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Article Info ABSTRACT 

Article History: 
The classification of tomato ripeness is crucial for post-harvest processing, quality 

assurance, and agricultural automation, as manual evaluation is often subjective, 

inconsistent, and time-consuming. This research investigated the impact of color space 

selection and hyperparameter optimization on tomato ripeness classification using machine 
learning (SVM, Random Forest, K-NN, GNB) and deep learning (CNN) approaches. 

Evaluation results indicated that YCbCr was the best-performing color space for classical 

models, with SVM achieving the highest accuracy (91.24%) and RF following closely 

(89.54%), whereas HSV yielded optimal performance for CNN (90.46%), highlighting 
differences in feature extraction mechanisms. Confusion matrix and ROC curve analyses 

demonstrated that models capturing nonlinear and interdependent color features, such as 

SVMs and CNNs, achieved superior class separability, particularly for the Ripe and Unripe 

classes. Dominant channel analysis revealed that chrominance channels, Cb in YCbCr and 
H in HSV, played a critical role in ripeness discrimination. These findings emphasized the 

importance of preprocessing for feature selection and provided guidance on selecting 

appropriate models and color spaces to improve the accuracy and reliability of automated 

tomato ripeness classification. 
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1. INTRODUCTION 

Tomatoes had a crucial role in the agricultural supply chain, both consumed directly and utilised as 

raw materials for processed industries. The level of ripeness greatly affected the flavour, shelf life, and 

selling price, so a method of determining ripeness is needed [1], [2]. Ripeness tests were generally divided 

into two types, destructive and non-destructive method [3]. Destructive methods were usually conducted 

through the analysis of chemical content or physical characteristics, such as sugar content, acidity, or 

texture. Non-destructive methods, such as digital image analysis allowed measurements to be made without 

damaging the sample, making them more suitable for application in the distribution chain [4]. Ripeness was 

usually checked by workers looking at the fruit, but this method can be unreliable, slow, and expensive. A 

non-destructive system was needed that uses technology to automatically, quickly, and reliably check 

tomato ripeness [5], [6]. 

The development of image processing technology has enabled the application of machine learning 

approaches in tomato ripeness classification. By using digital images, visual patterns that were difficult to 

interpret consistently by human vision can be analyzed more objectively. This non-destructive method 

helped check quality more accurately and lowers the chance of losses from harvesting at the wrong time or 

damage during distribution [7], [8]. Common methods included Support Vector Machine (SVM), Random 

Forest (RF), K-Nearest Neighbors (K-NN), and Gaussian Naïve Bayes (GNB). These algorithms have been 

applied in various research. The Convolutional Neural Network (CNN) algorithm has emerged as a new 

standard in image processing due to its ability to automatically and hierarchically extract features without 

requiring manual feature engineering [9], [10], [11]. The use of these algorithms aimed to recognize visual 

patterns in images, such as differences in color, texture, and shape, to provide key information for 

determining tomato ripeness. Each method used a different approach and parameter selection for data 

processing, so classification results may vary depending on the characteristics of the dataset [12], [13].  

When applied to multiclass classification problems such as tomato ripeness determination (unripe, 

ripe, overripe, and damaged), these machine learning algorithms offered several advantages. These methods 

generally distinguished classes well, reduced potential errors due to data complexity, and provided 

flexibility in handling variations in image characteristics. In CNN architectures specifically, the method 

proved highly effective at handling lighting variations and complex backgrounds in fruit images captured 

in uncontrolled environments [14]. In addition, some algorithms were efficient at processing large amounts 

of data, so they remain relevant for fruit image classification research [15]. 

In addition to algorithm selection, another factor influencing classification success was the color 

space used in image processing. Color was the main indicator of tomato ripeness, but how it is represented 

can vary depending on the chosen color space, such as RGB, HSV, CIE Lab, or YCbCr. The different color 

spaces produced variations in feature quality, so choosing the right color model is important to obtain more 

accurate classification results [16], [17]. This study also explored the identification of the dominant color 

channel within each color space. Analyzing dominant channels was important because some channels may 

carry more discriminative information about ripeness levels, such as changes in hue intensity or luminance. 

