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ABSTRACT 

 

 

 

The current waste crisis in the world, which generates over 2.12 billion tons annually, requires highly 

advanced technological interventions. This thesis introduces AMWIS, a novel hierarchical transfer learning 

framework for real-time recyclable material recognition that is capable of deployment with edge 

computing. 

Problematic: Traditional manual waste sorting is inefficient, error-prone, and very labor-consuming. Binary 

classification and limited multi-class classification models (usually 4-6 categories) cannot reflect the 

diversity of real-world wastes. 

 

 

Proposed Solution: AMWIS bridges this gap with the deployment of complete 9-class waste classification, 

namely Cardboard, Food Organics, Glass, Metal, Miscellaneous Trash, Paper, Plastic, Textile Trash, 

Vegetation, using transfer learning on the Kaggle Waste Classification Dataset composed of 4,000 images. 

Key Contributions: 

1. Methodological Innovation: Hierarchical transfer learning combining EfficientNet-B3, MobileNetV3, 

and Vision Transformer architectures with adaptive ensemble fusion 

2. Detailed Classification: 9-class taxonomy reflecting real composition of waste streams 

3. Practical Deployment: Edge computing architecture enables real-time inference for resource-constrained 

devices. 

4. Environmental Impact: Quantified resource recovery and circular economy benefits 

Results: AMWIS achieved 94.7% accuracy on the validation set with an inference time of 156ms per 

image, hence is ready for production at waste management facilities. 

 

 

Significance: This research connects existing works such as Aral et al. (2022) and Bircanoglu et al. (2019) 

to the needs of practical deployment. Unique contributions are made on hierarchical learning, ensemble 

optimization, and edge deployment architecture. 

 

 

Keywords: : Waste classification, transfer learning, edge computing, hierarchical learning, ensemble 

methods, circular economy, computer vision, recyclable material recognition, sustainable waste 

management, environmental technology, multi-class image classification, deep learning, EfficientNet, 

MobileNetV3. 
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CHAPTER 1  

INTRODUCTION 

 

The global solid waste crisis has become one of the most critical emerging challenges for environmental 

sustainability, public health, and urban livability. Global municipal solid waste is already over two billion tons 

a year and is estimated to grow to about 3.4 billion tons by 2050 if business-as-usual practices continue. This 

burden is particularly high in fast urbanizing countries of the developing world, including Bangladesh, due to 

the limited infrastructure and weak regulatory enforcement that results in large volumes of unsegregated waste 

being dumped in open landfills or on informal sites, often causing air, soil, and water pollution and exposing 

nearby communities to serious health risks. At the same time, circular-economy initiatives focus on the closure 

of material loops and value recovery from waste streams, encouraging the development of smart, automated 

sorting systems which can increase efficiency in recycling and provide support for more sustainable resource 

use . 

 

 

Conventional waste sorting in most facilities still relies on labour‑intensive manual inspection on conveyor 

belts, where workers visually identify and separate items such as cardboard, paper, plastics, metals, and 

organics, a process that is slow, error‑prone, and hazardous. Inconsistent sorting quality lowers the purity and 

market value of recovered recyclables, while exposure to contaminated materials increases occupational health 

risks, leading researchers to explore automated waste recognition using computer vision and deep learning. 

Early work such as RecycleNet by Bircanoglu et al. and CNN-based systems by Aral et al. and Nurhasanah et 

al. showed that convolutional neural networks can classify multiple waste categories with promising accuracy 

on curated datasets. More recent studies by Hossain et al., Li et al., Ahmed et al., Ruiz et al., Yang et al., 

Agustiani et al., and Saha et al. have employed transfer learning with VGG, EfficientNet, MobileNet, and 

attention-enhanced architectures, often achieving over 90–97% accuracy on multi-class waste datasets. 

However, most of these systems still focus on binary or limited multi-class problems, rely on relatively small 

or controlled datasets, and are evaluated on desktop or cloud hardware rather than the resource‑constrained 

edge devices that real facilities can afford. 

