fish (Amphilophus labiatus) 

using a hybrid Convolutional Neural Network (CNN) architecture with transfer learning and specialized image 

preprocessing techniques. The methodology encompasses four key stages: data acquisition, image 

preprocessing, model architecture design, and model training with evaluation. The design prioritizes robustness 

to low-visibility underwater environments, which are typical in freshwater lakes such as Lake Toba. 

The dataset utilized in this study was collected directly from underwater environments of Lake Toba, 

Indonesia, using submersible camera systems. The dataset comprises 3,500 images of resolution 640×480 

pixels. Each image was annotated using bounding boxes in YOLO format to indicate the precise location of 

Red Devil fish in the image. 

For preprocessing, CLAHE was used to enhance local contrast, while a median filter was applied to 

reduce salt-and-pepper noise. Normalization of pixel intensity to the [0, 1] range was performed, and data 

augmentation techniques such as flipping, rotation, blurring, and brightness adjustment were used to improve 

model robustness. 

The hybrid CNN model integrates MobileNetV2 and ResNet50 as backbones. Feature maps from both 

were fused and passed through a Squeeze-and-Excitation (SE) attention block, enhancing discriminative 

features. The classification head comprises a Global Average Pooling layer, fully connected layers, dropout 

regularization, and Softmax/Sigmoid outputs depending on the classification task. 

 

 
 

Figure 2. illustrates a workflow infographic for an underwater image classification system using a hybrid 

CNN model. The process begins with image acquisition using an underwater camera, followed by image 

preprocessing involving CLAHE and median filtering to enhance quality and reduce noise. Next, the data 

undergoes augmentation and normalization to increase variability and improve model generalization. The 

preprocessed images are then passed through a hybrid CNN model that combines MobileNetV2 and ResNet50 

architectures for accurate object detection. The system then evaluates the detection results—if the detection is 

accurate, the model is deployed to an edge device; otherwise, it undergoes retraining to improve performance. 

This workflow is iterative and aims to optimize detection accuracy in challenging underwater environments 

Training used the Adam optimizer with a learning rate of 0.0001 and batch size of 32, over a maximum of 100 

epochs. Early stopping was applied based on validation loss. The dataset was split into 70% training, 15% 

validation, and 15% testing sets. Evaluation was performed using the following performance metrics: 

1. Step 1: Calculate Accuracy 

Accuracy = (TP + TN) / (TP + TN + FP + FN) 

Accuracy measures the overall correctness of the model predictions. 

2. Step 2: Calculate Precision 

Precision = TP / (TP + FP) 

Precision indicates how many of the predicted positive classes are actually correct. 

3. Step 3: Calculate Recall 

Recall = TP / (TP + FN) 

Recall measures how many actual positives are correctly identified by the model. 
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4. Step 4: Calculate F1-Score 

F1-Score = 2 × (Precision × Recall) / (Precision + Recall) 

F1-Score is the harmonic mean of Precision and Recall, balancing both metrics. 

5. Step 5: Calculate mAP@0.5 

mAP@0.5 = mean(Average Precision) for IoU threshold = 0.5 

The mean Average Precision (mAP) is the mean of the average precision scores over all object classes, and at 

an Intersection over Union (IoU) threshold of 0.5, it reflects detection precision. These metrics were computed 

on the test set, and visualization techniques such as confusion matrices, precision-recall (PR) curves, and Grad-

CAM were used to interpret the spatial focus and misclassification tendencies of the hybrid CNN model 

 

5. Results and Discussion 

This section presents a comprehensive evaluation of the proposed hybrid Convolutional Neural 

Network (CNN) model in detecting Red Devil fish (Amphilophus labiatus) from low-quality underwater 

images captured in Lake Toba. The evaluation includes quantitative performance metrics, visual diagnostics, 

robustness under varying image conditions, and comparative benchmarking against baseline models. 

5.1 Quantitative Performance Metrics 

The proposed model achieved strong performance across standard classification metrics. On the test 

dataset of 525 images, the model achieved an overall accuracy of 96.1%, precision of 95.6%, recall of 94.8%, 

and an F1-score of 95.2%. The mean Average Precision (mAP@0.5) was recorded at 0.941, reflecting the 

model's robustness in both detection confidence and localization precision. The detailed metric calculations are 

as follows: 

1. Accuracy = (TP + TN) / (TP + TN + FP + FN) = 96.1% 

2. Precision = TP / (TP + FP) = 95.6% 

3. Recall = TP / (TP + FN) = 94.8% 

4. F1-Score = 2 × (Precision × Recall) / (Precision + Recall) = 95.2% 

5. mAP@0.5 = 0.941 (across all test samples at IoU threshold of 0.5) 

These results indicate high classification consistency and detection accuracy, confirming the efficacy of 

the hybrid CNN model under visually degraded conditions. 

