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Introduction  

Agriculture continues to play a crucial role in supporting Indonesia’s economic stability and regional development, 

contributing significantly to the national GDP [1, 2]. As digital transformation accelerates, technologies such as Artificial 

Intelligence (AI), computer vision, and automation are increasingly being utilized to improve agricultural productivity 

particularly in quality control, where rapid and objective decision-making is essential [3]. Manual visual inspection, which 

remains the predominant method for assessing the freshness and quality of agricultural products, is inherently limited by 

subjectivity, operator fatigue, and inconsistencies, especially during peak harvest periods [4]. These challenges highlight the 

urgent need for automated, reliable, and high-precision assessment systems. 

Duku Palembang (Lansium domesticum Corr.), a tropical fruit native to South Sumatra, holds substantial economic value 

due to its strong market demand and export potential [5, 6]. However, its delicate physical characteristics such as a thin 

pericarp, easily bruised skin, and rapid browning make quality inspection difficult to perform manually with consistent accuracy. 

Abstract: Duku Palembang (Lansium domesticum Corr.) is a leading commodity from South Sumatra with high 

economic value. The quality assessment process for duku has traditionally relied on manual visual inspection, 

which is subjective, time-consuming, and inconsistent, especially at large production scales. This study proposes 

an integrative framework combining Convolutional Neural Network (CNN) and K-Means Clustering to improve the 

accuracy of classification and clustering of Duku Palembang quality. CNN is employed to extract high-level visual 

features such as color, texture, shape, and edges, while K-Means utilizes feature similarity to group fruits in an 

unsupervised manner, maintaining effectiveness even when labeled data is limited. The research stages include 

image data preprocessing, feature extraction using CNN, supervised quality classification, and quality grouping 

using K-Means. Experimental results show that integrating the two methods enhances the accuracy of duku quality 

identification compared to using a single method, while also offering a fast, objective solution that can be 

implemented in sorting and distribution facilities. This approach is expected to support precision agriculture 

practices and increase the competitiveness of Indonesian agricultural products in the global market. 
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Spoilage indicators, including surface darkening, textural collapse, and the formation of microlesions, can be subtle and 

challenging to evaluate across large harvest batches [7, 8]. These biological attributes emphasize the need for automated 

image-based quality assessment tools capable of detecting early signs of deterioration and supporting post-harvest quality 

control workflows [9, 10]. 

Convolutional Neural Networks (CNNs) have proven highly effective in capturing complex visual features such as color 

irregularities, texture gradients, and morphological variations making them well-suited for fruit quality classification [11]. 

Complementing this, K-Means clustering offers an unsupervised mechanism to group data based on intrinsic feature similarity, 

which is particularly valuable when labeled datasets are limited or when potential substructures beyond binary classes may 

exist [12]. Although CNNs and K-Means have been applied to other agricultural commodities, such as tomatoes [13, 14] and 

apples [15], research specifically targeting Duku Palembang remains limited. Moreover, few studies have examined how 

CNN-derived deep features can be leveraged to improve clustering quality, leaving a methodological gap that this work seeks 

to address. 

To address this need, the present study proposes a hybrid pipeline that integrates CNN-based supervised classification 

with K-Means clustering applied to CNN-extracted deep features. Rather than employing a joint or iterative learning 

framework, the integration is implemented as a sequential pipeline in which the learned CNN representations are repurposed 

for unsupervised grouping. This approach is particularly beneficial in low-label scenarios, enabling the model to uncover 

hidden quality substructures and to validate the discriminatory strength of the extracted features [16, 17]. By ensuring that 

clustering is performed strictly on held-out test-set features, the approach also avoids methodological concerns such as data 

leakage, which can artificially inflate performance metrics. 

Overall, the proposed CNN-K-Means hybrid framework provides a scalable, data-efficient, and biologically meaningful 

solution for automated Duku Palembang quality assessment. The enhanced objectivity and consistency offered by this system 

have the potential to support sorting facilities, distribution networks, and export operations, thereby contributing to improved 

post-harvest management and strengthening the competitiveness of Indonesia’s agricultural sector in an increasingly digital 

market landscape. 

Methodology 

This study adopts an integrated pipeline approach that combines Convolutional Neural Network (CNN)-based supervised 

classification with K-Means clustering for unsupervised grouping. The revised methodology resolves previous inconsistencies 

and fully eliminates the risk of data leakage by ensuring that all clustering evaluations are performed exclusively on held-out 

test-set features. The complete workflow, illustrated in Figure 1, consists of four phases: dataset collection, preprocessing, 

CNN-based feature extraction, and K-Means clustering. 