Identifying the most significant channel helped improve feature selection strategies, enhance model 

interpretability, and potentially reduce computational complexity by focusing on the most informative 

components. 

Previous research had utilized image-based, non-destructive methods powered by machine learning 

for fruit classification, including mango, kiwi, avocado, tomato, and strawberry [18], [19], [20], [21], [22], 

[23]. Most research had employed only a single algorithm or single-color space, without conducting 

comprehensive performance comparisons across different methods and color spaces. Moreover, limited 

research had examined the role of dominant color channels within different color spaces in supporting 

classification accuracy. Therefore, a gap remained in understanding the combined impact of algorithm 

selection, color space variation, and dominant channel characteristics on classification performance. This 

research addressed that gap by evaluating several machine learning algorithms (SVM, RF, K-NN, and 

GNB) and a deep learning model (CNN) across multiple color spaces, while also analyzing dominant color 
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channels to determine the most optimal combination for tomato ripeness classification. The findings could 

contribute to the development of a more effective and transparent fruit image classification system to 

advance precision agriculture practices. 

2. RESEARCH METHODS 

2.1 Dataset 

This dataset consisted of tomato images acquired in a laboratory environment. Images were captured 

with a smartphone camera, flash enabled, with each tomato placed against a white background and 

photographed at a fixed distance to maintain uniform scale. All images were recorded at a resolution of 

4,624 × 3,472 pixels. Representative samples of each ripeness category are shown in Fig. 1. 

         
Figure 1. Datasets Representing Each Fruit Ripeness Category 

Tomato images were classified into four ripeness levels: Damaged, Overripe, Ripe, and Unripe. The 

dataset consisted of 6,511 training images and 765 test images. Table 1 shows the distribution of the training 

and testing data. 

Table 1. Dataset Distribution 

Distribution 
Ripeness level 

Damaged Overripe Ripe Unripe 

Train  959 1992 1975 1585 

Test  106 232 230 197 

Data source: Processed by the author (2026)  

2.2 Technical Research  

The research began with image acquisition, where tomato samples were captured under controlled 

laboratory conditions to ensure consistent illumination. The preprocessing stage involved cropping the 

images to remove extraneous background regions, resizing them to 128 × 128 pixels for uniform input size, 

and converting them into four color spaces (RGB, HSV, CIE Lab, and YCbCr). Feature extraction was 

performed by calculating statistical descriptors (mean, standard deviation, skewness, and kurtosis) for each 

color channel to represent the visual characteristics of the ripeness levels. 

Based on Table 1, the dataset was split into training and testing subsets using a 90:10 ratio to 

maximize model learning while maintaining a robust test set of 765 samples for evaluation. A class 

imbalance was observed among the ripeness categories, with minority classes such as 'Damaged' having 

fewer samples. To mitigate bias toward majority classes, weighted class balancing was applied during 

training by assigning class weights inversely proportional to class frequencies, enhancing fairness and 

robustness in classification. 

The implementation phase involved five algorithms (SVM, RF, KNN, GNB, and CNN). 

Hyperparameter tuning was performed using GridSearchCV with stratified 5-fold cross-validation. Model 

performance was evaluated using accuracy, precision, recall, F1-score, and ROC-AUC metrics. A channel 

dominance analysis was conducted to identify the most discriminative components in each color space for 

tomato ripeness classification. The research workflow was illustrated in Fig. 2. 
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Figure 2. Research Workflow  

2.3 Color Space  

RGB (Red, Green, Blue) was the primary color space used in digital image processing [24]. In this 

color space, each pixel is defined by three color intensity components: red (R), green (G), and blue (B). By 

combining three channels, any color can be represented. Eq. (1) represented each pixel based on the R, G, 

and B (R,G,B) components, and Eq. (2) normalized these values to a range between 0 and 1. 

