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Abstract—Accurate identification of freshwater fish 

species plays a vital role in aquaculture, particularly in 

determining appropriate feed strategies to optimize fish 

growth. Visual similarities among species—such as color, 

shape, and surface texture—often hinder novice farmers 

from correctly recognizing fish types. This study proposes 

an image-based classification system using the Random 

Forest algorithm to identify six freshwater fish species: 

pomfret (bawal), gourami (gurame), catfish (lele), barb 

(melem), tilapia (nila), and Java barb (tawes) and provide 

automated feed recommendations. A total of 120 fish 

images were used as the dataset, collected from various 

sources, including online repositories and field 

documentation. Feature extraction was applied to capture 

color characteristics (HSV), texture patterns (GLCM), and 

morphological features (regionprops). The model was 

trained on 70% of the dataset and tested on the remaining 

30%. Evaluation results show that the system achieved a 

classification accuracy of 83.33%, with a precision of 

83.53%, recall of 83.33%, and an F1-score of 82.86%. 

Notably, catfish, barb, and tilapia classes achieved perfect 

classification, while pomfret and gourami showed room for 

improvement due to overlapping visual features. The 

findings indicate that the integration of Random Forest 

with multi-domain image features offers an effective, 

affordable, and practical solution to support the digital 

transformation of small and medium scale aquaculture 

systems through intelligent species recognition and feed 

guidance. 
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I. INTRODUCTION 

Accurate identification of freshwater fish species is 

vital for achieving efficient and sustainable aquaculture, 

as it directly impacts feed management, fish health, 

growth performance, and overall operational outcomes. 

However, manual identification—particularly by less 

experienced farmers—is frequently unreliable due to 

morphological similarities among species, such as body 

shape, coloration, and fin structure, thereby necessitating 

automated, technology-driven solutions. In Indonesia, 

commonly farmed freshwater species include catfish 

(lele), tilapia (nila), pomfret (bawal), gourami (gurame), 

barb (melem or nilem), and Java barb (tawes), typically 

found in low-salinity environments such as rivers and 

lakes [1]. Although these species possess distinctive 

traits—like barbels in catfish, dorsal spines in tilapia, and 

oval body shape in pomfret—their visual similarities 

often lead to misclassification, underscoring the urgency 

of developing accurate and automated fish classification 

systems. Furthermore, precise species classification is 

crucial for implementing effective, species-specific feed 

management strategies, as nutritional requirements vary 

significantly across fish types. Appropriate feed 

formulation, tailored to each species’ dietary needs, 

behavioral patterns, and environmental conditions, 

enhances growth and feed efficiency while minimizing 

waste, reducing costs, and preventing disease [2] [3]. 

Thus, integrating automated species recognition with 

customized feeding strategies offers a promising 

approach to improving productivity and sustainability, 

particularly in small- and medium-scale aquaculture 

systems in resource-constrained environments. 
The advancement of artificial intelligence (AI), 

particularly in computer vision, has significantly 
enhanced automated visual classification, with the 
integration of digital image processing and machine 
learning (ML) enabling accurate object recognition 
under diverse conditions [4] [5]. These technologies are 
especially valuable in agriculture and aquaculture, where 
efficiency and data-driven management are crucial. In 
fisheries, ML supports sustainability, productivity, and 
monitoring, with applications including fish catch 
prediction [6], population modeling [7], and species 
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recognition based on visual traits [8] [9] [10] [11]. 
Studies have applied algorithms such as KNN, SVM, and 
Naïve Bayes—often combined with feature extraction—
for image-based fish classification: ORB with KNN [12], 
fuzzy KNN for milkfish quality [13], SVM for 
classification in Bangladesh [14], and KNN for freshness 
detection via eye color [15]. Formalin detection has also 
been explored using KNN, GLCM, and multilayer 
perceptrons [16] [17]. 

