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Abstract 
The manual inspection of dried bird’s eye chili (Capsicum 
frutescens L.) is prevalent yet susceptible to subjectivity, 
inter-rater variability, and low efficiency. This research 
introduces a hybrid deep learning and machine learning 
pipeline for the classification of images into three categories: 
fresh, medium, and dried. The method encompasses staged 
image acquisition throughout the drying process, 
preprocessing (including HEIC to PNG conversion, 
background elimination, scaling, and normalizing), and real-
time augmentation to enhance robustness. Feature 
embeddings are obtained from MobileNetV2 by transfer 
learning utilizing a Global Average Pooling head and are 
evaluated against EfficientNetB0, NASNetMobile, 
ResNet50, and DenseNet121. The embeddings are 
categorized using various algorithms: Random Forest (RF), 
Support Vector Machine, and a shallow Artificial Neural 
Network, with RF selected for its consistent performance. 
Evaluation employs an 80/20 split, focusing on accuracy, 
precision, recall, F1-score, and confusion matrix analysis. 
Results indicate that MobileNetV2 produces the most 
distinctive features, whereas RF provides the most reliable 
downstream predictions: the system achieves 94% validation 
accuracy during feature extraction and 91% at the final 
classification stage, alongside high precision-recall and 
minimal misclassification. The chosen MobileNetV2+RF 
model is implemented in an Android application for real-
time inference from smartphone photos, providing class 
labels and a moisture-level signal based on mass-loss 
measurements to aid postharvest decisions. The 
contributions consist of an objective and efficient quality-
assessment pipeline, an empirical model comparison, and a 
deployable mobile implementation. Future endeavors will 
focus on extensive datasets, multimodal signals, cross-
variety generalization, and more rigorous validation (e.g., 
cross-validation and external testing) to mitigate 
generalization risk. 
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1. INTRODUCTION 

Dried bird’s eye chili (Capsicum Frutescens L.) is a valuable horticultural 
commodity widely utilized in the culinary and spice industries. The drying process 
is commonly applied to extend shelf life and enhance product distribution. The 
visual characteristics of dried chili, such as color, wrinkled texture, and consistent 
size, are essential indicators of its quality. However, in current practice, quality 
assessment is predominantly performed manually, relying on human observation to 
evaluate these physical attributes [1], [2]. 

Manual inspection presents various limitations, including subjectivity, 
inconsistency among evaluators, and inefficiency, particularly in large-scale 
production environments. These constraints can lead to misclassification, reduced 
product quality assurance, and increased operational costs [4][5]. Consequently, 
there is a growing need for an automatic, accurate, and objective quality assessment 
method for dried chili [6]. 

The advancement of artificial intelligence has opened new opportunities for 
automation in the agricultural sector. Recent applications of machine learning and 
deep learning models have demonstrated promising results in classifying 
horticultural products based on image data. Previous studies have employed models 
such as Support Vector Machine (SVM) using HSV color features to distinguish 
fresh and rotten green chilies with 100% accuracy [3], [4], [5], [6], [7], [8], [9]. 

Hybrid models that combine the feature extraction capabilities of Convolutional 
Neural Networks (CNN) with the classification power of Random Forests (RF) 
have shown superior performance compared to standalone approaches. For 
example, CNN-RF hybrid model achieved 98% accuracy in plant disease diagnosis. 
Such approaches offer enhanced accuracy and generalization by integrating the 
strengths of both deep and conventional learning methods [10]. 

Motivated by these findings, this study proposes a hybrid deep learning and 
machine learning model to classify the quality of dried bird’s eye chili using digital 
image characteristics. The model utilizes MobileNetV2 as a lightweight CNN-
based feature extractor and Random Forest as the final classifier. The dataset 
comprises both self-collected images of dried chili and supplementary non-chili 
images sourced from Kaggle. Furthermore, the proposed model is deployed into a 
mobile Android application to enable real-time, efficient, and user-friendly chili 
quality classification. 

This study differentiates itself from prior chili-quality research by focusing on 
quality evaluation during the drying phases (fresh_red, semi-dry_red, dry_red) and 
by estimating moisture content based on mass loss in accordance with SNI 
3389:2023. In contrast to earlier studies that rely primarily on static visual grading, 
this work contributes (i) a lightweight hybrid pipeline (MobileNetV2 embeddings 
+ Random Forest) designed for small datasets and edge deployment, (ii) a 
controlled image-acquisition protocol across multiple drying cycles, and (iii) an 
Android application for on-site inspection. In addition, an empirical comparison of 
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CNN feature extractors and downstream classifiers is provided to justify the 
selected configuration. 