𝑃(𝑥, 𝑦) = [𝑅(𝑥, 𝑦), 𝐺(𝑥, 𝑦), 𝐵(𝑥, 𝑦)], (1) 

𝑅′(𝑥, 𝑦) =
𝑅(𝑥, 𝑦)

255
,   𝐺′(𝑥, 𝑦) =

𝐺(𝑥, 𝑦)

255
,   𝐵′(𝑥, 𝑦) =

𝐵(𝑥, 𝑦)

255
. (2) 

The advantage of RGB is that its representation is intuitive and directly matches the output of display 

devices (monitors and cameras), making it easy to use in image preprocessing. However, it was sensitive 

to luminance and intensity, so differences in brightness could affect the R, G, and B values, even if the 

object's color remained the same [25]. For example, a ripe tomato and an overripe tomato might have color 

differences that were difficult to distinguish from RGB values alone if the lighting was inconsistent. 

Therefore, although RGB was effective for basic representation, transformation to other color spaces such 

as HSV, CIE Lab, or YCbCr was often performed to separate color information from intensity or to 

emphasise features relevant to tomato ripeness classification. 

HSV (Hue, Saturation, Value) separated the hue, saturation, and brightness information of an image. 

Eq. (3) was used to find the maximum (𝐶𝑚𝑎𝑥) and minimum (𝐶𝑚𝑖𝑛) values of the normalized RGB 

components. Subsequently, the hue (H) was calculated using Eq. (4), the saturation (S) was determined 

using Eq. (5), and the value (V) is defined using Eq. (6). 

𝐶𝑚𝑎𝑥 = max(𝑅
′, 𝐺′, 𝐵′),   𝐶𝑚𝑖𝑛 = min(𝑅

′, 𝐺′, 𝐵′) ,   ∆= 𝐶𝑚𝑧𝑥 − 𝐶𝑚𝑖𝑛, (3) 
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𝐻 =

{
 
 
 
 

 
 
 
 

0,    𝑖𝑓 ∆= 0

60°. (
𝐺′ − 𝐵′

∆
𝑚𝑜𝑑6) ,   𝑖𝑓 𝐶𝑚𝑎𝑥 = 𝑅′

60°. (
𝐵′ − 𝑅′

∆
+ 2) ,   𝑖𝑓 𝐶𝑚𝑎𝑥 = 𝐺′

60°. (
𝑅′ − 𝐺′

∆
+ 4) ,   𝑖𝑓 𝐶𝑚𝑎𝑥 = 𝐵′

, (4) 

𝑆 = {

0,   𝑖𝑓 𝐶𝑚𝑎𝑥 = 0
∆

𝐶𝑚𝑎𝑥
,   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

, (5) 

𝑉 = 𝐶𝑚𝑎𝑥. (6) 

CIE Lab (L*, a*, b*) was designed to mimic human color perception more accurately than device-

based color models such as RGB. In this color space, the L* component reflected lightness, a* captured the 

green–red range, and b* showed the blue–yellow range. The main advantage of the Lab color space lies in 

its ability to emphasise subtle color differences, such as in distinguishing between ripe and overripe 

tomatoes, as small spectral differences could be more easily detected than in the RGB space. 

The process of converting colors from RGB to CIE Lab involved passing through the XYZ 

intermediate color space. First, the values of each RGB channel were normalized to 0–1, and then gamma 

correction (linearization) was applied to compensate for the display's nonlinear characteristics. After that, 

the linear RGB values were converted to the XYZ color space using a standard transformation matrix with 

an illuminant of D65 as the white light reference, as shown in Eq. (7). 

[
𝑋
𝑌
𝑍
] = [

0.4124 0.3576 0.1805
0.2126 0.7152 0.0722
0.0193 0.1192 0.9505

] [
𝑅′
𝐺′
𝐵′

]. (7) 

Once the X, Y, and Z values were obtained, each component was normalised against the D65 

reference white point, i.e. 𝑋𝑛 = 0.95047, 𝑌𝑛 = 1.00000, and dan 𝑍𝑛 = 1.08883. The next step was the 

transformation from XYZ to CIE Lab using Eq. (8). 