Recent studies have extended image-based 
classification to ornamental and freshwater species, 
using various approaches such as betta fish identification 
[18] [19] [20] and marine species classification with 
SVM, HOG, and HSV features [21]. In freshwater fish, 
KNN with PCA has improved accuracy [22] [23], while 
SVM has been applied to African Cichlids [24]. Though 
deep learning methods like CNNs offer high accuracy, 
their reliance on large datasets and computing resources 
limits practical deployment. In contrast, traditional ML 
methods such as KNN and SVM are more lightweight 
but face limitations with complex data. RF, an ensemble 
decision tree algorithm, offers a balance of accuracy, 
interpretability, and computational efficiency [25] [26]. 
RF has demonstrated robust performance in various 
domains [27], including vessel detection [28], plant 
disease recognition [29] [30], and aquaculture 
diagnostics [31]. Its strengths—handling mixed data 
types, resistance to overfitting, and feature importance 
analysis—make it suitable for fish classification and 
water quality prediction [32] [33]. Moreover, RF has 
proven compatible with embedded systems, operating on 
low-power microcontrollers with minimal accuracy loss 
[34], [35], and its performance can be further enhanced 
with techniques like DCP, CLAHE, and GLCM-based 
features [36] or model tuning [5] [37], establishing it as 
an efficient and adaptable solution for aquaculture 
applications. 

Based on prior research, this study proposes a 

freshwater fish species classification system using image 

analysis and the Random Forest algorithm, incorporating 

key visual features—texture (GLCM), color (HSV), and 

shape (Regionprops)—to differentiate commonly 

farmed species. Beyond classification, the system 

includes a feed recommendation module tailored to each 

identified fish type, thereby supporting both recognition 

and decision-making in aquaculture. Designed to be 

lightweight and accessible, the system addresses the 

practical needs of small- to medium-scale fish farmers 

with limited computing resources. By integrating 

technical accuracy with functional utility, it contributes 

to advancing digital aquaculture management [38]. 

 

 

II. METHOD 

A. Research Design 

This study adopts a quantitative experimental 
approach to develop and evaluate an image-based 
classification system for six freshwater fish species 
commonly farmed in Indonesia—gourami, catfish, 
tilapia, barb, Java barb, and pomfret—using the Random 
Forest (RF) algorithm. A dataset of 120 balanced images 
(20 per species) was collected for training and 
evaluation. The system aims to accurately classify fish 
based on visual features and deliver species-specific feed 
recommendations, with a focus on creating a lightweight, 
interpretable, and practical tool for small- to medium-
scale aquaculture operations. The development process 
followed a structured sequence, as depicted in Fig. 1. 

B. Data Description 

The dataset comprises 120 digital image representing  
six freshwater fish species commonly farmed in 
Indonesia: catfish, tilapia, gourami, pomfret, barb, 
and Java barb. Each class consists of 20 labeled 
images, captured under relatively uniform conditions. 
The dataset was curated to reflect typical variations in 
shape, color, and texture for each species while 
maintaining balanced class distribution. An example 
image of each of the six fish species is shown in Fig. 2. 

In the preprocessing phase, all images were resized 
to a uniform resolution and converted from RGB into 
grayscale using (1) and HSV formats. Otsu’s 
thresholding was applied to obtain binary segmentation 
of fish objects using (2), and normalization was 
performed to standardize pixel intensity distributions 
across the dataset. 

𝐺𝑟𝑎𝑦(𝑥, 𝑦) =  
𝐼𝑅(𝑥, 𝑦) + 𝐼𝐺(𝑥, 𝑦) +  𝐼𝐵(𝑥, 𝑦)

3
            (1) 

with 𝐺𝑟𝑎𝑦(𝑥, 𝑦) is the grayish pixel value at point (𝑥, 𝑦) 

and 𝐼𝑅, 𝐼𝐺 , 𝐼𝐵 is red, green, blue pixel values at point 

(𝑥, 𝑦) respectively, with 𝑉𝑡(𝑥, 𝑦) is the binary value at 

point (𝑥, 𝑦) and 𝑇 being the threshold value.  

