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ABSTRACT

This paper introduces ReLeaf, an intelligent waste classification
system that integrates deep learning and mobile application tech-
nologies to promote environmentally responsible waste disposal.
The approach employs the MobileNetV2 architecture with transfer
learning and fine-tuning to classify waste into six categories: card-
board, glass, metal, paper, plastic, and trash. Various data augmen-
tation techniques were systematically evaluated to enhance model
generalization and mitigate overfitting. The model was trained on
a combination of public datasets and achieved a test accuracy
of 93.96%. The trained model was deployed within a Flutter-
based mobile application using TensorFlow Lite, enabling real-
time waste recognition on mobile devices. Additionally, a cloud-
based large language model (GPT-4.1-mini) was incorporated to
provide recycling guidance and user assistance through natural
language interaction. Experimental results indicate that the pro-
posed system offers an efficient, practical solution for intelligent
waste classification and recycling support in real-world settings.
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1. INTRODUCTION

Improper waste disposal and low recycling awareness continue to
pose major environmental and sustainability challenges worldwide.
With the rapid growth of urban waste and increasing environmental
concerns, intelligent waste management systems have become an
important research area. Recent advances in artificial intelligence,
particularly deep learning and image classification, have enabled
the development of automated waste recognition systems that can
support recycling and waste sorting processes.

Despite the promising performance reported in previous studies,
several challenges remain. Variations in lighting conditions, ob-
ject shapes, backgrounds, and dataset diversity can negatively af-
fect model generalization in real-world environments. In addition,
many existing approaches primarily focus on improving classifi-
cation accuracy through complex architectures. At the same time,
limited attention has been given to systematically evaluating the ef-
fect of data augmentation techniques when using lightweight mod-
els suitable for mobile deployment.

Therefore, this study investigates the effectiveness of the Mo-
bileNetV2 architecture for waste classification via transfer learning
and fine-tuning. Different augmentation configurations are evalu-



ated to improve model robustness, reduce overfitting, and maintain
computational efficiency.

Furthermore, this work introduces ReLeaf, a mobile application de-
signed to provide real-time waste classification and recycling assis-
tance via an accessible, user-friendly interface.

The main objectives of this study are as follows:

—To review existing studies on Al-based waste classification and
smart recycling systems.

—To evaluate the effectiveness of MobileNetV2, using transfer
learning and fine-tuning techniques, for waste image classifica-
tion.

—To investigate the impact of different data augmentation tech-
niques on model performance and generalization.

—To design and develop a user-friendly mobile application (Re-
Leaf) that integrates a lightweight deep learning model for real-
time waste classification.

The remainder of this paper is organized as follows: Section [2] re-
views existing studies on Al-based waste classification and smart
recycling systems. Section [3] presents the proposed classification
model, including the dataset, preprocessing steps, image augmen-
tation techniques, and experimental results. Section[d]describes the
development of the ReLeaf system and highlights its main features.
Finally, Section [5|concludes the paper.

2. LITERATURE REVIEW
2.1 Deep Learning Approaches

Recently, "Deep Learning” has become the most widely used ap-
proach for automatic waste classification. Neural networks are
trained directly on raw image data, eliminating the need for manual
feature extraction and achieving higher accuracy than traditional
methods. Various CNN architectures such as MobileNet, Efficient-
Net, ResNet, and DenseNet have demonstrated strong performance
in identifying waste materials.

Lightweight models such as MobileNet are particularly suitable
for low-powered and mobile devices. For example, [30] achieved
82.92% accuracy, while [8]] achieved 86.73% using CPU-only sys-
tems. Preprocessing techniques such as resizing, normalization,
and enhancement significantly improve performance, reaching up
to 96% accuracy [1]].

Data augmentation techniques such as rotation and flipping further
enhance model performance. Studies such as [26] reported 95.4%
accuracy, while other CNN-based approaches achieved accuracy
above 90%, making them reliable for waste classification tasks.