𝐿∗ = 116 (
𝑌

𝑌𝑛
)
1/3

− 16,    𝑎∗ = 500 [(
𝑋

𝑋𝑛
)

1
3
− (

𝑌

𝑌𝑛
)

1
3
],    𝑏∗ = 200 [(

𝑌

𝑌𝑛
)

1
3
− (

𝑍

𝑍𝑛
)

1
3
]. (8) 

This process transformed the device-dependent RGB color space into the universal CIE Lab color 

space, which corresponds to human visual perception. The CIE Lab color space was widely used in image 

processing, color analysis, and color-based object recognition. 

YCbCr separated the luminance (Y) and chrominance (Cb, Cr) components, making it more stable 

against lighting variations. The transformation from RGB to YCbCr is used Eq. (9). 

[
𝑌
𝐶𝑏
𝐶𝑟

] = [
0.299 0.587 0.114

−0.0168736 −0.331264 0.5
0.5 −0.418688 −0.081312

] [
𝑅
𝐺
𝐵
] + [

0
128
128

]. (9) 

Implementing these color spaces facilitated the extraction of color features for the classification of 

tomato images. RGB served as the foundation. HSV and Lab highlighted color and brightness 

characteristics relevant to ripeness. YCbCr separates luminance from chrominance, making the model more 

resilient to lighting changes [26]. 
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 2.4 Machine Learning 

Machine learning was utilized in image processing for tomato ripeness classification to construct 

models that can recognize patterns in color and texture. SVM, RF, K-NN, and GNB were commonly 

employed [3].  

2.4.1 Support Vector Machine 

SVM distinguished classes by identifying the hyperplane that maximized the margin between them. 

For datasets that were not linearly separable, a kernel function was applied to map the data into a higher-

dimensional space, enabling linear separation. The SVM decision function was expressed as follows in Eq. 

(10). 

𝑓(𝑥) = 𝑤. 𝑥 + 𝑏, (10) 

where w was the weight vector, and b is the bias. The aim of SVM training was to minimize the objective 

function, min
𝑤,𝑏

1

2
‖𝑤‖2, subject to the constrain 𝑦𝑖(𝑤. 𝑥𝑖 + 𝑏) ≥ 1, ∀𝑖. In cases where the data were non-

linear case, the kernel 𝐾(𝑥𝑖 , 𝑦𝑖) was employed to project the data to a high-dimensional feature space, as 

defined in Eq. (11). 

𝑓(𝑥) = ∑ 𝑎𝑖𝑦𝑖𝐾(𝑥𝑖 , 𝑥) + 𝑏,
𝑛
𝑖=1   (11) 

where 𝑎𝑖 were the Lagrange coefficients. 

2.4.2 Random Forest  

Random Forest (RF) is an ensemble learning technique that consists of multiple decision trees. Each 

tree was trained on a randomly selected subset of the dataset, called a bootstrap sample. Random selection 

of features was employed to improve generalization and mitigate overfitting. The final class prediction was 

determined through majority voting, as expressed in Eq. (12). 

𝑦̂ = 𝑚𝑜𝑑𝑒 {ℎ1(𝑥), ℎ2(𝑥),… , ℎ𝑇(𝑥)}, (12) 

ℎ𝑡(𝑥) was the prediction result of tree t. T is the total number of trees in the forest. The separation function 

at each tree node was determined by minimizing impurity using the Gini index criterion, using Eq. (13). 

𝐺𝑖𝑛𝑖 = 1 − ∑ 𝑝𝑘
2,𝐾

𝑘=1   (13) 

where 𝑝𝑘 was the proportion of data in class 𝑘 within the node. 

2.4.3 K-Nearest Neighbors  

K-Nearest Neighbors (K-NN) is a method that classifies new objects based on the 𝐾 training data 

points closest to them. The most common distance used was the Euclidean Distance, as shown in Eq. (14). 

𝑑(𝑥, 𝑥𝑖) = √∑ (𝑥𝑗 − 𝑥𝑖𝑗)
2𝑛

𝑗=1 .  (14) 

The predicted class was determined by the majority of labels of the K nearest neighbors, as defined by (15). 

𝑦̂ = 𝑚𝑜𝑑𝑒 {𝑦𝑖|𝑥𝑖 ∈ 𝑁𝐾(𝑥)}.  (15) 

𝑁𝐾(𝑥) was the set of 𝐾 nearest neighbors of the test data x.  

