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Abstract 
The increasing volume of waste resulting from urbanization and population growth poses significant challenges to waste management 
systems, particularly in the sorting stage. Deep learning approaches, especially Convolutional Neural Networks (CNNs), have been 
widely employed for waste image classification due to their ability to automatically extract complex visual features. However, a major 
limitation of these approaches lies in their limited interpretability, which may hinder user trust and real-world adoption. This study 
proposes an Explainable Deep Learning Framework for organic and inorganic waste image classification by integrating the 
MobileNetV2 architecture with Explainable Artificial Intelligence (XAI) methods, namely Gradient-weighted Class Activation 
Mapping (Grad-CAM) and SHapley Additive exPlanations (SHAP). MobileNetV2 is utilized as a feature extractor due to its 
computational efficiency and suitability for deployment on resource-constrained devices. The dataset used in this study consists of a 
combination of a public benchmark dataset and field-acquired waste images, processed using a transfer learning approach. Model 
performance is evaluated using accuracy, precision, recall, and f1-score metrics. Experimental results demonstrate that the proposed 
model achieves a validation accuracy of 90.25% with balanced performance across both classes. Furthermore, interpretability analysis 
using Grad-CAM and SHAP reveals that the model focuses on semantically relevant visual features and provides explainable feature 
contributions. These findings confirm that integrating lightweight CNN architectures with XAI techniques can produce waste 
classification systems that are accurate, transparent, and accountable. 
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1. INTRODUCTION 

The increasing volume of global waste resulting from urbanization, population growth, and shifts in societal consumption 
patterns has emerged as a critical challenge for modern waste management systems. The continuous accumulation of 
solid waste exerts substantial pressure on waste management infrastructure and directly contributes to environmental 
degradation, public health risks, and economic inefficiencies [1]. Within the waste management lifecycle, the 
classification and sorting stage represents a crucial process, as accuracy at this stage significantly determines the 
effectiveness of recycling and downstream treatment operations. Nevertheless, manual sorting processes continue to face 
inherent limitations, including strong dependence on human labor, low consistency in sorting outcomes, and high 
operational costs [2], [3]. 

With ongoing technological advancements, Artificial Intelligence (AI) has been increasingly adopted to automate 
waste sorting processes. In particular, deep learning approaches based on Convolutional Neural Networks (CNNs) have 
demonstrated superior performance in waste image classification due to their capability to automatically and 
hierarchically extract discriminative visual features. Numerous studies report that CNN architectures such as VGG, 
ResNet, Inception, EfficientNet, and Xception achieve high classification accuracy across various waste categories, 
including organic, inorganic, plastic, paper, metal, and glass [4], [5], [6], [7]. These results have established CNN-based 
approaches as the dominant paradigm in the development of automated waste sorting systems at both laboratory and 
industrial scales. 

Despite these advances, findings from the Systematic Literature Review (SLR) conducted in this study indicate 
that the majority of existing CNN-based waste classification research estimated at more than 70% of reviewed studies 
primarily focuses on predictive performance metrics such as accuracy, precision, recall, and F1-score, while providing 
little or no analysis of model interpretability. As a consequence, many high-performing models remain black-box systems, 
where internal decision-making processes are difficult for users to understand or validate [8]. This lack of interpretability 
poses a significant barrier to real-world deployment, particularly in the waste management domain involving field 
operators, municipal authorities, and industrial stakeholders. Unexplained misclassifications may reduce user trust, hinder 
technology adoption, and raise concerns regarding system reliability and accountability [9]. 
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To address this limitation, Explainable Artificial Intelligence (XAI) has been introduced to enhance the 
transparency and interpretability of deep learning models. XAI techniques enable visualization and interpretation of 
feature contributions to model predictions, thereby allowing users to understand the rationale underlying automated 
decisions. Among image-based explainability approaches, Gradient-weighted Class Activation Mapping (Grad-CAM) 
and SHapley Additive exPlanations (SHAP) are widely adopted. Grad-CAM generates spatial activation maps that 
highlight image regions most influential in determining class predictions, while SHAP provides quantitative explanations 
grounded in Shapley value theory to estimate feature contributions to model outputs [8], [10], [11]. 