2.2 Hybrid/ Advanced Deep Learning

Hybrid approaches combine CNNs with techniques such as at-
tention mechanisms, transformers, and ensemble models to im-
prove classification accuracy. These methods aim to leverage the
strengths of multiple architectures.

For instance, [31] achieved 92% accuracy using attention mech-
anisms, while [5] combined ResNet50 and MobileNet to reach
97.9%. Transformer-based approaches such as [16] achieved up to
98.27%.

Ensemble methods also improve stability and reduce overfitting.
For example, [[17] combined multiple models and achieved around
97% accuracy.
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2.3 Vision Language/ Zero-Shot / Multimodal
Approaches

Multimodal approaches integrate vision and language models to
enhance system capabilities beyond classification. These models
can describe images, answer questions, and identify unseen cate-
gories.

For example, [32] combined CLIP with a language model to enable
image understanding and text-based interaction. Zero-shot learning
approaches, such as [22]], allow models to classify unseen waste
categories without additional training.

2.4 Mobile / Internet of Things (IoT) Application
Implementation

Recent research has focused on deploying waste classification mod-
els on mobile and IoT devices. Lightweight architectures such as
MobileNet and EfficientNet enable efficient processing with lim-
ited resources.

Mobile-based applications have achieved accuracy above 90%,
such as [11] and [19]]. Real-time detection using smartphones has
also been demonstrated, achieving high performance in practical
scenarios [4].

In addition, loT-based systems integrate classification models into
smart environments, enabling automated waste management solu-
tions [9]].

2.5 Summary and Research Gap

Despite the significant progress in deep learning-based waste clas-
sification, several limitations remain. Many existing studies focus
primarily on achieving high accuracy using complex or computa-
tionally intensive models, which may not be suitable for real-time
or resource-constrained applications. Additionally, while data aug-
mentation is widely used, its impact is often not systematically
evaluated across different configurations, particularly in combina-
tion with lightweight architectures such as MobileNetV2. Further-
more, many studies rely on relatively small or less diverse datasets,
which limits the generalization of the models in real-world scenar-
ios.

Therefore, this study aims to address these gaps by systematically
evaluating the performance of MobileNetV2 using transfer learn-
ing and fine-tuning, while investigating the impact of different data
augmentation techniques on model performance and generaliza-
tion. In addition, the trained model is integrated into a mobile-based
application to demonstrate its practical applicability in real-world
waste classification scenarios.

A summary of the reviewed studies is presented in Table[T]