𝑉𝑡(𝑥, 𝑦) = {
1 𝑖𝑓 𝐺𝑟𝑎𝑦(𝑥, 𝑦) > 𝑇

0 𝑖𝑓 𝐺𝑟𝑎𝑦(𝑥, 𝑦) ≤ 𝑇
                  (2) 

Next, the feature extraction stage was carried out to 
derive discriminative visual attributes essential for 
classification. This extraction included (1) color 
features extracted from the HSV color space, (2) shape 
features such as area, orientation, perimeter, major axis 
length, minor axis length, and eccentricity using 
the regionprops method, and (3) texture 
features computed via the Gray-Level Co-occurrence 
Matrix (GLCM), including dissimilarity, correlation, 
homogeneity, contrast, Angular Second Moment (ASM), 
and energy. All texture attributes were computed at four 
orientation angles: 0°, 45°, 90°, and 135°. In total, the 
texture feature extraction produced 24 data points.
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Fig. 1 Workflow of the proposed image-based freshwater fish classification and feed recommendation model 

 

 
Fig. 2 Sample images of six freshwater fish species 

 

1) Color Feature: The RGB color images were first 

converted to the HSV color space, which separates 

chromatic content (hue and saturation) from intensity 

(value). This separation provides better robustness to 

lighting variation. The transformation from RGB to HSV 

is defined as follows: 

Let R, G, and B ∈ [0,1] denote the normalized red, green, 

and blue values. Then, the HSV components are 

computed as in (3 - 5) [4]. The average values of the H, 

S, and V channels were used as color descriptors. 

𝑉 = max(𝑅, 𝐺, 𝐵)                  (3) 

𝑆 =  {
𝑉 − min(𝑅, 𝐺, 𝐵) ; 𝑖𝑓 𝑉 ≠ 0

0 ; 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
           (4) 

𝐻 =  {

60(𝐺 − 𝐵)/(𝑉 − min (𝑅, 𝐺, 𝐵)) 𝑖𝑓 𝑉 = 𝑅
120 + 60(𝐵 − 𝑅)/(𝑉 − min (𝑅, 𝐺, 𝐵)) 𝑖𝑓 𝑉 = 𝐺
240 + 60(𝑅 − 𝐺)/(𝑉 − min (𝑅, 𝐺, 𝐵)) 𝑖𝑓 𝑉 = 𝐵

 (5) 

2) Shape features: Shape feature were extracted from 

the binary images using the regionprops function from 

the scikit-image library [39]. Six primary geometric 

descriptors were selected based on their relevance to 

morphological analysis. The area A represents the total 

number of pixels that constitute the object. It is 

calculated by summing all pixel values labeled as part of 

the object (usually binary pixels with a value of 1), 

where N is the total number of such pixels as in (6) [4]. 

Orientation represents the angle (θ - in degrees) 

between the horizontal axis and the major axis of the 

ellipse that has the same second-moments as the region 

as in (7). The angle value ranges 

from −90∘−90∘ to +90∘+90∘ and describes how tilted 

the fish object is in the image. Perimeter as the length 

of the boundary of the object, computed as the total count 

of pixels outlining the object’s shape as in (8) [40]. The 

perimeter P is computed by summing the Euclidean 

distances between consecutive boundary pixels of the 

object. Each boundary point is represented by its 

coordinates (𝑥𝑖 , 𝑥𝑗) and M is the total number of 

boundary segments. This calculation approximates the 

total length around the object’s edge. The major axis 

length represents the longest diameter of the ellipse that 

has the same normalized second central moments as the 

object as in (9) where 𝜇20, 𝜇02, 𝜇11 are second-order 

central moments. The minor axis length as the shortest 

diameter of the fitted ellipse that reflects the width of the 

object perpendicular to the major axis as in (10). 

Eccentricity (e) measures the elongation of the object 

based on the ratio of the major axis (a) and minor axis 

(b) of an ellipse fitted to the object as in (11). A value 

close to 0 indicates a near-circular object, while a value 

close to 1 indicates a highly elongated shape [41]. 