However, the SLR also reveals that in most existing studies, XAI techniques are applied in a limited post-hoc 
manner and primarily used as supplementary visualization tools rather than as integral components of the evaluation 
framework. Grad-CAM and SHAP are often presented descriptively without systematic analysis of decision reliability or 
structured integration into the overall research methodology. Furthermore, many studies remain model-centric and have 
yet to propose an end-to-end explainable framework that cohesively integrates data preprocessing, model training, 
performance evaluation, and decision interpretation. 

In addition to interpretability, the practical deployment of waste classification systems requires efficient model 
architectures that can operate under resource-constrained environments, such as edge devices, smart cameras, and Internet 
of Things (IoT)-based systems. This requirement is particularly relevant in developing countries, including Indonesia, 
where waste management systems often operate under limited computational infrastructure, high environmental 
variability, and strong reliance on manual sorting practices. In such contexts, lightweight and transparent AI models are 
not merely an optimization choice but a practical necessity to ensure usability, trust, and sustainability in real-world 
applications. 

MobileNetV2 is a lightweight CNN architecture that employs depthwise separable convolutions and inverted 
residual blocks, enabling competitive classification performance with reduced computational complexity. These 
characteristics render MobileNetV2 particularly suitable for edge-based waste classification, where local inference is 
required to minimize latency and reliance on centralized servers [10], [11]. Nevertheless, SLR findings indicate that prior 
studies on MobileNetV2-based waste classification primarily emphasize computational efficiency and accuracy, while 
the interpretability of decisions produced by this lightweight architecture remains underexplored. 

Moreover, binary waste classification distinguishing between organic and inorganic waste is frequently treated as 
a baseline problem and receives limited attention from an interpretability perspective. In real-world waste sorting systems, 
however, errors at the binary classification stage may propagate to subsequent processing steps and significantly affect 
overall system performance. Consequently, interpretability analysis in binary classification tasks remains critically 
important, particularly for ensuring reliability and accountability in operational environments. 

Based on these identified research gaps, this study aims to develop and validate an explainable deep learning 
framework for organic and inorganic waste image classification, specifically designed for resource-constrained 
environments. The proposed framework integrates MobileNetV2 as a lightweight classification backbone with Grad-
CAM and SHAP as complementary interpretability mechanisms. Unlike previous studies that focus primarily on 
predictive performance or employ XAI solely as a post-hoc tool, this research positions XAI as a core system-level 
component of the methodological framework, ensuring that model performance and decision transparency are jointly 
evaluated. 

The primary contributions of this study are as follows: (1) the development of a validated explainable framework 
for waste classification suitable for deployment on resource-constrained devices; (2) the systematic integration of multi-
level XAI techniques (Grad-CAM and SHAP) to enhance transparency and decision reliability at the system level; and 
(3) empirical evaluation using a combination of public benchmark datasets and real-world field data, providing practical 
insights for the deployment of transparent and accountable AI-based waste sorting systems in developing-country 
contexts. 

2. RESEARCH METHODOLOGY 
2.1 Research Workflow Overview 

This study proposes an explainable deep learning framework for organic and inorganic waste image classification based 
on the MobileNetV2 architecture, enhanced with two interpretability approaches, namely Gradient-weighted Class 
Activation Mapping (Grad-CAM) and SHapley Additive exPlanations (SHAP). Figure 1 illustrates the systematically 
designed methodological workflow to ensure that data acquisition, image preprocessing, model training, performance 
evaluation, and prediction interpretation are conducted in a structured and measurable manner. 
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Figure 1. Overall methodological framework for CNN-based waste image classification 

The research workflow begins with dataset compilation from two different sources: a public dataset obtained from the 
Kaggle platform and an internally collected dataset acquired through field image capture. This dual-source strategy aims 
to increase visual diversity and improve the model’s generalization capability under real-world environmental conditions, 
as recommended in previous deep learning–based waste classification studies [4], [11], [12]. The compiled dataset 
subsequently undergoes data curation, normalization, and augmentation processes to enhance data quality and mitigate 
potential bias during model training. 

Next, a transfer learning architecture is constructed using MobileNetV2 as the feature extractor. A pre-trained 
MobileNetV2 model on the ImageNet dataset is employed to accelerate convergence and reduce computational 
requirements, in accordance with best practices for lightweight CNN development in image classification tasks [10], [11]. 
Additional classification layers are trained using the waste dataset to adapt the learned feature representations to the target 
domain. 