The main contributions of this study are as follows: (i) A working image pipeline 
for sorting the drying stages of bird's eye chili, with HEIC-to-PNG conversion and 
background removal to cut down on noise; (ii) A hybrid model that combines 
MobileNetV2 transfer learning as a feature extractor with Random Forest as a 
robust small-data classifier. This model is then compared to a number of CNN 
architectures and machine learning classifiers; (iii) An Android prototype that can 
be used in the field that does inference on the device and gives class labels and a 
moisture level based on mass-loss data to help with postharvest decision-making. 

2. METHOD 

This research was conducted through several systematic stages designed to 
develop and evaluate a classification model for the quality of dried bird’s eye chilies 
based on digital images. These stages included data collection, data preprocessing, 
data augmentation, dataset splitting, model development using a hybrid approach, 
and model performance evaluation. To provide an overview of the research 
workflow, Figure 1 presents a flowchart diagram illustrating the proposed research 
methodology. 
 

 

Figure 1. Flowchart of the Research Methodology 

2.1 Data Collection  
The primary data were collected independently and were solely used for the 

purposes of this research. The data collection process involved using 30 fresh red 
bird’s eye chilies samples. Each chili was weighed and photographed before the 
drying process. The chilies were then arranged on an oven tray and labeled with 
sequential numbers to facilitate data recording and ensure consistency during the 
drying process. 

The images were captured manually using an iPhone camera from a top-down 
perspective. After the initial image capture, the chilies underwent a drying process 
using a microwave. The red chilies were dried over 10 cycles. Each drying session 
lasted for 30 minutes at a temperature of 80° C. In total, 300 chili images were 
successfully collected. An example of the dataset images is presented in Figure 2. 
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Figure 2. Dataset of Chili Images 

In addition to the visual data, the author also recorded physical attributes such 
as chili weight and moisture content. After each drying cycle, the chilies were 
reweighed using a digital scale to monitor weight reduction. The moisture content 
of each chili was calculated using the following formula [12] (1): 

 
 𝑤𝑎𝑡𝑒𝑟	𝑐𝑜𝑛𝑡𝑒𝑛𝑡	(%) =

𝑊!"#$% −	𝑊&'$%

𝑊!"#$%
× 100%                                (1) 

 
Description: 
Wfirst = Weight of the chili before the drying process 
Wlast = Weight of the chili after the drying process 
 
The calculated moisture content percentage reflects the amount of water present 

in the chili samples. This information is utilized to classify chilies into several 
categories: fresh_red, semi-dry_red, and dry_red. Fresh chilies typically exhibit a 
high moisture content, with a maximum level of approximately 90%. In contrast, 
according to the Indonesian national quality standard for dried chili (SNI 
3389:2023), the maximum allowable moisture content for dried chilies is 11%. 

2.2 Preprocessing Data 
After the chili image data were collected, the next stage involved data 

preprocessing, a series of preprocessing steps were carried out as part of the data 
preprocessing pipeline, which included data augmentation, format conversion, and 
resizing. The first step in this process was converting the image format from .heic 
to .png, since all chili images were captured using an iPhone camera, which by 
default stores images in the .heic format. The .png format was selected due to its 
support for transparency, which facilitates background removal without altering the 
main object [11]. 

Following the format conversion, the original background of each image was 
removed to ensure that the model focuses solely on the primary object the chili. 
This step was crucial to minimize noise and improve the effectiveness of the feature 
extraction process during model development [12]. 

2.3 Data Augmentation 
One of the challenges encountered during the training of the chili image 

classification model is the limited amount of available training data. To address this 
issue and effectively expand the dataset, data augmentation techniques were applied 
using the ImageDataGenerator library provided by the Keras framework. Data 
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augmentation is a technique used to generate new variations of existing images by 
applying a range of transformations, thereby increasing the diversity of the dataset 
without the need for manual data collection. This approach enhances the diversity 
of training data and helps reduce the risk of overfitting [13], [14]. 

Several augmentation techniques were implemented in this study, including 
pixel normalization to standardize the image data scale, as well as visual 
transformations such as zooming and brightness adjustments. These 
transformations were applied randomly during the training process, allowing the 
model to receive different input variations at each iteration. The augmentation 
process does not alter the data labels but only modifies the visual aspects of the 
images, such as scale and lighting intensity. An example of the augmented data 
results can be seen in Figure 3, which illustrates the visual variations of chili images 
after the augmentation process was applied. 