2.4.4 Gaussian Naive Bayes  

Gaussian Naive Bayes (GNB) was a probabilistic classifier based on Bayes' theorem that assumed 

each feature was conditionally independent of its class. The probability that data 𝑥 = (𝑥1, 𝑥2, … , 𝑥𝑛) 
belonged to class 𝐶𝑘 was calculated using the following Eq. (16). 
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𝑃(𝐶𝑘|𝑥) =
𝑃(𝐶𝑘)∏ 𝑃(𝑥𝑖|𝐶𝑘)

𝑛
𝑖=1

𝑃(𝑥)
. (16) 

For continuous data, the distribution of 𝑃(𝑥𝑖|𝐶𝑘) in Eq. (17) was assumed to follow a Gaussian (normal) 

distribution. 

𝑃(𝑥𝑖|𝐶𝑘) =
1

√2𝜋𝜎𝑘
2

𝑒𝑥𝑝 (−
(𝑥𝑖 − 𝜇𝑘,𝑖)

2

2𝜎𝑘,𝑖
2 ), 

(17) 

𝜇𝑘,𝑖 represented the mean and  𝜎𝑘,𝑖 represented standard deviation of feature 𝑥𝑖 belonging to class 𝐶𝑘. 

2.5 Convolutional Neural Networks  

Convolutional Neural Networks (CNNs) were a type of deep learning architecture designed to handle 

grid-like data structures, including digital images. Unlike conventional machine learning approaches that 

relied on manually crafted features, CNNs automatically extracted hierarchical representations directly 

from raw pixel data, capturing simple patterns such as edges in the initial layers and progressively more 

complex structures in deeper layers [27]. The fundamental operation in a CNN was convolution, in which 

a 𝑘 × 𝑘 filter (kernel) moves across the input image to generate a feature map. The convolution operation 

was expressed in Eq. (18). 

𝑦𝑖,𝑗 = 𝜎(∑ ∑𝑤𝑚,𝑛 ∙ 𝑥𝑖+𝑚,𝑗+𝑛 + 𝑏

𝑘−1

𝑛=0

𝑘−1

𝑚=0

), (18) 

where 𝑦𝑖,𝑗 was output value at position (𝑖, 𝑗) in feature map, 𝑥𝑖+𝑚,𝑗+𝑛  was the input value at position (𝑖 +

𝑚, 𝑗 + 𝑛), 𝑤𝑚,𝑛 represented the kernel weight at position (𝑚, 𝑛), 𝑏 was the bias term, and 𝜎(∙) denoted the 

nonlinear activation function, usually ReLU (𝑓(𝑧) = max(0, 𝑧)). 

After convolution, a pooling operation (typically Max Pooling) was applied to reduce the spatial 

dimensions of the feature maps, thereby speeding up computation and reducing overfitting. The extracted 

features were then flattened and passed to a Fully Connected Layer to produce the final classification 

probabilities using the Softmax function, as defined Eq. (19).  

𝑃(𝑦 = 𝑐|x) =
𝑒𝑧𝑐

∑ 𝑒𝑧𝑗𝐶
𝑗=1

, (19) 

where 𝑃(𝑦 = 𝑐|x) represented the predicted probability that the input x belonged to class 𝑐, and 𝑐 is the 

total number of classes, and 𝑧𝑐 denoted the output (logit) of the Fully Connected Layer for class 𝑐, and 𝑒 

was the base of the natural logarithm. 

The proposed CNN architecture in this research received input images of size 128 × 128 × 3, 

representing the spatial resolution and three-channel color information. The network comprised three 

convolutional layers with 32, 64, and 128 filters, respectively, each using a 3 × 3 kernel and ReLU 

activation function. To progressively reduce spatial dimensions and enhance feature abstraction, each 

convolutional layer was followed by a 2 × 2  max-pooling layer. This hierarchical structure enabled the 

extraction of low-level features such as edges and textures in the early layers, while capturing more complex 

ripeness-related patterns in the deeper layers. The resulting feature maps were flattened and connected to a 

fully connected layer with 128 neurons, followed by a dropout layer (0.3 or 0.5) to mitigate overfitting. The 

final layer consisted of four neurons with Softmax activation to classify tomato images into four ripeness 

categories. Hyperparameter tuning was conducted on batch size (32, 64), learning rate (1e−3, 1e−4), and 

dropout rate to ensure stable convergence and optimal performance across color spaces. 
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2.6 Confusion Matrix  

A confusion matrix is a metric used to evaluate the performance of classification models. It indicates 

the number of correct and incorrect predictions made by the model for each class. Table 2 presents the 

confusion matrix. 