Table 1. : Summary of Reviewed Studies

. . Result
Ref. | Year | Dataset Categories Model type Preprocessing Task Type Precision ‘ Accuracy
Model type: MobileNet Family (V1/V2)
19 2023 | TrashNet 6 Categories MobileNetV2 Image resizing, normalization, and data augmen- | Multi-class clas- 92% 92%
tation (rotation, translation, scaling, brightness, sification
shearing).
31 2023 | TrashNet 6 Categories MobileNetV2 Data augmentation, image resizing and normal- | Multi-class clas- - 92%
ization sification
8 2025 | TrashNet 6 Categories MobileNetV2 Image resizing, normalization, and data augmen- | Multi-class clas- 86% 86.73%
tation (flip, rotation, caching/prefetching). sification
13 2024 | Garbage classi- | 6 Categories MobileNetV2 Fourier-based deblurring, curvelet-based empiri- | Multi-class clas- 96% 97%
fication dataset combined with 4 | cal Wiener filtering, joint non-local means filter- | sification
other models ing, and reflection removal
S5 2024 | Kaggle and | 12 Categories MobileNetV Data augmentation, image resizing, normaliza- | Binary and - 97.9%
GitHub  (Sec- combined  with | tion and data splitting multi-class
ondary) ResNet50 classification
1 2025 | Custom 2 Categories MobileNetV1 Image resizing, class balancing, and data prepro- | Binary classifica- 93% 96%
cessing (CLAHE + Bilateral Filtering) tion
30 2023 | Web And Pub- | 4 Categories MobileNetV?2 Image resizing, cleaning, and data splitting, nor- | Multi-class clas- 96% 82.92%
lic Sources malization sification
25 2023 | Custom 10 Categories MobileNetV?2 Image resizing, normalization, data splitting, data | Multi-class clas- 88% 88.64%
augmentation (ImageDataGenerator) sification
Model Type: DenseNet Family (DenseNet121 / DenseNet201)
7 2025 | TrashNet, 7 Categories DenseNet121 Image resizing, normalization, and data augmen- | Multi-class clas- - 97%
CompostNet tation (rotation, flip, shear), and data down sam- | sification
pling.
17 2025 | Trashnet, Waste | 27 Categories DenseNet201 Image resizing and normalization classification 97% 97%
Classification
V2, Waste
Classification,
Openrecycle
Model Type: EfficientNet Family (EfficientNet-LiteO / EfficientDet-Lite3 / CE-EfficientNetV2)
11 2022 | Garbage Classi- | 11 Categories EfficientNet- Image resizing, normalization, and data augmen- | Multi-class clas- - 95.39%
fication Dataset LiteO tation (rotation, flip) sification
| 2023 | Garbage Classi- | 2 Categories EfficientNet- Image resizing and normalization Binary classifica- - 82%
fication Dataset Lite0 tion
2023 | Garbage Classi- | 11 Categories EfficientDet- Image resizing, bounding-box labeling, normal- | Object detection - 78%
fication Dataset Lite3 ization, and data augmentation (rotation, en-
hancement)
| 2025 | TrashNet 5 Categories CE- Image resizing, normalization, and data augmen- | Multi-class clas- - 96.5%
EfficientNetV2 tation (flip, rotation, translation, noise injection). sification
2025 | Huawei Cloud | 4 Categories CE- Image resizing, normalization, and data augmen- | Multi-class clas- - 95.4%
Waste Dataset EfficientNetV2 tation (flip, rotation, translation, noise injection). sification
Model Type: ResNet-based Models (ResNet50 / ResNeXt-50)
29 2024 | TrashNet 6 Categories ResNeXt-50 Image resizing, normalization, and data augmen- | Multi-class clas- 99% 99.17%
tation (crop, flip, color jitter, rotation) sification
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o1