The final stage involves model performance evaluation using quantitative classification metrics, followed by 
interpretability analysis through Grad-CAM and SHAP. This multimodal interpretability approach is designed to ensure 
that model decisions are not only accurate but also explainable from both visual and quantitative perspectives, thereby 
enhancing transparency and user trust in the system [8], [9], [10]. 

2.2 Deep Learning Pipeline for Waste Classification 

Figure 2 presents the end-to-end deep learning pipeline employed in this study for waste image classification. The pipeline 
encompasses the complete data processing chain, ranging from image acquisition to model interpretability visualization. 

 

Figure 2. Deep learning pipeline 
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The initial stage is data acquisition, in which all image data are stored in Google Drive and accessed via the Google 
Colaboratory platform. The dataset is organized into a class-based directory structure compatible with TensorFlow’s 

ImageDataGenerator, enabling batch-wise data loading and efficient on-the-fly preprocessing during training [5], [7]. 

The subsequent stage is the preprocessing pipeline, which includes image resizing, pixel intensity normalization, 
image format validation, and label encoding. These steps are performed to ensure uniform input dimensions and consistent 
pixel value ranges before images are processed by the MobileNetV2 network, thereby maintaining training stability and 
convergence. 

To enhance data diversity and reduce the risk of overfitting, real-time data augmentation is applied during the 
training process. The augmentation techniques include rotation, translation, scaling, and horizontal flipping, which are 
designed to simulate real-world variations such as changes in viewing angle and illumination conditions [2], [4] 

MobileNetV2 is then employed as the backbone feature extractor within the transfer learning scheme. The early 
convolutional layers are frozen to preserve pre-trained feature representations, while the newly added classification layers 
are trained using waste-domain-specific data. Upon completion of training, the model is evaluated using standard 
classification performance metrics, followed by an interpretability assessment using Grad-CAM and SHAP. This pipeline 
is designed to achieve a balance between predictive accuracy and model transparency. 

 

2.3 Hardware and Software Environment 

All experimental procedures in this study were conducted on the cloud-based Google Colaboratory platform, which 
provides access to NVIDIA Tesla T4 GPUs with 16 GB of memory. This environment was selected due to its capability 
to support hardware-accelerated computation, seamless integration with Google Drive, and high reproducibility of 
notebook-based experiments [5]. 

Table 1. Hardware and software specifications for experimental setup. 

Component Specification 

Execution Environment Google Colab (Cloud-based Jupyter Environment) 

Programming Language Python 3.10 

Framework Deep Learning TensorFlow 2.x (GPU enabled) 

GPU Runtime NVIDIA Tesla T4 / V100 

CUDA Toolkit TensorFlow 2.x 

cuDNN Default Google Colab configuration 

Model Evaluation Libraries scikit-learn (classification report, confusion matrix) 

Image Processing Library OpenCV (cv2) 

Interpretability Library SHAP (SHAP Explainer, GradientExplainer) 

Visualization Libraries Matplotlib, Seaborn 

Dataset Management Google Drive API 

The hardware and software specifications used in this study are summarized in Table 1. The deep learning 
framework employed is TensorFlow version 2.x with GPU support, while Python 3.10 serves as the primary programming 
language. Model evaluation is performed using the scikit-learn library, whereas image preprocessing and manipulation 
are handled using OpenCV. For interpretability analysis, the SHAP library is utilized, including both SHAP Explainer 
and GradientExplainer modules, with Matplotlib and Seaborn employed for result visualization. The use of Google 
Colaboratory enables parallel execution, experimental scalability, and consistency of the computational environment 
without the need for manual CUDA and cuDNN configuration. These characteristics make the platform particularly 
suitable for deep learning–based research and facilitate reproducible experimentation. 
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2.4 Dataset Description 

The dataset used in this study is a combined dataset consisting of organic and inorganic waste images obtained from two 
primary sources: a publicly available dataset from the Kaggle platform and an independently collected dataset acquired 
through field image capture using a smartphone camera with a minimum resolution of 12 MP. This combination is 
intended to capture variations in visual appearance, texture, shape, and background that more accurately represent real-
world conditions in domestic and public waste management scenarios [4], [11], [13]. Sample images from the dataset are 
illustrated in Figure 3. 