 

 
Figure 3. Sample of Chili Dataset After Augmentation 

2.4 Dataset Splitting 
The image dataset used in this study was divided into two main subsets: training 

data and testing data, with a split ratio of 80% for training and 20% for testing as it 
is a common practice, retaining a representative portion for evaluation. As shown 
in Table 1, each class category contains 192 images for training and 48 images for 
testing, resulting in a total of 576 training images and 144 testing images [15]. 

 
Table 1. Distribution of Train and Test Images per Class 

Class Train Test 
fresh_red 192 48 

semi-dry_red 192 48 
dry_red 192 48 
Total 576 144 

 
 

2.5 Models 
The proposed model adopts a hybrid pipeline that combines MobileNetV2 for 

feature extraction and Random Forest (RF) for final classification. Prior to 
inference, each chili image is resized to 224×224 pixels and normalized to the [0, 
1] range to match the input requirements of the feature extractor. MobileNetV2 is 
employed via transfer learning and used without its original fully connected 
classification head. Instead, the Global Average Pooling (GAP) output is retained 
to generate compact feature embeddings, providing a computationally efficient 
representation while preserving discriminative visual cues. 
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The resulting embeddings are subsequently fed into an RF classifier, which 
serves as the final decision-making component. This design leverages 
MobileNetV2’s representational capacity for image data and RF’s robustness to 
limited data and feature noise, resulting in stable classification performance. 

The system assigns each image to one of three classes—fresh_red, semi-dry_red, 
and dry_red—using a two-stage architecture (Figure 4). Although end-to-end CNN 
classifiers can capture richer spatial relationships, the relatively small dataset (300 
original chili images) increases the risk of overfitting when training or fine-tuning 
a full CNN classifier. Therefore, MobileNetV2 is used to extract transferable 
representations, and GAP produces compact embeddings that are classified by RF. 
RF is well suited for small-sample settings due to bagging-based ensembling, stable 
decision boundaries, and minimal hyperparameter requirements. Moreover, RF 
supports fast training and lightweight deployment as an ensemble of decision trees, 
which is practical for mobile/edge scenarios and facilitates future integration of 
additional features without redesigning the full CNN. 

 

Figure 4. Chili image classification flowchart 

The end-to-end pipeline—from image input to embedding generation and RF-
based decision making—is summarized in Figure 5, which presents the block 
scheme of the hybrid model implemented in this study. 

 

Figure 5. Block Scheme of the Hybrid Model 
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2.6 Evaluation 
The performance evaluation of the model is conducted by assessing its accuracy 

for each classification outcome. To determine the optimal model, additional 
performance metrics are computed. The evaluation was carried out using 
visualizations such as performance graphs and a confusion matrix to analyze the 
model's effectiveness including Precision, Recall, and F1-Score [18]. The formulas 
used for these metrics are as follows, the Accuracy is calculated using Equation (2), 
Precision is shown in Equation (3), Recall in Equation (4), and F1-Score in 
Equation (5). 
 

  𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝐹𝑃 + 𝑇𝑁 + 𝐹𝑁
 (2) 

 
 
  𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

 (3) 

 
 
  𝑅𝑒𝑐𝑎𝑙𝑙 = 	

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

 (4) 

 
 
  𝐹1 − 𝑆𝑐𝑜𝑟𝑒 = 2	 ×	

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 × 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛	 × 𝑟𝑒𝑐𝑎𝑙𝑙

 (5) 

 
 

The Confusion Matrix is used to analyze the model's ability to predict the correct 
class label of an object. It consists of four components which is, True Positive (TP), 
True Negative (TN), False Positive (FP), and False Negative (FN). As shown in 
Figure 6, TP refers to the number of correctly predicted positive cases, TN indicates 
correctly predicted negative cases, FP represents incorrect positive predictions, and 
FN refers to missed positive predictions. 

 
Figure 6. Confusion Matrix 

2.7 Android Deployment 

The selected MobileNetV2+RF pipeline was integrated into an Android 
application to enable field-ready quality inspection using smartphone photos. On-
device inference follows these steps: (1) capture or select an image 
(camera/gallery); (2) apply the same preprocessing used during training (resize to 
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224×224, normalization, and optional background removal); (3) run MobileNetV2 
to generate a feature embedding via Global Average Pooling; and (4) classify the 
embedding using the RF model to obtain one of three labels (fresh_red, semi-
dry_red, dry_red). The application is designed to operate offline after installation, 
enabling use in production areas with limited connectivity. For deployment 
efficiency, the feature extractor can be exported to TensorFlow Lite, while the RF 
parameters (tree structures) can be packaged as an embedded model file for local 
evaluation. Future work will report device-specific latency (ms/image) on 
representative mid-range and low-end Android hardware and evaluate optional 
compression (e.g., quantization for the CNN and pruning or tree-size reduction for 
RF) to reduce storage and improve runtime. The on-device inference workflow is 
summarized in Figure 7 [16]. 