Ref. | Year | Dataset Categories Model type Preprocessing Task Type Result
Precision | Accuracy
2 2025 | Garbage 12 Categories ResNet50 Image resizing, noise reduction, normalization, | Multi-class clas- 97.98% 98.16%
Dataset and data augmentation (flip, rotation, contrast, sification
SMOTE oversampling)
Model Type: Hybrid Models (ResNet + ViT / DenseViT / HR-ViT)
16 2025 | Custom 6 Categories HR-ViT (Hybrid | Image resizing, normalization, and data augmen- | Multi-class clas- 98% 98.27%
ResNet50 + ViT) tation (rotation, shift, shear, zoom, flip) sification
28 2025 | WaRP Dataset 28 Categories 2S _DenseViT Image resizing, normalization, and data aug- | Classification + - 83.11%
(DenseNet-201 + | mentation (histogram equalization, crop- | Detection
MaxViT) ping/padding, color adjustment, horizontal,
vertical flips, infill).
Model Type: YOLO Family (YOLO-11n/ YOLOvVI11x)
6 2025 | Trashnet 7 Categories YOLOvI1x Image resizing, normalization, and data augmen- | Multi-class clas- 94.8% 94.8%
tation (shear, zoom, flip) sification
20 2024 | Wadaba 5 Categories YOLO-11n Image resizing, normalization, oversampling, | Multi-class clas- 98% 95.53%
and data augmentation (random zoom, rotation, sification
contrast adjustment, flip)
Model Type: Faster R-CNN Family (Object Detection CNNs)
4 2023 | Custom 4 Categories Faster R-CNN Image resizing, normalization, and data augmen- | Object detection - 98.11%
tation (enhancement, rotation)
10 2024 | Garbage Classi- | 5 Categories Faster R-CNN Image resizing, normalization, and data augmen- | Object detection - 78.65%
fication Dataset tation (cleaning, rotation)
Model Type: Classical CNNs (Enhanced CNN / Deep CNN / VGG16 + Random Forest)
14 2024 | Trashnet 6 Categories Deep CNN Image resizing, normalization, and data augmen- | Multi-class clas- 97% 97.3%
tation Image resizing, normalization, and data | sification
augmentation (rotation, flip, zoom, brightness,
contrast)
18 2023 | Organic And | 2 Categories Enhanced CNN Image resizing, normalization, cleaning, and data | Binary Classifi- 96% 94%
Recyclable augmentation (crop, rotation, flip, brightness, | cation
Waste Images noise)
9 2025 | Garbage Classi- | 6 Categories VGG16 + Ran- | Image resizing, normalization, label encoding, | Image classifica- - 85%
fication Dataset dom Forest one-hot encoding, train-test split, and data aug- | tion
mentation (rotation, flip, zoom, brightness, con-
trast)
Model Type: Transformer-based Models (ViT / OpenCLIP / MiniGPT-4 / CLIP)
22 2025 | Trashnet 6 Categories OpenCLIP ViT- | Image resizing and normalization Multi-class clas- - 76.30%
L/14@336px sification
(Zero-Shot)
15 2021 | Trashnet 6 Categories ViT Image resizing and normalization Multi-class clas- - 96.98%
sification
21 2025 | Kumsetty et al. | 6 Categories OpenCLIP ViT- | Image resizing, center-cropping, RGB conver- | Multi-class clas- - 97.18%
(2022) L/14-2B (BigG) sion, tensor transformation, and normalization sification
32 2023 | LAION-400M, - MiniGPT-4 Image resizing and normalization, visual feature | Vision-Language - 66.2%
Conceptual (ViT-G/14 + Vi- | extraction using ViT encoder, and two-stage fine- | alignment /
Captions, SBU cuna LLM with | tuning with curated detailed captions multimodal
Q-Former) generation
3 2025 | WasteNet and | 7 Categories CLIP Image resizing and normalization Multi-class clas- 90% 97.18%
TACO sification
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3. CLASSIFICATION MODEL TRAINING AND
EVALUATION

3.1 The Model

The proposed system is based on the MobileNetV?2 architecture,
chosen for its lightweight design and efficiency in mobile and low-
resource environments. It employs depth-wise separable convo-
lutions which divide convolution into two parts: depth-wise and
point-wise operations to decrease parameter count while sustain-
ing system efficiency [27].

The transfer learning approach utilizes the MobileNetV2 model
which has been pretrained on ImageNet to enhance performance
in situations with restricted data. The existing classification layer
has been deleted to create a new head which includes pooling, nor-
malization, dropout, and dense layers. The new layers of the sys-
tem will undergo training first while keeping the pretrained layers
in their current state. The model undergoes fine-tuning after its ini-
tial training through the process of unfreezing deeper layers which
enables the system to learn the waste classification task. The sta-
ble training process uses low learning rates and early stopping and
learning rate reduction techniques to achieve better generalization
results.

3.2 Dataset

The two publicly available datasets used to train and evaluate the
waste classification model were TrashNet [24] and the Garbage
Classification dataset [23]]. These datasets were combined dur-
ing processing to improve the diversity and representation of the
dataset. The details of each dataset are presented in Table [2| and
Table 3l

Table 2. : TrashNet dataset

Category Number of Images
Cardboard 403
Glass 501
Metal 410
Paper 594
Plastic 482
Trash 137

Total: 2527 images

Table 3. : Garbage Classification dataset

Category Number of Images
Cardboard 891

Brown glass 607

Green glass 629

White glass 775

Metal 769

Paper 1,050
Plastic 865

Trash 697

Total: 6283 images
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3.3 Image Augmentation

To improve model generalization and reduce overfitting, data aug-
mentation was applied to the training dataset using the ImageData-
Generator function from Keras. Table ] summarizes the augmenta-
tion experiments conducted in this study.