 

Figure 3. Sample Dataset 

All images were collected across different time periods to minimize temporal bias. A manual inspection process 
was conducted to ensure image quality and labeling accuracy. Images exhibiting excessive noise, significant blur, or 
irrelevant objects were excluded to prevent degradation of model performance. 

The dataset was subsequently organized into a hierarchical directory structure compatible with TensorFlow and 
strictly partitioned into two non-overlapping subsets: a training set and a testing set. The training set was used for model 
training and data augmentation, while the testing set was exclusively reserved for final model evaluation without any 
augmentation to ensure an unbiased assessment of model performance. 

 

2.5 Dataset Distribution Analysis 

At this stage, a dataset distribution analysis is conducted to examine the number of samples in each class. The distribution 
shown in Figure 4 indicates that the organic waste class contains a larger number of samples than the inorganic waste 
class. This class imbalance must be carefully considered, as it may affect model performance during the training process. 

 

Figure 4. Training dataset distribution 
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The dataset distribution analysis is performed to identify the proportion of samples across classes. As illustrated 
in Figure 4, the organic class comprises a higher number of samples compared to the inorganic class, with approximately 
12,600 images for organic waste and 10,600 images for inorganic waste. Such class imbalance has the potential to bias 
the learning process toward the majority class and degrade classification performance for the minority class. To mitigate 
this issue, a class weighting strategy is applied during model training, aiming to reduce class bias and promote balanced 
learning across both categories [7], [11]. 

3. RESULTS AND DISCUSSION 
The results of this study are analyzed to evaluate the performance of the proposed MobileNetV2-based waste image 
classification model and to interpret the implications of the obtained findings. The analysis focuses on the impact of data 
augmentation on training stability, classification performance based on quantitative evaluation metrics, and the 
interpretability capability of the model through Explainable Artificial Intelligence (XAI) approaches. This evaluation 
strategy is consistent with current research practices in deep learning–based image classification systems, which 
emphasize the importance of balancing predictive accuracy and model transparency, particularly for real-world 
applications [9], [11], [12], [14]. Accordingly, the presented results not only demonstrate the classification effectiveness 
of the proposed model but also provide insights into the model’s decision-making mechanisms from both visual and 
quantitative perspectives. 

3.1 Data Augmentation 

The distribution of samples in the training dataset was analyzed to identify the proportion of data in each class. As 
illustrated in Figure 5, the number of images in the organic waste class is higher than that in the inorganic waste class. 
Such distribution imbalance may lead to model bias toward the majority class, potentially degrading classification 
performance for the minority class, as commonly reported in deep learning–based image classification studies [7], [12]. 

 
Figure 5. Data augmentation 

To mitigate the impact of dataset imbalance, a class weighting strategy was applied during the training process, 
such that misclassification errors in the minority class contributed more significantly to the loss function. This approach 
aims to encourage the model to learn feature representations more evenly across classes [11]. 

In addition, data augmentation was employed to enhance the visual diversity of the dataset and reduce the risk of 
overfitting, particularly given the high variability of environmental conditions and object orientations in real-world waste 
images [4], [8].The applied augmentation techniques include random rotations of up to 35°, horizontal and vertical 
translations of 0.25, zooming up to 0.3, shearing of 0.25, horizontal flipping, and the use of nearest fill mode to preserve 
pixel continuity. An example of the augmentation implementation is shown in Figure 6, while sample visualizations of 
the augmented dataset are presented in Figure 7. 

 

Figure 6. Data augmentation code 
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Figure 7. Examples of augmented dataset 

  All augmentation processes were applied in real time to the training data using TensorFlow’s 
ImageDataGenerator, while the testing data were not augmented to maintain the objectivity of model evaluation. This 
strategy is designed to simulate real-world variations such as changes in object orientation, background, and illumination 
commonly encountered in waste management environments, thereby improving the model’s generalization capability to 
unseen data. 

3.2 Data Preprocessing 

The data preprocessing stage was conducted to ensure uniform input structure and maintain the stability of the 
MobileNetV2 training process. All images were first converted from the BGR color format to RGB, as the OpenCV 
library uses BGR by default, whereas the TensorFlow framework assumes RGB format to ensure consistent interpretation 
of color channels during feature extraction [10], [12]. 