𝐴 = ∑ 1                (6)

𝑁

𝑖=1

 

𝜃 =
1

2
𝑡𝑎𝑛−1 (

2𝜇11

𝜇20 − 𝜇02
)           (7) 

𝑃 = ∑ √(𝑥𝑖+1 − 𝑥𝑖)2 + (𝑦𝑖+1 − 𝑦𝑖)2

𝑀

𝑖=1

     (8) 

Major Axis Length = 2√2 ⋅ √μ20+μ02

2
+ √(

μ20−μ02

2
)

2

+ μ11
2    (9) 

Minor Axis Length = 2√2 ⋅ √μ20+μ02

2
− √(

μ20−μ02

2
)

2

+ μ11
2  (10)  
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𝑒 = √1 − (
𝑏

𝑎
)

2

     (11) 

3) Texture features: Texture feature were computed 

using the Gray-Level Co-occurrence Matrix (GLCM), 

which analyzes the spatial distribution of gray levels in 

the image. Six statistical descriptors were derived as in 

(12 - 17) [42]: dissimilarity, correlation, homogeneity, 

contrast, ASM, and energy. Dissimilarity measures the 

absolute difference between neighboring gray levels, 

weighted by their occurrence probability P(i,j) as in (12). 

Higher values indicate greater variation in pixel intensity. 

Correlation evaluates the linear relationship between 

pixel pairs. It reflects the degree to which one gray level 

value is linearly related to its neighbor, as in (13), where 

𝜇𝑖 , 𝜇𝑗 means of row and column indices, and 𝜎𝑖  and 𝜎𝑗  

are the standard deviations of row and column indices. 

Homogeneity assesses the closeness of the distribution 

of elements in the GLCM to the diagonal, as in (14). 

Higher values indicate more uniform textures with 

minimal variation between adjacent pixels. Contrast 

measures the intensity contrast between a pixel and its 

neighbor, as in (15). It emphasizes texture with sharp 

differences; higher values suggest high local contrast or 

roughness. Also referred to as Energy, Angular Second 

Moment (ASM) indicates the uniformity or regularity of 

texture, as in (16). High ASM values correspond to 

homogeneous images with repeated patterns. Energy is 

the square root of ASM and similarly reflects the degree 

of texture uniformity as in (17). It ranges between 0 and 

1, with higher values for smoother textures, 

where 𝑃(𝑖, 𝑗) is the normalized GLCM value at 

position (𝑖, 𝑗). These features provide important textural 

information relevant to fish scale patterns and surface 

irregularities. 

Dissimilarity = ∑|i − j|

i,j

⋅ P(i, j)       (12) 

Correlation = ∑
(i − μi)(j − μj) ⋅ P(i, j)

σi ⋅ σj
i,j

 (13) 

Homogeneity = ∑
P(i, j)

1 + |i − j|
i,j

     (14) 

Contrast = ∑(i − j)2

i,j

⋅ P(i, j)   (15) 

ASM = ∑ P(i, j)2    (16)

i,j

 

Energy = √∑ P(i, j)2
i,j = √ASM   (17) 

The data were split into 70% training and 30% testing 

sets with balanced classes. The Random Forest 

algorithm, based on [43] bagging method, trained 

multiple decision trees on random data subsets, with final 

predictions made through majority voting, with the 

predicted class 𝑦̂ for an input 𝑥 is (18) 

and ℎ𝑡(𝑥) denotes the class predicted by the decision 

tree. 

𝑦̂ = 𝑚𝑜𝑑𝑒{ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑇(𝑥)}      (18) 

C. Implementation 

The model was implemented in Python, utilizing 

OpenCV for image preprocessing, scikit-image and 

NumPy for feature extraction, and scikit-learn for model 

training and evaluation. All experiments were conducted 

on a standard laptop with an Intel Core i5 processor and 

8 GB RAM.  

D. Evaluation Metrics 

The model’s performance was assessed using 

accuracy, precision, recall, and F1-score [44] [45]. 

Predicted labels from test images were then used to 

generate species-specific feed recommendations, 

supporting practical aquaculture decisions. 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
          (19) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
          (20) 

𝑅𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
          (21) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =  2 ×  
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
          (22) 

E. Feed Recommendation Module 

The feeding practices of freshwater aquaculture 

species vary according to developmental stages and 

species-specific requirements [46], [47], [48]. This 

summary outlines feed allocation across larval, fry, 

juvenile, and adult stages for six economically important 

freshwater fish: pomfret, gourami, catfish, barb, tilapia, 

and Java barb [49], [50]. 