Table 4. : Summary of Data Augmentation Experiments

Experiment Augmentation Techniques Validation Test Ac-
Accuracy curacy
Exp 1 Rotation £20°, shift 10%, 0.9298 0.9155

shear 10%, zoom 20%,
brightness [0.8-1.2],
horizontal flip

Exp 2 Rotation +20°, shift 15%, 0.9058 0.8902
shear 15%, zoom 20%,
brightness [0.8-1.2],
horizontal flip

Exp 3 Rotation +20°, shift 10%, 0.9229 0.9139
shear 15%, zoom 20%,
brightness [0.8-1.2],
horizontal flip

Exp 4 Rotation +30°, shift 20%, 0.9092 0.8767
shear 20%, zoom 20%,
brightness [0.8-1.2],
horizontal flip

hline Rotation £20°, shift 10%, 0.9195 0.9088
Exp 5 shear 10%, zoom 25%,
brightness [0.9-1.1],
horizontal flip

Exp 6 Rotation +10°, shift 10%, 0.9195 0.9189
shear 10%, zoom 10%,
brightness [0.8—1.2],
horizontal flip

Exp 7 Rotation +15°, shift 10%, 0.8921 0.8564
shear 8%, zoom 15%,
brightness [0.9-1.1],

horizontal flip + noise

Exp 8 Rotation +15°, shift 10%, 0.8887 0.8632
shear 5%, zoom 10%,
brightness [0.95-1.05],
horizontal flip

Exp 9 Rotation +20°, shift 10%, 0.9269 0.9241
shear 15%, zoom 20%,
brightness [0.8—1.2],
horizontal flip

Exp 10 Rotation +30°, shift 15%, 0.9425 0.9396
shear 20%, zoom 25%,
brightness [0.8-1.2],
horizontal + vertical flip,
channel shift 20.0, fill mode
nearest

Best Optimized Augmentation 94.25% 93.96 %

Model | (Exp 10)
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Fig. 1: Validation and test accuracy obtained under different data augmen-
tation configurations.

As illustrated in Figure [T} augmentation intensity had a substan-
tial impact on model performance and generalization. Experiments
employing aggressive transformations, such as Exp 4 and Exp 7,
produced noticeably lower validation and test accuracies compared
with other configurations. In particular, Exp 7 achieved the lowest
test accuracy (85.64%), suggesting that noise injection introduced
unrealistic patterns that negatively affected feature learning. Simi-
larly, Exp 4 showed reduced performance due to the use of stronger
geometric transformations, which may have distorted important vi-
sual characteristics of waste materials.

Conversely, moderate augmentation settings generally resulted in
better generalization. Exp 9 and Exp 10 achieved the highest per-
formance among all evaluated configurations, with test accuracies
of 92.41% and 93.96%, respectively. These findings indicate that
carefully balanced augmentation strategies can improve model ro-
bustness while preserving the essential characteristics of the origi-
nal images.

Data augmentation experiments demonstrated that augmentation
intensity has a significant impact on model performance. Exces-
sive augmentation, such as increasing image rotation beyond +20°
or applying large shift and shear values above 15%, distorted the
original image structure and negatively affected classification ac-
curacy. Similarly, applying strong noise augmentation introduced
unrealistic visual patterns that reduced the model’s ability to learn
meaningful features.

In contrast, insufficient augmentation, such as using a very limited
brightness range (e.g., [0.95-1.05]) with minimal zoom or shear
transformations, did not provide enough variability in the training
data, leading to weaker generalization performance.

Therefore, the experimental results suggest that moderate augmen-
tation settings achieve the best balance between dataset diversity
and image realism, leading to improved classification accuracy and
generalization performance. Both excessive and insufficient aug-
mentation were found to reduce overall model effectiveness.

3.4 Pre-processing

Before training the model, several preprocessing steps were applied
to prepare the input data. First, all images were resized to 224 x
224 pixels to match the input size required by the MobileNetV2
architecture.