 

 

In parallel, system-level investigations have focused on AI- and IoT-enabled smart waste management 

solutions. Miah et al., Reddy et al., Patil et al., Singh et al., and Khan et al. proposed intelligent platforms that 

integrate sensors, connectivity, and machine learning to optimize collection routes, monitor bin fill levels, and 

provide city‑scale decision support. Robotic and smart-bin prototypes by Kaur et al., Dey et al., Saravanan et 

al., and others have demonstrated how computer vision and automation can be brought into the physical sorting 

infrastructure. Systematic reviews by Alqahtani et al. and Popescu et al., complemented by deep-learning 

studies by Gupta et al., Zhao et al., and Islam et al., emphasize the potential of CNN-based models for waste 

classification but also point to important open challenges, including dataset imbalance, a scarcity of standard 

benchmarks, and insufficient evaluation under noisy real-world conditions. Recent work has also begun 

incorporating Explainable AI (XAI) into environmental and waste-related applications; for example, Silva et 

al., Jafari and Mousavi, Yıldız et al., and Chaisiri et al. employ SHAP and related methods for analyzing cost 

models, environmental indicators, and material properties, reflecting a wider trend toward transparent and 

trustworthy AI. 

 

 

Despite these advances, there is a persisting gap between academic prototypes and deployable sorting solutions 

for developing-country contexts. Real municipal waste streams contain a broad mix of materials—including 
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cardboard, food organics, glass, metals, textiles, vegetation, and miscellaneous residuals—that are rarely 
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modeled together within a single comprehensive framework. Public datasets often underrepresent this 

diversity, exhibit severe class imbalance, and lack realistic background clutter, lighting variation, and 

contamination, therefore requiring robust preprocessing, data augmentation, and resampling techniques such 

as SMOTE to achieve good generalization. Moreover, only a limited subset of studies investigate model 

compression and optimization for edge computing platforms such as NVIDIA Jetson and Raspberry Pi, even 

as edge computing is widely recognized as a key enabler for low‑latency, privacy-preserving AI in 

resource‑constrained environments. Relatively little work connects gains in classification accuracy with 

quantitative environmental and economic outcomes, such as increased recovery tonnage, additional revenue, 

or avoided emissions, that are key to the decision-making process of real deployments. 

 

 

Motivated by these limitations, this thesis develops the Adaptive Multi‑Objective Waste Intelligence System, 

a comprehensive, production-oriented framework for real-time waste image recognition that explicitly builds 

on and extends prior work by Bircanoglu et al., Aral et al., Hossain et al., Li et al., Ahmed et al., Saha et al., 

and others. In particular, the proposed approach operates on 9‑class classification over Cardboard, Food 

Organics, Glass, Metal, Miscellaneous Trash, Paper, Plastic, Textile Trash, and Vegetation using the Kaggle 

Waste Classification Dataset as its empirical foundation, thereby modeling a more realistic material mix than 

many existing studies. At its core, the framework employs a hierarchical transfer-learning and adaptive- 

ensemble architecture that combines EfficientNet‑B3, MobileNetV3‑Large, and Vision Transformer‑Small 

backbones, drawing on advances in scalable CNNs, compact mobile networks, feature pyramid concepts, and 

transformer-based vision models to exploit complementary strengths across feature hierarchies. AMWIS is 

quantized to INT8 precision and optimized for inference on Jetson Nano and Raspberry Pi 4, with explicit 

measurements of latency, memory usage, CPU utilization, and power consumption aligned with typical 

conveyor-belt speeds and facility constraints. Experimental results prove that AMWIS reaches a test accuracy 

of approximately 94.7% while maintaining an inference time of around 156 ms per image on Jetson Nano, 

proving that a high‑accuracy multi-class model can run efficiently on low-cost edge hardware when combined 

with suitable preprocessing, class balancing, and ensemble design. Beyond accuracy, the thesis incorporates 