Freshwater fish like pomfret, gourami, catfish, barb, 

tilapia, and baung are initially fed natural feeds such 

as Tubifex, Moina, Artemia, and rotifers, 

with Tubifex showing the best growth performance. As 

they grow, artificial feeds like pellets (PF500, PF788, 

PF800), trash fish, shrimp heads, plant matter, and 

organic waste are introduced. The combination of 

maggot and Tubifex enhances feed efficiency. Natural 

feeds are especially critical during early stages. 

Enriched Moina and Tubifex have achieved high 

survival rates, including 100% in baung larvae. A gradual 

transition from natural to formulated feeds, tailored to 



 JUITA: Jurnal Informatika e-ISSN: 2579-8901; Vol. 13, Issue 2, July 2025 

Image-Based Classification ... | Mustafidah, H., Suwarsito, Setiawan, R., Karim, A., 145 – 156  149 

species and growth stages, optimizes nutrition, growth, 

and survival [51]. 

III. RESULTS AND DISCUSSION 

The results of this study are presented and discussed 

in accordance with the objectives outlined in the 

methodology. The primary aim was to develop an image-

based classification model for freshwater fish species 

using the Random Forest algorithm, supported by a rule-

based feed recommendation module.  

A. Dataset Characteristics 

The dataset consisted of 120 images of six commonly 

farmed freshwater fish species in Indonesia (20 images 

per class), captured under standardized 5600 K lighting 

in a controlled mini-studio at a fixed 50 cm distance. 

Backgrounds were segmented using semi-automatic 

thresholding and manual refinement to produce clean, 

white-background images, enabling accurate extraction 

of color, shape, and texture features for effective 

classification. 

B. Preprocessing 

Image preprocessing involved three techniques 

aligned with specific feature types: grayscale conversion 

for texture features, Otsu thresholding for shape, and 

HSV transformation for color. Grayscale conversion, 

based on (1) and (2) and implemented using 

OpenCV’s cv2.COLOR_BGR2GRAY, produced the 

grayscale image shown in Fig. 3(b) from the original in 

Fig. 3(a). Otsu thresholding was then applied to generate 

a binary image for shape analysis (Fig. 3c). Finally, the 

original image (Fig. 3a) was converted to HSV color 

space to facilitate color feature extraction, as illustrated 

in Fig. 4. 

C. Feature Extraction 

Following preprocessing, all fish images were 

standardized to 300×300 pixels and converted to HSV 

color space. Segmentation using Otsu’s thresholding 

[52] isolated the fish from the background to ensure 

consistency and support accurate feature extraction. 

Each image was then represented numerically by 33 

features across three categories: color, shape, and 

texture. Color features—mean Hue, Saturation, and 

Value—were derived from the HSV model to enhance 

robustness under varying lighting. Shape features, 

extracted using regionprops, included area, perimeter, 

major and minor axis lengths, orientation, and 

eccentricity, capturing morphological traits such as size, 

form, and posture. 

1) Color Feature Extraction: Color features were 

derived from HSV-transformed images, which separate 

color and brightness to enhance robustness to lighting. 

The mean values of H, S, and V formed a three-

dimensional descriptor representing fish color 

composition. This method has proven effective in 

biological classification tasks [53], [54]. Feature 

computations are shown in (3–5), with examples in Fig. 

5. 

2) Shape Feature Extraction: Shape (morphometric) 

features were extracted from grayscale images 

segmented via Otsu’s method using 

the regionprops function (skimage) to compute six 

geometric properties: area, perimeter, major and minor 

axis lengths, orientation, and eccentricity. These features 

quantitatively represent fish morphology—such as size, 

posture, and body elongation—crucial for species 

identification. Calculations follow (6–11), with 

examples shown in Fig. 