Next, pixel values were normalized using the preprocess_input
function provided by MobileNetV2. This step scales the input im-
ages to the same distribution used during ImageNet pretraining,
which helps the model effectively utilize the pretrained weights and
improves learning performance.

The preprocessing step was applied consistently to the training, val-
idation, and test datasets to ensure uniform input representation.
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3.5 Experimental Setup

The MobileNetV2 model was trained using the Adam optimizer
with categorical cross-entropy and label smoothing to improve gen-
eralization and reduce overfitting. Training used EarlyStopping and
ReduceLROnPlateau and ModelCheckpoint as callbacks to main-
tain stability and perform dynamic learning rate adjustments and
save the best-performing model.

A two-phase training strategy was applied, starting with a higher
learning rate for feature extraction. The training process moved to
a lower rate during fine-tuning which helped to maintain pretrained
knowledge and boost model convergence. The model was devel-
oped using TensorFlow/Keras on Google Colab Pro which provided
GPU support to achieve fast training times and dependable system
operation.

3.6 Results and Discussion
3.6.1 Evaluation Metrics

To comprehensively assess the performance of the proposed model,
four standard classification metrics were employed: accuracy, pre-
cision, recall, and F1-score. These metrics are computed from the
number of true positives (TP), true negatives (TN), false positives
(FP), and false negatives (FN) produced by the classifier on the test
set.

Accuracy measures the overall proportion of correctly classified
samples:

TP+TN
TP+TN+FP+FN

Precision quantifies how many of the samples predicted as a given
class actually belong to that class:

Accuracy =

()]

Precisi TP @)
recision = ———

TP+ FP
Recall (sensitivity) quantifies how many of the actual samples of a
class were correctly identified:

TP
Recall = ——— 3
T TPYFN &

The F1-score is the harmonic mean of precision and recall:

Fl—2x Prec¥s¥on x Recall @)
Precision + Recall

Since the task involves six classes, precision, recall, and F1-score
are computed for each class in a one-vs-rest manner and summa-
rized using macro and weighted averages, where the macro aver-
age treats all classes equally and the weighted average accounts for
class support. In addition, a confusion matrix is used to analyze the
distribution of misclassifications across categories.

3.6.2 Overall Performance

Table [5] presents the accuracy results of the MobileNetV2 model
on the training, validation, and test datasets. The model achieved
high accuracy across all phases, indicating effective learning during
training and good generalization when evaluated on unseen data.
Table [6] reports the detailed classification report of the model on
the test set, including the per-class precision, recall, and F1-score,
together with the support of each class. The model maintained an
F1-score above 0.88 across all six categories, achieving macro- and
weighted-average F1-scores of 0.9357 and 0.9400, respectively.
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Table 5. : Accuracy results of the MobileNetV2 model on training, valida-
tion, and test datasets

Metric Accuracy
Training 97.07%
Validation 94.25%
Test 93.96%

Table 6. : Classification report of the model on the test data

Classification ~ Precision Recall F1-Score Support
Cardboard 0.9556 0.9556 0.9556 90
Glass 0.9792 0.9261 0.9519 203
Metal 0.9000 0.9351 0.9172 77
Paper 0.9714 0.9714 0.9714 105
Plastic 0.8587 0.9080 0.8827 87
Trash 0.9195 0.9524 0.9357 84
Accuracy 0.9396 646
Macro Avg 0.9307 0.9414 0.9357 646
Weighted Avg 0.9412 0.9396 0.9400 646

3.6.3 Per-Class Performance

A closer inspection of the per-class results in Table ] and Figure 2]
reveals clear differences in difficulty across waste categories. Paper
and Cardboard achieved the most balanced performance (F1-scores
of 0.9714 and 0.9556, respectively), which can be attributed to their
distinctive textures and relatively consistent appearance across the

dataset.

Precision ~ WEE Recall WEE Fl-Score

1.000

0.975
0.950
0.925
0.900
0.875
0.850
0.825
]
0.800

Cardboard Glass Metal Paber Pla;tic Tra;sh

Score

Fig. 2: Per-class precision, recall, and Fl-score of the proposed model on
the test set.