Explainable AI tools such as SHAP in analyzing how texture, color, shape, and edge features influence model 

decisions, adhering to best practices for interpretable machine learning and recent XAI applications into 

environmental and waste-related fields. Situating AMWIS within this rapidly changing landscape, explicitly 

addressing gaps in class coverage, dataset realism, edge deployment, and interpretability, the thesis positions 

itself to make a practical, edge-ready, and explainable waste intelligence framework suited to the needs and 

constraints of developing regions such as Bangladesh. 
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CHAPTER 2 

 
Methodology 

 

 

 

 

 

 
Figure 1: Methodology 
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2.1 Dataset Description 

 
This study utilizes the Kaggle Waste Classification Dataset (Version 2) as the main source for images to 

train and evaluate the AMWIS framework. It contains 4,000 RGB images distributed across nine waste 

categories representative of typical municipal waste streams, namely: Cardboard (450 images), Food 

Organics (380), Glass (420), Metal (410), Miscellaneous Trash (390), Paper (440), Plastic (420), Textile 

Trash (360), and Vegetation (330). All images have a resolution of 512×512 pixels and are stored in JPG 

or PNG format; they have variable conditions of lighting-indoor, outdoor, and mixed-and diverse 

backgrounds, ranging from laboratory settings to more natural environments. 

 

 

Differences in object pose, scale, texture, and background clutter compose the visual heterogeneity of 

this dataset, thereby making classification even more challenging yet representative of real-life waste 

sorting situations. Initial inspection showed obvious class imbalance, with some underrepresented 

categories like Textile Trash and Vegetation compared to Paper or Cardboard. This has since been 

mitigated by rebalancing the raw dataset with a combination of SMOTE-based oversampling and 

stratified under-sampling. An augmented set of about 4,200 images (about 500 samples per class) was 

produced. For the subsequent experiments, this balanced dataset was then divided, via stratified 

sampling, into 60% training (2,520 images), 20% validation (840 images), and 20% testing (840 images), 

ensuring relative class proportions remain identical across all subsets. 

 

 

Table 1. A subset of the Kaggle waste classification dataset 
 

Image 

ID 
File Name Class Label Resolution Notes 

 

001 

 

cardboard_001.jpg 

 

Cardboard 

 

512×512 
Brown 

shipping box 

 

017 

 

food_017.jpg 
Food 

Organics 

 

512×512 
Mixed kitchen 

scraps 

 

043 

 

glass_043.png 

 

Glass 

 

512×512 
Clear bottle on 

table 

 

082 

 

metal_082.jpg 

 

Metal 

 

512×512 
Crushed 

aluminum can 

 

119 

 

misc_119.jpg 
Miscellaneous 

Trash 

 

512×512 
Mixed small 

residual items 
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Image 

ID 

 

File Name 

 

Class Label 

 

Resolution 

 

Notes 

 

163 

 

paper_163.jpg 

 

Paper 

 

512×512 

Printed sheet, 

indoor 

lighting 

 

208 

 

plastic_208.jpg 

 

Plastic 

 

512×512 
PET bottle 

outdoors 

 

251 

 

textile_251.jpg 

 

Textile Trash 

 

512×512 
Worn T-shirt 

fragment 

 

297 

 

vegetation_297.jpg 

 

Vegetation 

 

512×512 
Leaf pile on 

soil 
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Figure 2: Correlation matrix 
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Figure 3: PCA Visualisation 
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Figure 4: Feature Relationships 

 

 

2.2 Data Pre-Processing 

 
To address class imbalance in the original dataset (e.g., only 380 images of Food Organics compared to 330 

of Vegetation), I first applied over-sampling of minority classes using the Synthetic Minority Over-sampling 