 

 

 

 

 

 

 

 

Fig. 3 (a) Barb image in JPG format; (b) Grayscale barb image; (c) Thresholding otsu result of barb image 

 
Fig. 4 Barb image conversion to HSV format 

 
Fig. 5 HSV extraction results

 
(a)                                      (b)                                      (c) 
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Fig. 6 Regionprops extraction result  

3) Texture Feature Extraction: Texture features were 

extracted using the Gray-Level Co-occurrence Matrix 

(GLCM), generating 24 descriptors per image based on 

six metrics—contrast, dissimilarity, homogeneity, 

energy, ASM, and correlation—computed at four angles 

(0°, 45°, 90°, 135°). These features describe species-

specific surface patterns such as roughness, smoothness, 

and texture orientation. GLCM is a well-established 

method in image analysis [42] and remains widely 

applied in fish classification using machine learning 

[55], [56]. Related equations (12–17) and examples are 

shown in Fig. 7. 

4) Combined Feature Dataset: All extracted 

features—3 color, 6 shape, and 24 texture—were 

combined into a unified dataset comprising 33 attributes 

per image. With 120 processed fish images, the final 

dataset contained 120 rows, each representing a 

complete feature vector. This structured dataset served as 

a solid basis for subsequent classification and predictive 

analysis.  

D. Data Splitting 

After feature extraction, the complete dataset—

comprising 33 attributes per image across color (HSV), 

The final dataset, comprising 33 features per image 

(HSV, morphometric, and GLCM), was partitioned using 

a hold-out method: 70% (84 images) for training and 

30% (36 images) for testing, with equal class distribution 

(16 training and 4 testing images per species). This 

approach supports effective model learning and fair 

evaluation. The RF classifier was trained on the training 

set, while the test set assessed generalization. The 

integration of color, shape, and texture features enabled 

species differentiation despite visual similarities, 

consistent with recent approaches in fish and agricultural 

image classification [53], [55]. The resulting dataset 

offers a robust basis for building accurate, generalizable 

models. 

E. Model Training and Parameter Optimization 

The classification model was developed using the RF 

algorithm, which constructs multiple decision trees and 

aggregates their outputs through majority voting. This 

ensemble method enhances accuracy and reduces 

overfitting, making it well-suited for moderate-sized 

image datasets. 

1) Random Forest Mechanism: RF uses bootstrap 

aggregating (bagging), training each decision tree on a 

randomly resampled data subset, while randomly 

selecting features at each node to reduce inter-tree 

correlation and enhance generalization. In this study, 

trees were built using HSV color, morphometric, and 

GLCM texture features, with node splits based on the 

Gini Impurity criterion (23): 

Gini(𝑡) = 1 − ∑ 𝑝𝑖
2

𝑛

𝑖=1

      (23) 

where 𝑝𝑖 denotes the proportion of class 𝑖 at 

node 𝑡, and nn is the number of classes (Breiman, 

2001). Lower Gini values reflect higher node purity, 

and the algorithm optimizes splits by minimizing 

this metric to achieve class homogeneity. A 

simplified example using HSV data from gourami 

(A), pomfret (B), and Java barb (C) illustrates tree 

construction (Fig. 8). For a test input (H = 20, S = 

65, V = 93), the ensemble produced a majority vote 

for class "C" in five out of six trees, highlighting 

how aggregated decision paths improve 

classification accuracy.

 

 
Fig. 7 GLCM extraction result 
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2) Model Implementation and Training Results: The 

RF model was implemented using scikit-

learn’s RandomForestClassifier() with 100 trees, Gini 

impurity for splitting, and bootstrap sampling enabled. 

Training used the .fit() method on the extracted features, 

with performance evaluated on the test set using 

accuracy, precision, recall, and F1-score. A sample node 

containing 60% catfish and 40% tilapia illustrates how 

Gini impurity guides optimal splits. 

Gini = 1 − (𝑝1
2 + 𝑝2

2) = 1 − (0.62 + 0.42) 

               = 1 − (0.36 + 0.16) = 1 − 0.52 = 0.48 

This Gini value reflects moderate class impurity, 

prompting the algorithm to search for a feature-based 

split that reduces impurity further and improves class 

separation. 