Plastic was the most challenging category, with the lowest preci-
sion (0.8587) and F1-score (0.8827). This behavior is expected, as
plastic items exhibit high intra-class variability in shape, color, and
transparency, and transparent plastic containers share strong visual
similarities with glass. This is further reflected in the Glass cat-
egory, which achieved the highest precision (0.9792) but a com-
paratively lower recall (0.9261), suggesting that a portion of glass
samples were misclassified into visually similar categories such as
plastic. Metal showed a similar pattern in reverse (precision 0.9000,
recall 0.9351), indicating that reflective surfaces of other materials
were occasionally predicted as metal.

Despite these challenges, the macro-averaged F1-score of 0.9357
demonstrates that the model maintains consistently strong perfor-
mance across all six categories rather than being biased toward
well-represented classes.
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3.6.4 Confusion Matrix Analysis

Cardboard{ 86 0 0 3 1 0 175
150
Glass{ O 188 6 0 9 0
125
2 Metal{ 2 2 [ 72 0 0 1
S 100
)
E Paper{ 1 0 0 1 1 L 75
Plasticy O 2 1 0 79 5 [0
r25
Trashq{ 1 0 1 0 2 80
. : . : : : Lo
S S > < O X
N o g 2 O 2
8oo"’ o° R QQ,Q Q\,bfo <&
&

Predicted Label

Fig. 3: Confusion matrix of the proposed model on the test set.

To gain deeper insight into the model’s misclassification behav-
ior, the confusion matrix on the test set is shown in Figure 3] The
most frequent confusion occurred between Glass and Plastic, with
9 glass samples predicted as plastic and 6 as metal. These errors
are consistent with the visual similarity between transparent or re-
flective materials, which share comparable color distributions and
surface characteristics. Likewise, 5 plastic samples were misclassi-
fied as trash, which can be explained by the heterogeneous nature of
the trash category that includes deformed or mixed-material items.
Importantly, the misclassifications are concentrated among visually
similar material pairs, while semantically distant categories (e.g.,
Paper vs. Metal) exhibit almost no confusion. This indicates that
the model has learned meaningful material-specific features rather
than relying on superficial cues, and that the remaining errors stem
primarily from inherent visual ambiguity rather than model limita-
tions.

3.6.5 Training Behavior

The training and validation accuracy and loss curves for both the
initial training and fine-tuning phases are shown in Figures[and[3]
The results show that the model achieved stable learning behavior
during training, as the training loss gradually decreased while the
accuracy improved across epochs.
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Fig. 4: Training and validation accuracy and loss during initial training

Training vs Validation Loss (Fine-Tuning)

Training vs Validation Accuracy (Fine-Tuning)
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—— Validation Accuracy
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Fig. 5: Training and validation accuracy and loss during fine-tuning

Although a small gap between training and validation performance
was observed during fine-tuning, the model still maintained strong
generalization and achieved high classification performance on the
test dataset.

It can also be observed that the validation loss remains slightly be-
low the training loss during the initial epochs. This behavior is ex-
pected, as data augmentation, dropout, and label smoothing are ap-
plied only to the training data, making the training task intention-
ally harder than the validation task. The early-stopping mechanism
restored the best model weights from epoch 64, when the validation
accuracy reached its maximum of 94.25%.

4. MOBILE APPLICATION DEVELOPMENT

The workflow of the proposed system, ReLeaf, is illustrated in Fig-
ure [6] This section describes the development of the mobile appli-
cation and its main components. The following subsections present
the tools and platform used, as well as the integration of the large
language model (LLM).

4.1 Tools and Platform

The ReLeaf application was developed using a combination of
modern tools and platforms to ensure efficient model development,
deployment, and user interaction.

For the mobile application, Flutter was used as the primary devel-
opment framework due to its cross-platform capabilities and ability
to create responsive, user-friendly interfaces. The application was
developed and tested using Visual Studio Code and Android Stu-
dio.

