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1. Introduction 

A aquaculture replays a big role in the world's economy and provides a lot of our food, but it can be 

threatened by waterborne fish diseases that might wipe out entire stocks. Keeping an eye on water 

quality is really important to keep fish healthy. Things like temperature, pH, dissolved oxygen, 

turbidity, and ammonia levels all impact the environment where fish live. Usually, finding diseases 

involves waiting until about break happens or manually watching fish, which can take a lot of time 

and isn’t very efficient. That’s why people are looking for smarter systems that can predict disease 

risks by analyzing water quality data in real-time. 

Researchers have tried different machine learning methods to check water quality and predict fish 
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health problems. Techniques like SVM, Naïve Bayes, and K- Nearest Neighbours have been used to 

classify water or spot simple disease risks. But many of these models are not very accurate when it 

comes to predicting multiple disease types, especially since they don’t always use all the relevant 

water quality data together. Also, not many studies have made models that work well across 

different environments or are practical for real-world aquaculture farms The main goal here is to 

create a solid machine learning model using the Random Forest algorithm to predict fish diseases 

based on important water quality parameters. We’re working with a created dataset that includes 

pH, temperature, dissolved oxygen, turbidity, ammonia, nitrate, nitrite, and phosphate. This data 

simulates different disease categories that can happen when water quality is off. The idea is to 

develop a model that helps fish farmer’s spot potential problems early, so they can act quickly and 

save more fish. 

 

This paper is organized as follows. Section 2 explains our approach, including how we cleaned and 

prepared the data, created disease labels based on expert input and water standards, which features 

matter most, and trained our Random Forest model for predicting diseases. Section 3 shares our 

results and discussions, with evaluation metrics like accuracy, precision, recall, and confusion 

matrices to show how well the model performs. We also compare it to other algorithms to 

emphasize why Random Forest works best here. Finally, Section 4 summarizes the main findings of 

our research highlights the key research findings. 

2. Literature review 

Jeni Moni et al. [1] introduced a system based on machine learning that successfully observes 

aquaculture conditions and identifies fish diseases, resulting in healthier fish and fewer economic 

losses. Likewise, M. Çakır et al. [2] proved that Support Vector Machines (SVM) and Random 

Ferns (RFerns) often outperform traditional classifiers such as k-Nearest Neighbours (KNN)and 

Naïve Bayes(NB) in disease detection tasks, highlighting the effectiveness of ensemble techniques 

and margin-based approaches. Broadening the focus to water quality monitoring, Al-Akhir Nayan 

et al. .[3] used ML algorithms for predicting water quality deterioration, which is an early warning 

for the onset of fish disease. The predictive feature is essential for preventative disease 

management. Daoliang Li et al. [5] further underscore the application of utilizing computer vision 

and image processing to accelerate and enhance the    accuracy of  fish disease diagnosis, 

particularly when integrated with intelligent aquaculture systems. 

Incorporating Leading-edge deep learning techniques, Ssekit to Isaacetal.[4]explored the use of 

deep transfer learning to improve disease detection accuracy. They also proposed Explainable AI 

(XAI) techniques to explain model decisions, promoting trust and transparency in automated 

diagnosis systems. 

Specific disease detection experiments were described by K. Sujatha et al. [9], in which they 

utilized an SVM Gaussian kernel to classify Epizootic Ulcerative Syndrome (EUS) in fish and 

obtained 82.75% accuracy in datasets that had been augmented. Rakesh G. et al.[12] also 

highlighted the use of ML in classifying and controlling diseases in fish from both small- and large- 

scale aquaculture. At the level of water quality, some works highlighted the power of ML asan 

environmental monitor. A. Zambrano et al. [6] employed Random Forests to foresee water quality 

very accurately using scant data inputs, while Oliver North Rogers et al.[7] reiterated the value of 
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ML for resource administration and compliance at the regulatory level in aquatic habitats. V. 

Anand et al. [8] showed that SVM models from multispectral satellite imagery can forecast water 

quality parameters, validating remote sensing-based aquaculture solutions. Sophisticated hybrid 

models were introduced byV. Pet al.[11], where a deep convolutional neural network Deep-CNN) 

in combination with k-means clustering greatly enhanced the accuracy and performance metrics of 

smart aquaculture systems. In parallel, Anita M. et al.[10] also investigated supervised ML methods 

to optimize water quality predictive accuracy and in turn protect both aquatic life and human 

health. Lastly, Pengfei Xu et al.[13] developed a machine  vision-based system employing fish 

behaviour analysis to send early warnings about water quality degradation, further maximizing 

operational resilience. 