 

Figure 7. Mobile inference workflow diagram 

 

3. RESULT AND DISCUSSION 

This section outlines the outcomes of the research and the experiments carried 
out. It also provides a discussion of the findings and an analysis of the test results. 

3.1 Model Selection 
The model selection process in this study was conducted through two primary 

stages, the image feature extraction stage and the classification stage based on the 
extracted features. 

In the feature extraction stage, a transfer learning approach was employed by 
comparing several popular deep learning architectures, including MobileNetV2, 
EfficientNetB0, NASNetMobile, ResNet50, and DenseNet121. All models were 
configured without the top classification layer (include_top=False) and fine-tuned 
on the last 50 layers. The top of each network was customized with additional layers 
consisting of a GlobalAveragePooling2D layer, a dense layer with 256 neurons, and 
a Dropout layer with a rate of 0.5 to mitigate overfitting risks. Model training was 
conducted using the Adam optimizer with a learning rate of 0.00001, and the 
EarlyStopping callback was applied to halt training when no significant 
improvement in validation loss was observed. 

The comparison of feature-extraction performance across different models is 
summarized in Table 2. Although ResNet50 and DenseNet121 were also evaluated 
as feature extractors, their validation accuracy and/or inference cost were inferior 
to the models reported; therefore, they are omitted here for brevity. 
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Table 2. Comparison of Feature Extraction Models 
Model Total Parameter Accuracy Inference speed Model size 

MobileNetV2 2.586.691 96% 50.26 ms/pic 26.98 MB 
NASNetMobile 4.544.079 74% 198.93 ms/pic 26.83 MB 

EfficientNet 4.378.78 33% 87.40 ms/pic 39.12 MB 
 
Based on the training results, MobileNetV2 demonstrated the most optimal 

performance among all the models, achieving the highest and most stable validation 
accuracy, as illustrated in Figure . MobileNetV2 maintained a validation accuracy 
approaching 0.9, indicating superior performance. 

 
 

Figure 8. Combined Validation Accuracy Graph of Various Feature Extractors 

In addition, MobileNetV2 also exhibited the lowest validation loss during 
training, as shown in Figure . Accordingly, MobileNetV2 was selected as the 
primary model for feature extraction in this system. 

 
Figure 9. Combined Validation Loss Graph of Various Feature Extractors 
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Following the feature extraction process using MobileNetV2, the classification 
stage was performed using several machine learning algorithms, namely Random 
Forest (RF), Support Vector Machine (SVM), and Artificial Neural Network 
(ANN). These models were evaluated using the extracted feature vectors to 
determine the most suitable classifier. As shown in Table 3. 

 
Table 3. Comparison of Classification Models 

Model Total Parameter Accuracy Inference speed Model size 

Random Forest 2.257.984 91% 0.04 ms/pic 27.78 MB 
Artificial Neural 
Network (ANN) 2.257.984 73% 0.00 ms/pic 27.11 MB 

Support Vector 
Machine (SVM) 2.257.984 50% 0.20 ms/pic 36.33 MB 

 
From the results, Random Forest outperformed the other classifiers in terms of 

validation accuracy, classification consistency across chili categories, and training 
speed. Therefore, Random Forest was selected as the final classification algorithm 
for this system. 

Based on the two-stage evaluation, this study employed a hybrid combination of 
MobileNetV2 as the feature extractor and Random Forest as the classification 
model. This combination proved to deliver high accuracy and efficient 
classification performance, as well as robustness in handling visual variations of 
bird’s eye chili images. 
 