Subsequently, all images were resized to 224 × 224 pixels, which corresponds to the standard input size required 
by the MobileNetV2 architecture, ensuring tensor dimensional compatibility within convolutional layers and alignment 
with pre-trained ImageNet weights [10], [11]. Pixel intensity normalization to the range [0, 1] was applied to stabilize 
gradient propagation, accelerate training convergence, and reduce the risk of exploding gradients, as recommended in 
best practices for CNN training [7], [12]. 

Class labels were then encoded into a binary format, with 0 representing the inorganic class and 1 representing the 
organic class. This encoding scheme was selected to align with the use of a sigmoid activation function and binary cross-
entropy loss in the output layer, which are commonly adopted in CNN-based binary classification tasks [6] 

 

Figure 8. Preprocessing code 
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Image loading and batch generation were performed using the flow_from_directory() function, which 
automatically converts the directory structure into training-ready image tensors, applies on-the-fly normalization, and 
generates standardized data batches without excessive memory consumption. The entire preprocessing pipeline was 
executed in real time during training, thereby reducing computational overhead, ensuring consistency across experiments, 
and enabling efficient integration with the TensorFlow data generator. The technical implementation of this stage is 
illustrated in Figure 8. 

3.3 Model Architecture 

The model architecture employed in this study is illustrated in Figure 9. The model is designed by utilizing MobileNetV2 
as the feature extraction backbone, as this architecture is well known for its low computational complexity while 
maintaining competitive classification performance. These characteristics make MobileNetV2 particularly suitable for 
image classification systems deployed on resource-constrained devices, as reported in previous studies [11], [12]. 

To adapt the architecture to the binary waste classification task (organic and inorganic), a classification head is 
appended to the end of the network. MobileNetV2 is initialized using ImageNet pre-trained weights, and all convolutional 
layers are frozen during the initial training phase to preserve the general visual feature representations learned from large-
scale data. This strategy aims to improve training efficiency and reduce the risk of overfitting, especially when working 
with relatively limited datasets [7], [10]. 

 

 

Figure 9. MobileNetV2 model architecture 

A Global Average Pooling layer is applied to reduce the dimensionality of the extracted feature maps, thereby 
minimizing the number of parameters without discarding salient information. Subsequently, a fully connected (Dense) 
layer with 128 neurons and a ReLU activation function is added to learn nonlinear feature representations specific to the 
waste classification domain. To further enhance the model’s generalization capability, a dropout layer with a rate of 0.5 

is incorporated. Finally, an output layer consisting of a single neuron with a sigmoid activation function is used to generate 
binary predictions corresponding to organic or inorganic waste categories. 

3.4 Training Parameters 

The MobileNetV2 model is trained for 10 epochs using the Adam optimizer with an initial learning rate of 0.0001. The 
selection of the Adam optimizer is motivated by its adaptive learning rate mechanism, which has been shown to be 
effective for training CNN-based image classification models [2], [3], [15], [16]. During training, both accuracy and loss 
values for the training and validation datasets are recorded at each epoch to monitor model performance. The visualization 
of these training metrics is presented in Figure 10. 
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Figure 10. Training results across epochs 

Based on the visualization, the model demonstrates a stable improvement in performance, as evidenced by 
increasing accuracy values and decreasing loss values across epochs for both training and validation data. In addition, the 
ReduceLROnPlateau callback automatically reduces the learning rate when performance improvement begins to plateau, 
while the ModelCheckpoint mechanism restores the best-performing model weights obtained at epoch 7. 

Table 2. Summary of best model performance 

Metric Value 

Best epoch 7 

Training accuracy 0.898 

Validation accuracy 0.9025 

Training loss 0.2489 

Validation loss 0.2518 

 As shown in Table 2, the model achieves its optimal performance at epoch 7, with a validation accuracy of 0.9025 
and a validation loss of 0.2518. These results indicate that the model is able to learn effectively without exhibiting 
overfitting. The use of the ReduceLROnPlateau callback in conjunction with the ModelCheckpoint strategy contributes 
to training stability and ensures that the best-performing model weights are utilized during the evaluation phase. 

3.5 Model Evaluation 

Model evaluation is conducted to assess the capability of the MobileNetV2-based classifier in accurately predicting 
organic and inorganic waste categories on the test dataset. The evaluation is not limited to overall accuracy but is 
performed more comprehensively using learning curves, a confusion matrix, a classification report, and prediction 
visualization. This multi-metric evaluation approach is widely adopted in deep learning–based image classification 
research to provide a more representative assessment of model performance [7], [11], [12]. 