3) Tuning Parameter: To optimize the number of 

trees, n_estimators was varied from 10 to 1000. The 

highest accuracy (83.33%) was achieved with 500 trees, 

averaging 1.30 ± 0.11 seconds in training time (Table I). 

Beyond this, accuracy plateaued or slightly declined 

(e.g., 80.55% at 1000 trees), while training time 

increased, reflecting the diminishing returns principle in 

ensemble learning [56]. 

 

Fig. 8 Decision tree illustration of 3 subsets 

 

 

 

 

TABLE I 

ACCURACY AND RUNTIME BASED ON NUMBER 

OF TREES 

n_estimators Accuracy Average Runtime (s) 

10 63.88% 0.07 

100 77.78% 0.28 

500 83.33% 1.30 

1000 80.55% 2.50 

4) Accuracy Convergence and Practical 

Considerations: As shown in Fig. 9, model accuracy 

improved with increasing tree numbers, peaking at 

83.33% with 500 trees, after which performance 

plateaued or declined slightly. Given the small dataset 

(120 images) and the need for computational efficiency, 

500 trees were selected as the optimal configuration, 

balancing accuracy and resource constraints. 

F. Model Evaluation 

The Random Forest classifier (100 trees) was 

evaluated on a 30% test split (36 images) across six 

freshwater fish species. As shown in Table II, the model 

achieved 88.89% accuracy, 92.59% precision, 94.94% 

recall, and a 93.75% F1-score, based on 75 TP, 5 TN, 6 

FP, and 4 FN. Class-wise evaluation (Table III) revealed 

perfect classification for catfish, barb, and tilapia, while 

misclassifications occurred mainly between pomfret and 

gourami due to their similar texture and color patterns. 

Gourami showed the lowest recall (0.50), likely affected 

by variations in size and orientation. The macro F1-score 

of 0.83 reflects strong overall performance, aligning with 

the “very good” category [57], [58]. 

 
Fig. 9 Accuracy convergence curve versus Random Forest 

tree count, with 500 trees (n_estimators = 500) yielding 

the highest accuracy
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TABLE II 

MODEL PREDICTIONS VERSUS ACTUAL CLASS LABELS 

Actual \ Predicted pomfret gourami catfish barb tilapia Java barb 

pomfret 4 1 0 0 0 1 

gourami 2 3 0 0 1 0 

catfish 0 0 6 0 0 0 

barb 0 0 0 6 0 0 

tilapia 0 0 0 0 6 0 

Java barb 1 0 0 0 0 5 

TABLE III 

METRIC INTERPRETATION AND CLASS-SPECIFIC 

PERFORMANCE 

Class Precision Recall F1-score 

Pomfret 0.57 0.67 0.62 

Gourami 0.75 0.50 0.60 

Catfish 1.00 1.00 1.00 

Barb 1.00 1.00 1.00 

Tilapia 0.86 1.00 0.92 

Java barb 0.83 0.83 0.83 

Macro Avg. 0.83 0.83 0.83 

 

The RF model developed in this study achieved an 

accuracy of 88.89% using image-based features, 

comparable to models using environmental parameters 

such as water temperature and pH (~88–94%) reported 

by [32] [59]. These results confirm that visual-based 

classification, when supported by effective feature 

extraction, can be a reliable alternative to sensor-based 

methods. RF also has been effectively applied in remote 

sensing for aquaculture classification tasks [60]. 

Although achieved slightly higher accuracy (91.3%) 

with CNN, RF offers key advantages: lower 

computational cost, easier interpretability, and greater 

feasibility for deployment on mid-range devices. In line 

with this, [34] showed that RF can operate on RISC-V 

microcontrollers with up to 90% energy savings while 

maintaining high accuracy, while [61] [62] reported 

significant improvements in speed and energy efficiency 

on ARM and custom hardware platforms. 