3. Methodology 

This study aims to create a machine learning-driven method for the early identification of fish 

diseases, utilizing physicochemical water quality parameters. The methodology comprises four key 

stages: dataset preparation, data preprocessing, model development, and performance evaluation. A 

Random Forest classifier was employed to classify disease conditions based on water quality inputs. 

Figure 1 illustrates the overall system workflow. 

A. Dataset: The dataset used in this study is titled “Aquaculture - Water Quality Dataset” and is 

publicly available on Mendeley Data (Veeramsetty et al., 2024; DOI: 10.17632/y78ty2g293.1). 

It contains 15 water quality parameters, including pH, temperature, dissolved oxygen (DO), 

ammonia, nitrite, turbidity, BOD, and others, collected from aquaculture environments. A final 

column titled ‘Predicted Disease’ was added to denote the actual disease condition associated 

with each sample, which served as the target label for the supervised learning model. 

B. Preprocessing: Initial preprocessing involved checking for missing values, data inconsistencies, 

and outliers. The dataset was found to be clean, requiring no imputation. Since the model requires 

numeric inputs, the ‘Predicted Disease’ column was label encoded, converting disease names into 

numerical values. Features were not normalized because Random Forest models are feature. 

The dataset was divided into training (80%) and testing (20%) subsets through stratified sampling 

to preserve the class distribution in both sets. 

 

 

 

 

 

  

  

 

Fig 1: Sequential steps in Fish Disease Detection using Random Forest model 
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C. Model Implementation: A Random Forest classifier was implemented using Scikit-learnin 

Python. It was chosen forits robustness in handling high-dimensional data and non-linear 

relationships. The classifier was configured incorporating the following hyper parameters: 

 Number of trees (n_estimators)= 100 

 Maximum depth (max_depth)=10 

 Criterion=Gini impurity 

 

The Gini impurity is applied to consider the splits in every node and can be computed as: 

 

 

Where 𝑝𝑖 is the proportion of samples belonging to class I in a given node t. 

 

The model was trained on the training subset and evaluated on the test set. After training, 

feature importance scores were extracted to identify which water quality parameters most 

influenced predictions. These were visualized in Fig1, showing that Dissolved Oxygen, 

Temperature, pH, and Ammonia were among the most significant features. 

The importance of each feature j was calculated as the average reduction in impurity 

over all     the trees in the forest: 

 

Where𝐹𝐼𝑗is the value of importance of feature j ,T is the collection of all decision trees, 

𝑁𝑡 is the number of in stances at node t, N is the over all number of instances, and ∆𝑖𝑡(𝑗) 

is the reduction in impurity at node t due to splitting on feature j. 

D. Evaluation Metrics: To evaluate the performance of the  and rom Forest model in classifying 

fish diseases based on water quality parameters, several standard evaluation metrics were utilized, 

covering metrics such as accuracy, confusion matrix, precision, recall, and F1-score. 

These measures are calculated as follows: 
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Furthermore feature importance was analyzed to determine which parameters most influenced the 

prediction outcomes. 

4. Results and discussion 

The Random Forest model attained an overall accuracy of89.25%onthetest data, demonstrating that 

the model correctly predicted the disease condition in the majority of the samples, highlighting its 

capability for early identification in aquaculture systems. 

Precision, Recall, and F1-Score 

To more thoroughly assess the model’s performance across different disease categories, its 

precision, recall, and F1-scorewere computed and summarized in Table1 

These metrics offer a detailed understanding of the model’s sensitivity and specificity for each 

class. 

Table1: Precision, Recall, and F1-Score per Class Feature Importance 

Disease Precision Recall F1-Score 

Healthy 0.91 0.88 0.89 
Acid Stress 

0.85 0.86 0.85 

Fungal Infection 
0.84 0.82 0.83 

Gill Damage 
0.87 0.89 0.88 

Bacterial Infection 
0.81 0.79 0.80 

Low 
Oxygen Stress 

 

0.83 

 

0.84 

 

0.83 

Nitrite Poisoning 
0.79 0.76 0.77 

Figure Y illustrates the relative importance of water quality parameter s in disease prediction. 

Parameters such as Dissolved Oxygen (D.O.), Temperature, pH, and Ammonia were found to be the 

most significant contributors to the model’s decision-making process. 

 

Fig 2. Water Quality Parameters: Feature Importance Visualization  
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5. Conclusion 

This project completion facilitated machine learning to be used to forecast fish diseases in terms of 

water quality, providing aquaculture systems with a useful early warning and prevention tool. 

Random Forest classification and relevant environmental parameters' integration made disease 

detection possible and interpretable, opening doors for intelligent aquaculture management. Future 

integration with real-time water sensors and more sophisticated models could continue to improve 

predictive accuracy and give rise to dynamic, automated disease surveillance systems. 
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