Table 2. Confusion Matrix 

Actual/ Predicted Positive Negative 

Positive True positive (TP) False negative (FN) 

Negative False positive (FP) True negative (TN) 

The confusion matrix provides the basis for calculating evaluation metrics, including accuracy, 

precision, recall, and F1-score. These metrics are computed using Eqs. (20), (21), (22), and (23), 

respectively.  

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 , (20) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
, (21) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
, (22) 

𝐹1 − 𝑠𝑐𝑜𝑟𝑒 =
2×(𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙𝑙)

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
.  (23) 

3. RESULTS AND DISCUSSION 

Optimal hyperparameter configurations influenced model performance in both algorithmic 

complexity and color space representation. The best hyperparameter configurations presented in Table 3 

showed that SVM consistently selected the RBF kernel with a high C value (100), indicating the need for 

nonlinear decision boundaries, while moderate gamma values maintained a balanced bias–variance trade-

off. RF relied on a relatively large number of trees (200–500) with controlled tree depth, emphasizing the 

importance of ensemble strength in capturing inter-channel variations. K-NN exhibited stable settings (k = 

5, distance weighting), suggesting that local similarity remained informative across color spaces. GNB 

retained identical var_smoothing values, reflecting limited sensitivity to color transformation. Variations in 

CNN batch size and dropout rate across color spaces indicated that deep feature extraction was responsive 

to differences in color representation structure. 

The evaluation results in Table 4 demonstrated that color space selection significantly affected 

classification performance. SVM achieved the highest overall accuracy (91.24%) in the YCbCr color space, 

followed by RF (89.54%) and K-NN (88.24%) in the same color space, indicating strong generalization 

and balanced classification across ripeness categories. The superior performance in YCbCr suggested that 

separating the luminance (Y) and chrominance (Cb, Cr) components reduced illumination effects while 

preserving discriminative color information. CNN achieved the best performance in the HSV color space 

(90.46%), indicating that deep feature extraction responded differently to color representation than classical 

models. GNB consistently yielded the lowest performance across all color spaces, indicating that its 

independence assumption failed to capture the nonlinear color distributions in ripeness classification. 

The difference in the best-performing color space between classical machine learning and deep 

learning models was likely due to their distinct feature-extraction mechanisms. Classical algorithms relied 

on predefined statistical color features, making them more sensitive to how effectively a color space 

separated discriminative information. CNN performed hierarchical feature extraction through convolutional 

layers, enabling it to learn complex spatial–color patterns directly from the data. CNN performance was 
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less dependent on initial channel separation, which explained why HSV could outperform other color spaces 

in the deep learning approach. This contrast highlighted that the effectiveness of color space depended on 

the learning paradigm used. 

Table 3. Best Hyperparameter Configuration 

Method Parameter Range of value 
Color space 

RGB HSV CIE Lab YCbCr 

SVM C [0.1, 1, 10, 100] 100 100 100 100 

gamma ['scale', 'auto', 0.001, 0.01, 

0.1, 1] 

0.1 0.1 scale 0.1 

 kernel ['rbf', 'poly'] rbf rbf rbf rbf 

RF n_estimators [100, 200, 500] 500 500 200 200 

max_depth [None, 10, 20, 30] None 20 30 20 

min_sample_split [2, 5, 10] 2 2 2 2 

min_sample_leaf [1, 2, 4] 1 1 1 1 

K-NN n_neighbors 

weights  

[3, 5, 7, 9, 11] 

['uniform', 'distance']  

5 

'distance' 

5 

'distance' 

5 

'distance' 

3 

'distance' 

metric  ['euclidian', 'manhattan', 

'minkowski'] 