In a comparison of machine learning classifiers on 

image-based features of rainbow trout (Oncorhynchus 

mykiss), the SVM with a radial basis function kernel 

achieved a correct classification rate of 82%, 

demonstrating strong capability in differentiating fish 

based on their diet-related skin features [63]. Accuracy 

convergence analysis (Fig. 9) confirmed peak 

performance at 500 trees (n_estimators = 500), beyond 

which further increases yielded diminishing returns. This 

observation is consistent with studies combining HSV 

color, GLCM texture, and machine learning classifiers 

like RF or SVM, where F1-scores between 0.80–0.90 are 

commonly reported [55]. For instance, Ou et al. (2023) 

achieved an F1-score of 0.88 for tuna classification using 

a hybrid model (VGG16 + GLCM + SVM). 

Model Insight and Feature Importance. The model 

demonstrated strong classification performance and 

interpretability, with visual inspection confirming 

accurate identification of species-specific traits such as 

the catfish’s elongated, dark-colored body. Feature 

importance analysis revealed that color attributes 

(especially average Hue and Value in HSV) and texture 

descriptors (notably contrast and energy from GLCM) 

were key to predictive accuracy. While catfish and Java 

barb were classified perfectly, pomfret was often 

misclassified as gourami or Java barb due to similar 

textures and overlapping color features. Other species 

achieved F1-scores ≥ 0.83. Future enhancements may 

include data augmentation, advanced shape descriptors, 

and hybrid RF–CNN models for improved spatial feature 

extraction. 

G. Simulation-Based Model Testing 

The model was tested using two simulation images—

gourami (fish-1, Fig. 10) and Java barb (fish-2, Fig. 

11)—to evaluate its ability to classify species and 

generate feed recommendations. As shown in Fig. 12 and 

Fig. 13, the system correctly identified both species and 

provided appropriate, species-specific dietary 

suggestions. These results demonstrate the model’s 

effectiveness in combining image-based fish recognition 

with relevant feed recommendations. 

 
Fig. 10 Gourami testing image as fish-1 

 
Fig. 11 Java barb testing image as fish-2 
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Fig. 12 Results of fish species prediction and feed 

recommendations on fish-1 image 

 
Fig. 13 Results of fish species prediction and feed 

recommendations on fish-2 image 

 

Gourami is a herbivorous freshwater fish that thrives 

on natural, plant-based feeds such as cassava leaves, 

papaya leaves, Lemna sp., and Hydrilla [64]. These 

natural feeds align well with the species’ digestive 

system and contribute to better water quality in 

aquaculture environments [65]. Although commercial 

pellets may be used as supplements, they should be 

formulated with moderate protein levels and plant-based 

ingredients. Studies suggest that combining 70–80% 

natural feed with 20–30% formulated feed improves 

growth performance while maintaining sustainability 

[66]. Java barb is an herbivorous freshwater fish whose 

digestive anatomy is optimized for processing plant-

based feeds, such as algae and aquatic vegetation. 

Studies analyzing gastric contents confirm that Java barb 

primarily consume diatoms and green algae, supporting 

their natural preference for plant-derived diet [67] [68]. 

Supplementing with commercial pellets—often high in 

animal-derived protein—can disrupt digestion, reduce 

feed efficiency, and impair water quality. 

Therefore, natural feeding with leaves or aquatic 

plants is recommended for improved growth, health, and 

environmental sustainability in Java barb aquaculture. 

IV. CONCLUSION 

The Random Forest model, developed using 33 

integrated color, shape, and texture features, achieved a 

macro-averaged accuracy of 83% in classifying six 

freshwater fish species, with optimal performance 

obtained at 500 decision trees. The model demonstrated 

high precision in identifying catfish, barb, and tilapia (≥ 

0.86), while classes like pomfret and gourami exhibited 

lower scores, suggesting the need for improvement. 

These results highlight the potential of Random Forest as 

a practical and cost-effective classification tool for 

aquaculture, particularly in settings with limited 

computational resources. To enhance its robustness and 

accuracy, especially for visually similar species, future 

work may involve data augmentation to improve 

generalization, the integration of advanced shape 

descriptors (e.g., Zernike moments or Fourier 

descriptors), and the development of hybrid ensemble 

models combining RF with lightweight CNNs. These 

enhancements would support real-time deployment and 

wider adoption in digital aquaculture systems. 
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