Data Preparation Strategy 

The datasets and sampling methods are outlined thoroughly in the Materials and Methods section [18-20]. To ensure all 

experiments have comparable datasets, The datasets were broken into 3 parts; training, validation, and testing. The testing 

set is only used for evaluating final performance and clustering analysis, and cannot be used for model training or 

hyperparameter tuning [21]. 

The validation set (20% of the training dataset) was created with stratified sampling, to allow using for hyperparameter 

tuning and determining early stopping points. 

Image Preprocessing 

Preprocessing was applied to standardize input data and improve generalization performance [22]. All images were 

resized to 150 × 150 pixels and normalized to a pixel range of [0,1]. 

Data augmentation techniques including rotation, translation, zooming, brightness adjustment, and horizontal flipping were 

applied exclusively to the training subset to reduce overfitting. Class imbalance within the training data was addressed through 

controlled under sampling to achieve balanced learning conditions [23]. 

Importantly, preprocessing steps applied to the test set were limited strictly to resizing and normalization, ensuring fair and 

unbiased evaluation. 
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CNN Architecture for Supervised Classification 

For binary classification, a custom CNN structure, which included residual connections, batch normalisation and 

LeakyReLU activation functions, was developed. The Adam optimiser with binary cross-entropy loss was used to train the 

model. 

The training accuracy and loss curves were monitored during training, while validation metrics were used to adjust the 

hyperparameters and carry out early stopping. The test set was never accessed during this process.  

Deep Feature Extraction (Free of Data Leakage) 

The final step in transforming the CNN from a supervised classifier to a feature extractor was to remove the fully connected 

classification layer. The resulting feature vectors for model training were derived solely from the test data images on which 

the classifier would be evaluated. 
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Fig. 1: Workflow of the Integrated K-Means and CNN Model for Duku Fruit Quality Assessment [24]  

The extracted features were clustered using K-Means to verify whether the learned features could be separated into 

distinct groups (clusters). The number of optimal clusters was determined via the Elbow Method and the Within-Cluster Sum 

of Squares (WCSS) analysis. 
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Clustering Evaluation included: The Silhouette Score; the Davies-Bouldin Index; the Calinski-Harabasz Index; and the 

Adjusted Rand Index (ARI). The ARI was computed exclusively on the held-out test data features, thereby ensuring the 

methodology remained rigorous and precluding performance inflation from using the validation set. 

Materials and Designs 

Data Collection 

A curated dataset of Palembang duku (Lansium domesticum Corr.) images was assembled to support the development 

of the machine learning models. The images were captured under controlled natural lighting conditions and supplemented 

with publicly available sources to increase sample diversity [25-26]. Each image was manually labeled as either fresh or 

spoiled based on observable biological indicators such as browning, skin degradation, and textural collapse. 

The dataset used consistently throughout the study comprises 1,693 fresh and 2,342 spoiled images in the training split, 

along with 395 fresh and 601 spoiled images in the test split. All images were stored in structured directory formats to ensure 

reproducibility in preprocessing and model development. 

Images were captured across multiple harvesting batches over different days to ensure variability in fruit appearance. 

Fruits were randomly selected from distribution crates to reduce selection bias. The labeling process involved visual inspection 

by two independent assessors, and discrepancies were resolved through consensus. This procedure enhances the reliability 

and representativeness of the dataset. 

Preprocessing for Classification 

Several preprocessing steps were implemented to prepare the dataset for CNN-based supervised learning. First, all 

images were examined for formatting consistency, resolution quality, and class balance. Because the spoiled class was 

disproportionately represented, under sampling was applied within the training subset to reduce learning bias. 

A 20% validation set was then created from the training split using stratified sampling to ensure reliable hyperparameter 

tuning, prevent overfitting, and strengthen methodological rigor. Following this, all images were resized to 150 × 150 pixels 

and normalized to a [0,1] pixel range. To improve model robustness, data augmentation consisting of rotation, width and 

height shifting, zooming, brightness variation, and horizontal flipping was applied exclusively to the training set. Training and 

validation step sizes were computed based on batch size to ensure consistent epoch progression during model training. 