'euclidean' 'manhattan' 'euclidean' 'euclidean' 

GNB var_smoothing [1e-10, 5e-10, 1e-9, 5e-9, 

1e-8] 

1e-10 1e-10 1e-10 1e-10 

CNN batch size [32,64] 32 64 32 64 

 learning rate [1e-3, 1e-4] 1e-3 1e-3 1e-3 1e-3 

 dropout rate [0.3, 0.5] 0.5 0.3 0.5 0.3 

Data source: Processed by the author (2026) 

Table 4. Evaluation Results 

Method Metric  
Color space 

RGB HSV CIE Lab YCbCr 

SVM Accuracy (%) 85.23 85.62 90.20 91.24 

Precision (%) 82.78 83.63 88.31 89.62 

Recall (%) 83.50 84.26 89.16 90.53 

F1-score (%) 82.92 83.79 88.68 90.02 

RF Accuracy (%) 86.14 86.01 88.89 89.54 

Precision (%) 83.71 84.09 86.28 87.45 

Recall (%) 81.84 82.36 84.93 86.11 

F1-score (%) 82.42 82.98 85.38 86.58 

K-NN Accuracy (%) 83.92 81.44 87.19 88.24 

Precision (%) 82.80 79.37 85.45 86.34 

Recall (%) 79.96 78.13 83.76 84.81 

F1-score (%) 80.85 78.59 84.35 85.38 

GNB Accuracy (%) 46.67 48.63 64.31 66.80 

Precision (%) 46.19 46.50 59.83 61.20 

Recall (%) 42.68 43.58 58.76 60.31 

F1-score (%) 41.87 42.95 58.72 60.02 

CNN Accuracy (%) 89.54 90.46 87.45 87.32 

 Precision (%) 87.99 88.77 86.01 84.89 

 Recall (%) 87.71 87.90 83.84 85.24 

 F1-score (%) 87.73 88.26 84.63 84.91 

Data source: Processed by the author (2026) 

 

The matrices for the SVM, RF, K-NN, GNB, and CNN classifiers are shown in Fig. 3. The SVM 

model Fig. 3 (a) demonstrated the most balanced classification performance, with relatively few 

misclassifications across categories. The RF Fig. 3 (b) and K-NN Fig. 3 (c) models also maintained high 

accuracy for the Ripe and Unripe classes but exhibited greater confusion in the Damaged category, with a 

notable number of samples misclassified as Overripe. The GNB model (Figure 3d) yielded the weakest 

performance, with substantially lower diagonal values and pronounced misclassification, particularly 56 
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Ripe samples predicted as Overripe and 75 Damaged samples also classified as Overripe. The CNN model 

Fig. 3 (e) achieved the highest number of correctly classified Ripe instances, indicating strong capability to 

recognize dominant ripeness characteristics; however, its performance on the Damaged class was slightly 

lower than that of SVM, suggesting a minor trade-off in class-specific sensitivity. These findings indicated 

that models capable of capturing nonlinear and interdependent color features, such as SVM, achieved 

superior class separability in the YCbCr and CNN in HSV color spaces. The dominance of diagonal 

elements in the SVM and CNN matrices confirmed their robustness and reliability in differentiating tomato 

ripeness levels, whereas the probabilistic assumptions of GNB limited its adaptability to overlapping color 

distributions. 

 
(a)  

 
(b)  

 
(c ) 

 
                          (d) 

 
                         (e) 

Figure 3. Confusion Matrices for Best Color Space  

(a) SVM, (b) RF, (c) K-NN, (d) GNB, (e) CNN 

ROC curves were presented in Fig. 4, illustrating the trade-off between sensitivity and specificity for 

each classifier in their best-performing color spaces. The machine learning models (SVM, RF, K-NN, and 

GNB) achieved peak performance in the YCbCr space. The SVM model Fig. 4 (a) achieved the highest 

Macro-average AUC (0.9825) and Micro-average AUC (0.9853), demonstrating consistent and near-

perfect classification across all classes, particularly for Ripe (AUC=0.9954) and Unripe (AUC=0.9986) 

samples. The RF Fig. 4 (b) and K-NN Fig. 4 (c) models also performed well in YCbCr, with slightly higher 

Micro-average than Macro-average AUCs, indicating stronger performance on majority classes (Ripe and 

Unripe) but relatively lower separability for the minority Damaged class. GNB Fig. 4 (d) recorded the 

lowest Macro-average (0.8101) and Micro-average (0.8515) AUCs, largely due to its inability to distinguish 

Damaged samples (AUC=0.5792), reflecting the limitations of its probabilistic assumptions with 

overlapping color distributions. 