 
3.5.1 Learning Curve Analysis 

In this study, learning curve analysis is performed to examine the progression of model performance throughout 
the training process. The learning curves consist of accuracy and loss plots, which illustrate changes in model accuracy 
and error rates across epochs. These curves are useful for diagnosing underfitting, overfitting, or stable convergence 
behavior. 

https://portal.issn.org/resource/ISSN/2962-3022
http://ejurnal.lkpkaryaprima.id/index.php/juktisi
https://doi.org/10.62712/juktisi.v3i3.307
https://creativecommons.org/licenses/by/4.0/


p-ISSN: 2962-3022 | e-ISSN: 2963-7104 
Volume 4 No 3 Februari 2026 

Hal: 1697-1710 
http://ejurnal.lkpkaryaprima.id/index.php/juktisi 

DOI: https://doi.org/10.62712/juktisi.v4i3.739 
 

Copyright © 2026 Author(s), Page 1706  
This Journal is licensed under a Creative Commons Attribution 4.0 International License. 

 
Figure 11. Learning Curve 

As shown in Figure 11, the accuracy curves exhibit consistent improvement for both training and validation data 
until reaching a stable condition after several epochs. The slightly higher validation accuracy compared to training 
accuracy indicates the absence of overfitting and reflects good generalization capability. Meanwhile, the loss curves 
display a steady decline for both datasets, with validation loss values remaining comparable to training loss. This pattern 
confirms that the model effectively learns meaningful data patterns without memorizing the training samples. Overall, 
the learning curves demonstrate that the MobileNetV2 model operates under stable and optimal training conditions [11], 
[12]. 

 
3.5.2 Confusion Matrix Analysis of the MobileNetV2 Model 

During the model evaluation stage, a confusion matrix is employed to assess the capability of the proposed MobileNetV2 
model in distinguishing between inorganic and organic waste classes based on the generated predictions. The confusion 
matrix provides detailed information on the number of correct and incorrect predictions for each class, thereby offering a 
more comprehensive assessment of classification performance than overall accuracy alone. This analysis is particularly 
important for identifying class-specific recognition difficulties and dominant error patterns. 

 
Figure 12. Confusion Matrix 

As shown in Figure 12, the model correctly classifies 932 samples from the inorganic waste class, while 180 
samples are misclassified as organic. For the organic waste class, the model correctly predicts 1,328 samples, with only 
73 samples misclassified as inorganic. The dominance of values along the main diagonal of the matrix indicates strong 
classification performance for both classes. Overall, the number of misclassifications is relatively small compared to the 
total number of test samples, suggesting that MobileNetV2 exhibits effective class discrimination capability in the context 
of binary waste classification [7], [8]. 
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3.5.3 Confusion Matrix Analysis of the MobileNetV2 Model 

The evaluation results at this stage demonstrate stable performance across both classes. The precision, recall, and F1-
score values for the inorganic and organic classes range from 0.88 to 0.95, indicating that the model is able to consistently 
capture relevant visual patterns. Detailed metric values are summarized in Table 3. 

Table 3. Classification Report 

Class Precision Recall F1-Score Support 

Inorganic 0.93 0.84 0.88 1112 

Organic 0.88 0.95 0.91 1401 

Accuracy   0.90 2513 

Macro Avg 0.90 0.89 0.90 2513 

Weighted Avg 0.90 0.90 0.90 2513 

For the inorganic class, the model achieves a precision of 0.93, a recall of 0.84, and an F1-score of 0.88. 
Meanwhile, the organic class attains a precision of 0.88, a recall of 0.95, and an F1-score of 0.91. The overall classification 
accuracy reaches 0.90, with both macro-average and weighted-average values remaining consistent across the primary 
metrics. These results indicate that the model not only achieves high overall accuracy but also maintains relatively 
balanced performance across both classes, despite differences in data distribution [7], [12]. 
 
3.5.4 Prediction Visualization 

At this stage, prediction visualizations are conducted on selected test samples to examine the consistency of the model in 
classifying waste categories. This visualization presents a direct comparison between the ground truth labels and the 
model’s predicted labels, allowing qualitative assessment of prediction quality through representative image examples. 