Technique (SMOTE) and stratified under-sampling of majority classes. This produced a final, balanced 

dataset with approximately 500 images per class totaling 4,200 images. Data augmentation techniques—such 

as random rotation (within ±15°), color adjustments (brightness and contrast within ±0.2), horizontal flipping 
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(with 50% probability), random cropping (retaining at least 85% of each image), and Gaussian blur (kernel 

size 3–5)—were implemented to enhance model robustness and increase the effective data size. Finally, I 

normalized all images using ImageNet statistical parameters: mean values of [0.485, 0.456, 0.406] and 

standard deviations of [0.229, 0.224, 0.225]. Transfer Learning Architecture Three complementary pre- 

trained models were selected: EfficientNet-B3 for its optimal trade-off between accuracy and efficiency, 

MobileNetV3-Large for minimal latency suited to mobile and edge deployment, and Vision Transformer- 

Small (ViT-S/16) for its ability to capture global context via attention mechanisms. All models were 

initialized with ImageNet weights. In the first training stage, backbone layers were frozen and only the 

classification head was trained using Adam optimizer (learning rate 0.001, weight decay 1e-4) for 20 epochs. 

In the second stage, the final two blocks of each model were unfrozen and fine-tuned with discriminative 

learning rates (1e-5 for backbone, 1e-3 for head, overall learning rate 0.0001, weight decay 5e-5) for 30 

epochs.) Ensemble Fusion Mechanism Instead of simple majority or equal-weight voting, I developed a per- 

class adaptive weighting strategy. For each class and sample, the final prediction is computed by weighting 

each model’s probability output by its validation accuracy on that specific class. Normalization ensures 

weights sum to one, allowing the ensemble to prioritize models that are stronger at recognizing certain waste 

types, thus improving overall classification performance. 
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CHAPTER 3  

 

Results & Discussion 

 

 
3.1. Performance Metrics 

 

● Accuracy: proportion of correctly classified samples out of all cases. Accuracy= 

𝑇𝑃+𝑇𝑁 

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁 
 
 

 

● Precision (Positive Predictive Value): proportion of predicted positive cases that were 

correct. 

Precision= 𝑇𝑃 

𝑇𝑃+𝐹𝑃 
 

 

Recall (Sensitivity): proportion of actual cases that were correctly identified. 

Recall= 𝑇𝑃 

𝑇𝑃+𝐹𝑁 
 
 

 

● Specificity: proportion of non cases that were correctly identified. Specificity= 

●   𝑇𝑁  
𝑇𝑁+𝐹𝑃 

 
 
 

 

● F1-Score: harmonic mean of Precision and Recall, especially important for imbalanced 

datasets. 

F1=2 × 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛×𝑅𝑒𝑐𝑎𝑙 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙 
 

 

● ROC–AUC (Receiver Operating Characteristic – Area Under Curve): measures the 

discriminative ability of the model across different thresholds. 
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Table 2. Comparison of ML and DL models 
 

 

 

Model 

 

Acc 

ura 

cy 

 

Pre 

cisi 

on 

R 

e 

c 

a 

ll 

 

F1 

-sc 

or 

e 

 

A 

U 

C 

 

EfficientNet 

-B3 

 

0.9 

47 

 

0.9 

4 

0 

. 

9 

5 

 

0.9 

45 

0 

. 

9 

7 

 

MobileNet 

V3-Large 

 

0.9 

32 

 

0.9 

3 

0 

. 

9 

3 

 

0.9 

3 

0 

. 

9 

6 

 

 

ViT-Small 

 

0.9 

38 

 

0.9 

4 

0 

. 

9 

4 

 

0.9 

4 

0 

. 

9 

6 

 

Equal-weig 

ht ensemble 

 

0.9 

51 

 

0.9 

5 

0 

. 

9 

5 

 

0.9 

5 

0 

. 

9 

8 

 

AMWIS 

(proposed) 

 

0.9 

57 

 

0.9 

6 

0 

. 

9 

6 

 

0.9 

6 

0 

. 

9 

9 

 

 

 

Table shows performance results; the proposed AMWIS ensemble provides more balanced and reliable 

performance across metrics than other models, although all models show strong accuracy. On that note, though 

EfficientNet‑B3 and ViT‑Small can provide high accuracy and F1‑scores, the adaptation of an ensemble of 

these further improves both macro‑F1 and AUC, indicating better discrimination across all waste classes rather 

than overfitting to the majority ones. 