5.2 Visual Diagnostics and Interpretability 

To further understand the behavior of the model, we utilized Grad-CAM (Gradient-weighted Class 

Activation Mapping) to visualize which image regions were most influential in the model’s decisions. The 

attention maps revealed that the model focused on biologically relevant regions such as the fish head, dorsal 

fins, and caudal tail. These consistent focus areas affirm that the model learned semantically important features 

rather than background artifacts. 

 
Figure 5.1. Grad-CAM visualization showing the attention focus of the model on the anatomical features of 

the Red Devil fish. 

Precision-recall (PR) curves for each class indicated minimal precision drop across varying 

confidence thresholds, with AUC values exceeding 0.95. The confusion matrix analysis displayed a high 

number of true positives with minimal false negatives and false positives, demonstrating balanced performance 

across all fish orientations and lighting scenarios. 
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5.3 Robustness Under Image Quality Variations 

To test the robustness of the proposed method, we divided the test dataset into three categories based on visual 

quality: high, medium, and low. Results across each category showed the following accuracy and mAP@0.5 

values: 

 

Image Quality Accuracy (%) mAP@0.5 

High 97.8 0.953 

Medium 95.6 0.934 

Low 93.1 0.910 

Despite the drop in image quality, the model maintained reliable detection performance, validating its 

effectiveness in real-world environments like Lake Toba. 

5.4 Detection of Small and Occluded Objects 

We conducted further experiments on detecting small fish (bounding boxes < 40x40 px) and fish with 

partial occlusion. The model achieved 91.2% precision on small objects and demonstrated invariance to 

rotation, occlusion, and flipped poses due to the extensive data augmentation strategy employed during 

training. 

 

 
Figure 2: High Confidence Detection of Red Devil Fish 

This image shows a successful detection of a Red Devil fish (Amphilophus labiatus) with a confidence 

score of 96.5%, demonstrating the model’s strong ability to recognize the species accurately in clear underwater 

conditions. 

 

 
Figure 3: Medium Confidence Detection of Red Devil Fish (67.3%) 

This image illustrates a moderate-confidence detection of a Red Devil fish with a predicted 

probability of 67.3%. The orange bounding box highlights the detected region, while the horizontal 

confidence bar visually represents the model’s uncertainty. Such mid-range predictions typically occur in 
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challenging underwater conditions with partial occlusion, background clutter, or limited contrast 

 
Figure 5: Misclassification Example with Low Confidence 

This image illustrates a Red Devil fish detected in murky underwater conditions with a low confidence 

score of 26%, indicating a likely misclassification due to poor visibility and image noise 

Table 1. Result Accuration 

No. Image ID 

Detection 

Confidence 

(%) 

Accuracy 

Level 
Notes 

1 

 

98.4 High 
Clear image, frontal view, 

full fish body visible 

2 

 

60.4 Medium 
Mild lighting interference, 

tail not fully visible 

4 

 

22.1 Very Low 

Poor lighting, background 

noise, only partial outline 

detected 

 

5.5 Comparative Benchmarking 

To validate the superiority of the proposed model, we compared it against YOLOv5 and Faster R-

CNN models trained on the same dataset. The results are summarized below: 

Model Accuracy (%) mAP@0.5 Inference Time (ms) 

YOLOv5 91.4 0.870 12.4 

Faster R-CNN 93.2 0.892 21.7 

Hybrid CNN (Ours) 96.1 0.941 19.5 

The proposed model outperformed the baseline methods across all performance metrics, while 

maintaining acceptable inference speed, making it suitable for near real-time applications. 
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5.6 Summary of Key Findings 

1. CLAHE and median filtering significantly improved the feature visibility in noisy underwater 

conditions. 

2. Hybrid architecture leveraging MobileNetV2 and ResNet50 improved both accuracy and robustness. 

3. SE-block attention mechanism effectively focused on relevant spatial regions. 

4. The model maintained high performance under different visibility and object size conditions. 

5. Suitable for edge deployment scenarios like Jetson Nano or Raspberry Pi. 

These findings confirm that the proposed hybrid CNN model is not only accurate and reliable but also 

efficient for practical deployment in conservation systems monitoring fish in freshwater ecosystems such as 

Lake Toba. 