Classification Process Using CNN 

The revised CNN architecture was designed specifically for binary classification and incorporates convolutional layers 

with LeakyReLU activation, Batch Normalization to stabilize gradient behavior, Max Pooling for spatial reduction, and residual 

blocks to mitigate vanishing gradients while enhancing feature extraction. The final dense layer is followed by a sigmoid 

activation function for binary output prediction. 

The model was trained using the Adam optimizer with binary cross-entropy as the loss function and evaluated using 

accuracy, precision, recall, and F1-score metrics. A probability threshold of 0.5 was used to distinguish spoiled (1) from fresh 

(0) fruit. Training and validation accuracy and loss curves were monitored throughout the epoch progression. Under this 

corrected methodology, the final model achieved 99.8% training accuracy and 98.5% validation accuracy, demonstrating 

strong generalization. 

Preprocessing for Clustering 

To enable unsupervised grouping, deep features were extracted from the trained CNN. The clustering pipeline was 

redesigned to fully eliminate data leakage. Specifically, only test-set images were used during the clustering stage no training 

or validation images were included. 

Clustering preprocessing comprised four steps: 

1. Resizing images to 150 × 150 pixels 

2. Encoding labels as {0: fresh, 1: spoiled} for evaluation 

3. Passing each image through the trained CNN with the final dense layers removed 
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4. Flattening the resulting feature maps into fixed-length feature vectors 

5. This ensures that clustering evaluates the generalization capability of the learned CNN representations. 

Clustering Process Using K-Means 

The K-Means algorithm was applied to the test-set feature vectors. The Elbow Method and Within-Cluster Sum of Squares 

(WCSS) identified K = 2 as the optimal number of clusters, consistent with the dataset’s binary classification structure. 

K-Means was then executed with K = 2, assigning each test sample to a cluster based on feature similarity. No retraining 

or fine-tuning based on cluster labels was performed, correcting inaccuracies in the earlier version of the manuscript. 

Clustering quality was evaluated using four key metrics: 

• Silhouette Score 

• Davies-Bouldin Index 

• Calinski-Harabasz Index 

• Adjusted Rand Index (ARI) 

The final ARI score of 0.80, computed exclusively on test-set features, reflects strong agreement between cluster 

assignments and true labels and provides an unbiased measure of clustering performance. 

Additional experiments using K = 10 and K = 19 were conducted to explore potential sub-category structures. However, 

these configurations did not yield improvements, reaffirming K = 2 as the most appropriate cluster representation for 

distinguishing fresh and spoiled fruit. 

Results and Discussion 

Dataset Partitioning and Preprocessing Overview 

The Palembang duku fruit dataset was divided into two subsets: a training validation split and an independent test set. As 

described in the methodology, the final dataset consisted of 1,693 fresh and 2,342 spoiled images for training and validation, 

while the test set comprised 395 fresh and 601 spoiled images. This corrected dataset replaces previously inconsistent counts 

and ensures alignment across all experimental stages. The preprocessing pipeline including resizing, normalization, class 

balancing, and augmentation played a crucial role in stabilizing training and improving model generalization. 

Model 1: Classification Using Convolutional Neural Network 

To classify Palembang duku fruit quality into fresh and rotten categories, a custom Convolutional Neural Network (CNN) 

architecture was implemented. Developed using TensorFlow and Keras, the model integrates residual connections to 

enhance feature propagation and maintain gradient stability. The architecture begins with convolutional, batch normalization, 

and LeakyReLU activation layers, followed by max pooling to reduce spatial dimensions while preserving key structural 

features. Deeper layers employ residual blocks containing paired 3×3 convolutions and skip connections to strengthen 

information flow and prevent performance degradation. When needed, a 1×1 convolution ensures dimensional alignment 

across residual paths. 

The model progressively increases filters (32 and 64) to learn more abstract visual patterns, and applies global average 

pooling along with dropout regularization (0.4 and 0.3) before reaching a dense layer and final sigmoid classifier. Compiled 

with the Adam optimizer and binary cross-entropy loss, the network was evaluated using accuracy, precision, recall, and F1-

score metrics. This configuration effectively captures discriminative features necessary for differentiating between fresh and 

spoiled duku fruit. 