The waste classification model was implemented using Tensor-
Flow and Keras. It was trained and fine-tuned in Google Colab
Pro, which provides GPU support to accelerate training and im-
prove performance. Pretrained ImageNet weights were utilized to
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enhance feature extraction through transfer learning. For deploy-
ment on mobile devices, the trained model was converted into Ten-
sorFlow Lite (TFLite) format, enabling efficient real-time infer-
ence with reduced latency and lower computational requirements.
To evaluate real-time performance, the deployed model was tested
on a physical mobile device, allowing accurate assessment of in-
ference speed, responsiveness, and overall user experience under
real-world conditions.

Firebase was used as the backend platform to manage user authen-
tication and data storage. Firebase Authentication handled secure
user login, while Cloud Firestore stored application data, including
user information and system interactions.

In addition, a cloud-based Large Language Model (LLM), specif-
ically GPT-4.1-mini, was integrated into the system to provide
users with intelligent responses and recycling guidance. This en-
hances user interaction by allowing natural language communica-
tion within the application.

Overall, the combination of these tools and platforms enabled the
development of a scalable, efficient, and user-friendly smart waste
classification system.

4.2 LLM Integration

To enhance user interaction and provide intelligent recycling guid-
ance, a Large Language Model (LLM) was integrated into the
ReLeaf application. The system utilizes the GPT-4.1-mini model
through a cloud-based API to enable natural language communica-
tion between the user and the application.

The LLM component allows users to ask questions related to waste
classification, recycling methods, and proper disposal practices.
Based on the user query, the model generates informative and
context-aware responses to assist users in making environmentally
responsible decisions.

The chatbot interface was integrated into the Flutter application to
provide a simple and interactive user experience. User messages are
sent securely to the API, and the generated responses are displayed
in real time within the application.

The integration of the LLM improves the usability of the system
by extending its functionality beyond image classification, enabling
users to receive additional guidance and educational support related
to recycling and waste management.
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Fig. 6: Workflow of the proposed ReLeaf system integrating image classification and chatbot assistance.
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5. CONCLUSION AND FUTURE WORK

This paper presents a smart waste classification approach that in-
tegrates deep learning with a large language model. The dataset
was constructed by combining and preprocessing multiple pub-
lic datasets, then split into training, validation, and testing sets.
A MobileNetV2 model with transfer learning and fine-tuning was
employed for efficient feature extraction, achieving approximately
93.96% test accuracy with minimal confusion between visually
similar waste categories.

The trained model was deployed within ReLeaf, a cross-platform
mobile application built using Flutter and TensorFlow Lite, en-
abling real-time, on-device waste classification. In addition, a
cloud-based LLM (GPT-4.1-mini) was integrated to provide ex-
planations and recycling recommendations, selected for its perfor-
mance and reliability. Overall, the proposed approach demonstrates
an effective end-to-end solution that combines accurate image-
based classification with intelligent, conversational guidance to
support informed decision-making in waste disposal and promote
sustainable recycling practices.

5.1 Future Work
Several directions remain for future work:

—Extended classification scope: The model can be extended to
support a larger number of waste categories, including hazardous
and electronic waste, and to handle images containing multiple
objects through object detection techniques such as YOLO.

—Dataset expansion: Expanding the training data with locally
collected images under diverse real-world conditions (varying
lighting, backgrounds, and device cameras) would further im-
prove generalization to real-world deployment scenarios.

—Enhanced LLM capabilities: The LLM component can be en-
hanced with multilingual support, particularly Arabic, and on-
device inference to reduce latency and dependence on cloud ser-
vices.

—Smart city integration: Integrating ReLeaf with IoT-enabled
smart bins and municipal recycling infrastructure would enable
automated, city-scale waste management.

—User study: A longitudinal user study could evaluate the appli-
cation’s real-world impact on recycling behavior and user en-
gagement over time.

The source code and implementation details are available at
GitHub: https://github.com/fatemahbarri/releaf_app
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