3.2 Confusion Matrix Evaluation Results 
The performance evaluation of the classification models in this study not only 

relies on accuracy and inference efficiency but also requires a more detailed 
analysis using the confusion matrix. The confusion matrix provides an in-depth 
view of each model's ability to correctly classify chili categories, highlighting the 
number of correct predictions (True Positives) and incorrect predictions (False 
Positives and False Negatives) for each class. 
1) Confusion Matrix of the Random Forest  

The Random Forest model demonstrated excellent and consistent classification 
performance, as shown in Figure . This is evident from the strong dominance of 
diagonal values in the confusion matrix, indicating that most instances were 
correctly classified into their respective categories. High true positive counts were 
recorded for several classes, including red-dry, red-medium, and red-fresh. 
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Figure 10. Confusion Matrix of the Random Forest 

2) Confusion Matrix of the ANN 
The Artificial Neural Network (ANN) model exhibited a more variable 

performance, as shown in Figure . While it successfully classified instances from. 
Misclassifications were also observed in the red-dry and red-fresh classes. 

Although the ANN model showed reasonable performance for certain categories, it 
lacked the stability and precision offered by the Random Forest model. 

 
Figure 11. Confusion Matrix of the Artificial Neural Network 

3) Confusion Matrix of the SVM  
In contrast to the other models, the Support Vector Machine (SVM) showed the 

weakest performance, as shown in Figure 5. According to the confusion matrix, its 
performance on some classes was notably poor. 
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The model also produced substantial errors in the red-fresh and red-medium 
categories. These results suggest that SVM was unable to effectively separate data 
in the high-dimensional feature space produced by MobileNetV2. The high rate of 
misclassification across nearly all categories indicates that SVM is not a suitable 
choice for this chili quality classification system. 

 
Figure 5. Confusion Matrix of the Support Vector Machine 

3.3 Discussion 
The experimental results of this study demonstrate the effectiveness of the 

hybrid classification model combining MobileNetV2 for feature extraction and 
Random Forest for classification. The performance was evaluated using several key 
metrics which Accuracy, Precision, Recall, and F1-Score. 

Among the five deep learning models evaluated for feature extraction 
MobileNetV2, EfficientNetB0, and NASNetMobile, consistently outperformed the 
others in terms of both classification accuracy and computational efficiency. As 
shown in Table 2, MobileNetV2 achieved a validation accuracy of 96%, with the 
shortest inference time and the smallest model size, making it optimal for mobile 
deployment. 

After the feature extraction phase, four classification algorithms were compared 
which, Random Forest, Artificial Neural Network (ANN), and Support Vector 
Machine (SVM). Random Forest produced the highest validation accuracy at 91%, 
with superior performance across all evaluation metrics and the most consistent 
classification across chili categories. 

To facilitate practical usage, the selected MobileNetV2 + Random Forest model 
was integrated into an Android-based mobile application. Users can upload chili 
images via the camera or gallery, and the system will classify them into three 
categories, fresh_red, semi-dry_red, and dry_red. The application also provides 
moisture content estimation, which supports quality assurance and post-harvest 
decision-making. 
 
3.4 Limitations and Future Work 

This study has several limitations that should be acknowledged. First, the dataset 
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comprises 300 original chili images captured from 30 samples over 10 drying 
cycles, which may limit generalization across variations in cultivar, illumination, 
background, camera sensors, and drying methods. Second, the evaluation relies on 
a single hold-out split (80/20) without cross-validation or external test sets; 
therefore, the reported performance may be optimistic. Third, images were acquired 
from a top-down view in a controlled setting, whereas real-world deployment may 
introduce occlusion, motion blur, and illumination changes. Future work will 
expand the dataset across different devices and acquisition conditions, apply k-fold 
cross-validation and out-of-distribution testing, and investigate domain adaptation 
to improve robustness across cultivars and environments. In addition, integrating 
multimodal signals (e.g., temperature and humidity during drying) will be explored 
to better separate the semi-dry_red and dry_red categories [17]. 

4. CONCLUSION 

This study developed a hybrid classification pipeline that combines MobileNetV2 
as a feature extractor and Random Forest as the final classifier to assess the quality 
of bird’s eye chili during drying using digital images. The proposed approach 
achieved 94% validation accuracy during the feature-extraction stage and 91% 
accuracy at the final classification stage, demonstrating reliable discrimination 
among fresh_red, semi-dry_red, and dry_red classes. The model also produced 
strong precision, recall, and F1-score with limited misclassification, indicating 
stable performance under the evaluated conditions. Furthermore, the 
MobileNetV2+RF pipeline was integrated into an Android application to enable 
on-device, offline inference from smartphone photos, supporting practical 
postharvest decision-making by reducing subjectivity and improving inspection 
efficiency. Future improvements will focus on enlarging and diversifying the 
dataset, incorporating additional features or multimodal signals, and applying more 
rigorous validation (e.g., cross-validation and external testing) to strengthen 
generalization across cultivars and acquisition environments. 
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