Data Preprocessing and Augmentation for Classification 

To enhance generalization, the dataset underwent extensive preprocessing and augmentation. Images were rescaled to 

the [0,1] range and augmented using rotation, shifting, brightness adjustments, zooming, and horizontal flipping to mimic real-

world variability. Augmentation was applied exclusively to the training set to reduce overfitting, while the test set was used 
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only after rescaling to ensure fair evaluation. Data were loaded via the flow_from_directory method, with all images resized 

to 150×150 pixels under a binary class mode. 

This preprocessing stage significantly improved the model’s ability to extract meaningful visual features from a relatively 

limited dataset, contributing to strong classification performance during testing. 

 
Fig. 2: Training and Validation Accuracy and Loss Curves 

CNN Classification Results 

Figure 2 presents the training and validation accuracy and loss curves over 20 epochs. The model demonstrated rapid 

convergence, with training accuracy surpassing 98% by the third epoch and reaching 99.8% by epoch 20. Validation accuracy 

closely mirrored this trend, stabilizing at approximately 98.5%, indicating high generalization capability. 

The training loss dropped sharply to below 0.01, while validation loss remained low and stable at around 0.06. The minimal 

gap between training and validation curves suggests controlled overfitting and confirms the effectiveness of the preprocessing 

and augmentation strategies. Although the near-perfect accuracy initially raised concerns about possible data leakage, the 

corrected methodology including the addition of a validation set and strict separation of test-set data demonstrates that the 

performance is valid and not artificially inflated. Overall, these results reflect the CNN’s strong capability in identifying spoilage-

related features such as discoloration, texture degradation, and surface blemishes. 

Model 2: Clustering Based On CNN Feature Extraction 

To assess the discriminative strength of the CNN beyond supervised learning, deep features extracted from the fully 

trained model were subjected to K-Means clustering. Crucially, only test-set images were used during clustering, ensuring 

complete separation from the training process and fully resolving the data leakage issue noted in earlier review comments. 

The feature extractor successfully captured subtle quality indicators including pigmentation irregularities and macrotexture 

patterns allowing K-Means to operate on a rich semantic feature space. 

PCA-Based Visualization of Clustering Structure 

 
Fig. 3: PCA Visualization of CNN Feature Clustering 
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Figure 3 displays the PCA projection of the high-dimensional CNN features into two principal components. The resulting 

scatter plot reveals two clearly separated clusters, demonstrating strong linear separability within the learned feature space. 

Interpretation: 

• The tight grouping within clusters indicates consistent feature representation across samples 

• The distinct gap between clusters suggests that the CNN effectively captures discriminative cues between fresh 

and spoiled fruit 

• This separation aligns closely with the quantitative clustering metric, particularly the ARI score 

T-SNE Visualization for Non-Linear Feature Distribution 

Figure 4 shows the t-SNE visualization of the CNN feature space, which reveals even clearer separation between clusters. 

The minimal overlap between point groups indicates that the CNN’s internal feature mapping aligns strongly with spoilage-

related characteristics. 

Interpretation: 

• The well-defined cluster boundaries imply an inherent structure in the CNN’s learned representation 

• Strong within-cluster cohesion reinforces that the model captures consistent quality related variations, even without 

label supervision 

 
Fig. 4: t-SNE Visualization of CNN Feature Clustering 

For improved readability, cluster centroids are marked using larger symbols, and color contrast has been enhanced to 

distinguish cluster boundaries clearly. 

Quantitative Evaluation of Clustering Results 

Clustering performance was measured using the Adjusted Rand Index (ARI), computed exclusively on test-set features. 

Final ARI = 0.80. 

This value reflects: 

• Strong agreement between clustering output and ground-truth labels 

• The CNN’s ability to encode meaningful descriptors relevant to fruit spoilage 

• The suitability of the clustering pipeline for real-world sorting and semi-supervised applications 

Biologically, the CNN appears to recognize key spoilage indicators such as enzymatic browning, tissue softening due to 

cell wall degradation, and changes in reflectivity associated with moisture loss further validating the relevance of the learned 

features for post-harvest monitoring. 

Scientific and Practical Significance 

The results of this research effort have implications for both precision farming and computer vision-based postharvest 

monitoring. Specifically, this research contributes to the field of precision farming and computer vision by demonstrating how 

we can systematically combine supervised and unsupervised learning techniques using an experimental design that does not 

use leakage. The methodology employed to partition the datasets and validate those partitions provides a reproducible 

template for hybrid learning studies in agriculture informatics. Finally, as far as applications in agriculture are concerned, the 
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frameworks described could provide an important contribution to automated grading systems in low resource smallholder 

farming systems where there is limited access to labelled training data and affordable methods for monitoring quality are 

essential. 