 

6. Discussion 

The experimental results of the proposed hybrid CNN model provide compelling evidence of its 

capability to detect Red Devil fish under challenging visual conditions in freshwater environments. This section 

discusses the implications of the model's performance, the technical contributions that underpin its robustness, 

potential limitations, and future directions for research and application. One of the most impactful contributions 

of this study is the integration of visual preprocessing techniques with deep learning-based object detection. 

The use of CLAHE significantly enhanced image contrast, making crucial features such as fin outlines and 

scale patterns more discernible in turbid underwater conditions. Meanwhile, median filtering effectively 

removed high-frequency noise without sacrificing edge sharpness. Together, these techniques improved input 

data quality and directly influenced the model’s ability to extract relevant features, as supported by high 

detection accuracy across varying water conditions. 

The hybrid architecture combining MobileNetV2 and ResNet50 served a critical function in balancing 

computational efficiency and detection performance. MobileNetV2 contributed by reducing the model's 

parameter footprint and enabling deployment on low-power edge devices, while ResNet50 ensured deep 

feature extraction and robustness through residual learning. The inclusion of Squeeze-and-Excitation (SE) 

blocks enhanced the model’s attention to spatially relevant features, a fact substantiated by Grad-CAM 

visualizations that consistently highlighted biologically significant regions on the fish’s body. 

From a technical standpoint, the model’s consistent performance across high, medium, and low-quality image 

subsets demonstrates its generalization capacity in real-world monitoring scenarios. Despite environmental 

noise, the model achieved over 93% accuracy even in the most degraded images. This highlights its potential 

use in continuous aquatic surveillance where image quality cannot be guaranteed. 

In comparison to established object detection architectures such as YOLOv5 and Faster R-CNN, the 

proposed model demonstrated higher mAP and F1-score, reflecting superior localization accuracy and 

classification confidence. Additionally, inference time remained within a practical range (19.5 ms/image), 

making it suitable for near-real-time applications. This is particularly relevant for deployment in ecological 

monitoring systems where low-latency inference on edge devices is essential. Despite these positive outcomes, 

certain limitations remain. Misclassifications primarily occurred in images with extreme occlusions, low object 



                ISSN: 2830-098X 

 

 

 JICTAS, Volume 4 Number 1, Juni 2025 : 7-15 

 

 

14 

visibility, or cluttered backgrounds. The current model is also limited to detecting a single species class. For 

practical applications in biodiversity monitoring, the model must be extended to handle multi-class 

classification involving several sympatric fish species. Additionally, performance under night-time or artificial 

lighting scenarios was not evaluated and warrants further investigation. 

Future improvements may involve the incorporation of temporal models such as CNN-LSTM hybrids 

to capture movement patterns or behavior cues. Transformer-based architectures or attention-guided 

segmentation methods could also be explored to improve robustness in highly occluded scenes. Expanding the 

training dataset to include multi-angle views, species diversity, and extreme weather variations would further 

enhance model adaptability. Finally, this research demonstrates a scalable and transferable approach to aquatic 

biodiversity monitoring. The pipeline—combining preprocessing, hybrid CNNs, attention mechanisms, and 

transfer learning—can be applied to various freshwater ecosystems globally. It provides a viable tool for 

conservation efforts, enabling continuous, automated, and non-invasive monitoring of fish populations in 

natural habitats. 

 

CONCLUSION   

This study proposed and validated a hybrid Convolutional Neural Network (CNN) model designed to 

detect Red Devil fish (Amphilophus labiatus) in low-quality underwater imagery from Lake Toba, Indonesia. 

By integrating MobileNetV2 and ResNet50 backbones with attention mechanisms and visual preprocessing 

techniques such as CLAHE and median filtering, the model achieved state-of-the-art performance across 

various image conditions. The hybrid model demonstrated high accuracy (96.1%) and mAP@0.5 (0.941), 

outperforming traditional models such as YOLOv5 and Faster R-CNN. In addition to its strong detection 

accuracy, the proposed method proved robust under varying image qualities, capable of handling noise, 

turbidity, and occlusion—key challenges in real-world aquatic monitoring. Its computational efficiency also 

enables deployment on low-power edge devices, making it suitable for continuous in-field application. The 

findings of this study contribute to the broader effort in developing intelligent and non-invasive solutions for 

freshwater biodiversity conservation. While limitations such as single-species focus and occlusion sensitivity 

remain, the framework established here provides a solid foundation for future enhancements involving multi-

species detection, temporal modeling, and transformer-based attention. Overall, the hybrid CNN model 

proposed in this research offers an effective, scalable, and field-deployable tool for freshwater ecosystem 

monitoring. Its application is not only limited to Lake Toba but can be generalized to similar environments 

globally, supporting real-time biodiversity tracking and ecological data acquisition 
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