The CNN model inFig. 4 (e) achieved optimal performance in HSV, with a macro-average AUC of 

0.9826 and micro-average AUC of 0.9868, indicating strong overall performance and balanced class 

predictions. This shift from YCbCr for ML models to HSV for CNN suggested that deep learning could 

leverage richer spatial and color information, whereas traditional ML relied on the luminance-chrominance 

separation of YCbCr to handle nonlinear color patterns. The comparisons of micro and macro-average 

AUCs highlighted that SVM in YCbCr and CNN in HSV were the most robust approaches for tomato 

ripeness detection, with SVM achieving balanced class separability and CNN exploiting complex feature 

representations for superior performance across all classes. 
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                                (a)         (b)            (c) 

 

         (d)            (e) 

Figure 4. ROC Curve for Best Color Space  

(a) SVM, (b) RF, (c) K-NN, (d) GNB, (e) CNN 

Following the ROC curve evaluation, Table 5 presents the contributions of dominant color channels 

in the best-performing color spaces across different classification methods. The analysis revealed that 

chrominance channels, particularly Cb in YCbCr and H in HSV, played a crucial role in distinguishing fruit 

ripeness. These findings emphasized the importance of identifying dominant channels to optimize feature 

selection and improve classification accuracy.  

Table 5. Dominant Color Channel Analysis 

Method Best color space Channel Contribution (%) 

SVM YCbCr Y 28.15% 

  Cb 38.11% 

  Cr 33.74% 

RF YCbCr Y 
17.23% 

 

  Cb 55.43% 

  Cr 27.34% 

K-NN YCbCr Y 38.08% 

  Cb 34.31% 

  Cr 27.61% 

GNB YCbCr Y 38.08% 

  Cb 34.31% 

  Cr 27.61% 

CNN HSV H 43.68% 

  S 37.45% 

  V 18.86% 

              Data source: Processed by the author (2026) 
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For SVM, the Cb channel contributed the most (38.11%), followed by Cr (33.74%) and Y (28.15%), 

indicating that color difference information was more informative than luminance. Similarly, RF showed a 

strong dominance of the Cb channel (55.43%), suggesting that ensemble-based methods effectively 

leveraged chrominance variations. In contrast, K-NN and GNB exhibited a more balanced pattern, with the 

Y channel slightly ahead (38.08%), suggesting that brightness information remained relevant across 

distance-based and probabilistic models. For CNN, the HSV color space was used, with the H channel 

dominating (43.68%), indicating that deep learning effectively captured hue variations, which were 

essential for ripeness detection. These results underscore the importance of checking dominant color 

channels during preprocessing, as focusing on the most informative channels optimized feature selection, 

reduced computational complexity, and enhanced classification performance by improving the 

discrimination of fruit ripeness. 

4. CONCLUSION 

The results of the research demonstrated that color space selection and hyperparameter optimization 

significantly influenced the performance of tomato ripeness classification. Classical machine learning 

models performed best in YCbCr, leveraging the separation of luminance and chrominance, while CNN, as 

a deep learning model, achieved optimal results in HSV by capturing hierarchical spatial–color features. 

Chrominance channels, particularly Cb for traditional models and H for CNN, were critical for 

discriminating ripeness, whereas brightness remained relevant for distance-based and probabilistic models. 

Models capable of capturing nonlinear and interdependent color information, such as SVM and CNN, 

achieved superior accuracy and class separability. Identifying dominant color channels during 

preprocessing enhanced feature selection, reduced computational complexity, and improved classification 

reliability, providing a robust framework for automated fruit ripeness detection. 
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