Discussion 

Recent research findings have confirmed that using a hybrid CNN-K-Means approach for automatizing the quality 

assessment of Duku Palembang fruit provides both an accurate and a viable method to accomplish the desired goal. The 

CNN's supervised learning model has shown strong generalization ability with a validation accuracy rate of 98.5%, indicating 

that it should be able to accurately classify images of fresh and spoiled fruit. The extracted deep-level feature representation 

from the CNN's supervised learning model also demonstrated that the features contain a meaningful degree of separatedness 

in an unsupervised environment. The Adjusted Rand Index (ARI) score of 0.80, which was calculated based on features from 

the test dataset, indicates a high degree of congruency between features and cluster assignments and ground truth labels, 

demonstrating one major advantage associated with the hybrid hybrid method - that is, the structural separation of different 

types of fruit can still be maintained even when only small amounts of labeled data are available to the model and then used 

to support the performed classification and clustering operations. 

While previous researchers have reported using CNN-based supervised classification methods to evaluate quality 

detection in fruit, this research offered a second level of validation incorporating unsupervised CNN clustering of learned 

feature information into determining quality [11, 13, 15]. Although previous research studies reported mainly on evaluation 

measures based on the classification accuracy of the CNN's output, this study included an evaluation measure that indicated 

the learned feature-space should support natural clustering. This two-pronged evaluation method not only enhances the 

methodological contribution of this research study, but also adds additional credibility to the final research findings. 

This study used a custom-designed CNN specifically for identifying Duku Palembang fruit based on their biological/visual 

characteristics. The validation accuracy achieved (98.5%) is comparable to or exceeds those found in similar agricultural 

applications of CNNs. These findings suggest that an architecture designed specifically for the domain of interest has 

advantages over general-purpose transfer learning models when the dataset contains distinct texture variations, color 

variations, and subtle signs of spoilage.  

The modified methodology also addressed earlier issues with potential data leakage through the strict separation of 

training, validation, and clustering stages. All clustering was performed solely on out-of-sample test data features, thus 

maintaining the integrity of the experiment and preventing any artificially high performance metrics. This change reinforces 

the scientific rigor and reproducibility of the methodology proposed by this study. 

In general, using the Hybrid CNN - K-Means Approach improves both classification and clustering accuracy as well as 

creating an automated post-harvest quality assessment framework in a structured and scalable manner. This architecture 

lays the ground work for subsequent uses of semi-supervised learning, multi-class grading apparatuses, and/or use of 

biochemical or physiological indicators to continue to improve upon the agricultural product quality monitoring system. 

Conclusion 

This research shows how to research into quality control by combining layer CNN and k-means clustering. A custom 

architecture with residual connections, supporting regulations achieved very high measurement. The classification accuracy 

for training was 99.8% and validation was 98.5%. The accuracy of the results suggests that they can distinguish between 

fresh and rotten duku fruit using a controlled testing structure. 

In addition to using supervised classification to evaluate features through deep CNN; the evaluation through unsupervised 

clustering further reinforced their capabilities. Clear distinction between product quality was visually indicated by using PCA 

& t-SNE graphical representation. The Adjusted Rand Index (ARI) of 0.80, derived from test set only features, provides 

significant evidence that there is consistency between cluster identification and ground truth value. The evaluation format by 

utilizing both supervised & unsupervised classification defines further detail to the demonstrated CNN through the deep layer 

learning process identifying biologically significant traits of the feature representation with or without the use of ground truth 

values. 
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The hybrid CNN-K-Means pipeline will help precision agriculture by providing a scalable, objective, and data-efficient 

method for monitoring the quality of post-harvest products. The hybrid supervised and unsupervised learning approach in a 

leakage-free experimental design enhances methodological validity and applicability in automated sorting and inspection 

systems. 

Future research could further develop this framework through exploring semi-supervised learning approaches that take 

advantage of the large amount of agricultural data available without labels (unlabeled), developing new grading schemes that 

go beyond simply classifying items into two groups (binary), incorporating additional technologies such as hyperspectral 

imaging or biochemical analyses to yield more in-depth physiological confirmation (validations) about produce quality, and 

creating tools for real-time deployment at the edge of the field where actual agricultural operations occur (on-site) for practical 

use in the field. 
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