 
Figure 13. Prediction visualization 

Based on the visualization results, the model correctly classifies 7 out of 8 test images in accordance with their 
true labels. This observation indicates that the model demonstrates good generalization capability when applied to 
previously unseen data. The single misclassification case suggests the presence of visual feature similarities between 
certain waste categories, which remains a common challenge in waste image classification. Such limitations may be 
addressed in future work through increased data diversity or further refinement of the model architecture [4], [11]. 

 
3.5.4 PCA/t-SNE Visualization 

Subsequently, feature space visualization is performed using Principal Component Analysis (PCA) to validate the feature 
extraction capability of the MobileNetV2 model. High-dimensional feature representations obtained from the final layer 
(global average pooling) are projected into a two-dimensional space to examine how effectively the model separates 
characteristics between waste classes. The resulting projection is illustrated in Figure 14. 
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Figure 14. PCA Visualization 

As shown in Figure 14, two primary clusters corresponding to the organic and inorganic waste classes are formed. 
The relatively clear separation of clusters on the left and right sides of the plot indicates that the model successfully learns 
discriminative visual features between the two classes. However, an overlapping region appears in the central area of the 
projection, suggesting the presence of samples with highly similar feature representations. This overlap explains some of 
the misclassification cases observed in the confusion matrix and highlights the model’s limitations in distinguishing 

samples with very similar visual characteristics [7], [11], [17]. 

3.6 Grad-CAM & SHAP Visualization Overlay 

In this stage, model interpretability is examined using Gradient-weighted Class Activation Mapping (Grad-CAM) and 
SHapley Additive exPlanations (SHAP) to observe the image regions and features contributing to the predictions 
generated by the MobileNetV2 model. These visualizations are presented as supporting results to complement the 
quantitative evaluation of the classification model. 

Grad-CAM is applied to the final convolutional layer of MobileNetV2 to produce spatial activation maps 
indicating the regions with the highest contribution to the predicted class. The Grad-CAM overlays on the input images, 
together with the corresponding SHAP visualizations, are shown in Figure 15. 

 

Figure 15. Grad-Cam & SHAP Visualization 

As shown in Figure 15, the input image is classified as Inorganic with a prediction probability of 0.636. The Grad-
CAM heatmap highlights regions associated with plastic bottle objects, particularly around the bottle caps and curved 
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surface areas. Regions with higher activation are represented by red and yellow intensities, while areas with lower 
contribution appear in blue. 

The SHAP visualization illustrates pixel-level contribution patterns to the model’s prediction. The resulting 

contribution map shows both positive and negative influences distributed around the primary object region. Although the 
SHAP representation appears more diffuse than the Grad-CAM heatmap, the areas with notable contribution remain 
concentrated around the same object regions identified by Grad-CAM. 

Overall, the Grad-CAM and SHAP results indicate that the model’s attention and feature contributions are 
primarily localized around the waste object present in the image. These visualizations are reported as observational results 
and are used to support the analysis of the model’s prediction behavior. 

4. CONCLUSION 
This study successfully developed an Explainable Deep Learning Framework for organic and inorganic waste image 
classification by integrating the MobileNetV2 architecture with Grad-CAM and SHAP interpretability techniques, and 
the evaluation results show that the proposed model demonstrates strong performance with a validation accuracy of 
90.25% as well as balanced precision, recall, and F1-score values across both classes, confirming that MobileNetV2 is 
capable of effectively extracting discriminative visual features even when applied to datasets with high variability. 
Furthermore, the integration of Grad-CAM and SHAP provides significant added value by enabling both visual and 
quantitative explanations of model decisions, where Grad-CAM consistently highlights semantically relevant image 
regions contributing to classification outcomes, while SHAP offers deeper insights into feature contributions. The 
combined use of these techniques demonstrates that the proposed model is not only accurate but also transparent and 
accountable, thereby enhancing user trust in the context of automated waste sorting system deployment. Overall, this 
research indicates that lightweight architectures such as MobileNetV2, when combined with Explainable Artificial 
Intelligence (XAI) approaches, offer an effective solution for automated waste sorting, particularly on resource-
constrained devices, and future work may extend this framework by incorporating additional waste categories, increasing 
the diversity of field-collected datasets, integrating IoT-based sensing systems, or deploying the model in real-world 
environments to evaluate performance under operational conditions. 
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