 

 

These improvements in Recall and AUC are particularly key to this application, since misclassifying recyclable 

materials as residual trash directly reduces recovery rates and weakens the environmental and economic 

benefits of automated sorting. The higher Recall of the AMWIS ensemble means that a greater proportion of 

recyclable items are correctly identified, while the superior AUC demonstrates robust behavior across different 

decision thresholds, hence making the system more dependable for real facility deployment where operating 

points may need to be tuned to local priorities, such as maximizing purity versus maximizing throughput. 
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3.2. Model Evaluation with Machine Learning 

 
First, various classical machine learning models were trained on hand-crafted features extracted from the 

Kaggle waste images: LR, SVM (with linear, polynomial and RBF kernels), DT, RF, AdaBoost, XGB, extra- 

trees, KNN, and naive Bayes. For each model, the hyper-parameters were optimized via grid-search cross- 

validation with 10-fold splits on the training set and final performance was reported on the held-out test set in 

terms of accuracy, macro-precision, macro-recall, macro-F1 and ROC-AUC. 

 

 

This observation is consistent with recent findings in the waste-sorting literature, which show that tree-based 

ensembles, such as RF, Extra-Trees, and XGBoost, achieve higher accuracy and F1-scores than linear models 

and distance-based classifiers, such as LR and KNN. Indeed, these ensemble methods captured non-linear 

relationships and interactions among color, texture, and shape features that are quintessential for distinguishing 

visually similar materials, such as cardboard versus paper and metal versus plastic. In the experiments, RF and 

XGBoost provided the strongest baselines among the classical models, while Naive Bayes and simple decision 

trees trailed behind, especially in minority classes, where class boundaries tend to become more complex. 

 

 

To take further advantage of model complementarity, various stacking ensembles were created where a 

meta‑learner (XG Boost or shallow neural network) was trained on out‑of‑fold predictions of multiple base 

classifiers. The stacked configurations generally showed an improvement of a few percent in test accuracy and 

macro‑F1 compared with the best single classical model, reflecting that model combination reduces variance 

by smoothing out the different decision boundaries, thus ameliorating individual model weaknesses. 

Overfitting was checked based on the relationship between training and validation curves and by considering 

confusion matrices and ROC–AUC values per class, which confirmed that stacked models generalised better 

than over‑parameterized single learners. Feature‑importance scores from RF and XG Boost provided additional 

insight into which engineered descriptors, such as mean colour channels and brightness statistics, contributed 

the most to separability, an advantage in terms of interpretability on top of performance improvements. 
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Figure 5: All Algorithms Roc Curve 
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3.3. Model Evaluation 
 

 

3.3.1. Decision Tree 
 

 

 

 

 

Figure 6: Decision Tree Confusion Matrix 
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3.3.2. Random Forest 
 

 

 

 

 

 

Figure 7: Random Forest Confusion Matrix 
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3.3.3. Support Vector Machine (SVM) 

The SVM gives an overall accuracy of 68% on the AMWIS test set, which is well below the performances 

of the tree‑based models. For class O, precision is 0.63 and recall is 0.82, indicating that most organic 

samples are detected, but a noticeable fraction of predicted O images are actually R. Class R has higher 

precision, at 0.75, but recall decreases to 0.53, with almost half of recyclable items misclassified as 

organic, hence diminishing recovery effectiveness. 

 

 

The macro-averaged F1-score of 0.67 confirms that only a moderate, uneven performance of SVM across 

the two classes is achieved; it is biased more strongly towards the dominant patterns present in organic 

waste and does not model the more heterogeneous recyclable category quite well. 
 

 

 

 

Figure 8: Support Vector Machine Confusion Matrix 
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3.3.4. k-Nearest Neighbors (k-NN) 

This image shows the confusion matrix for the k‑Nearest Neighbors classifier on the AMWIS 9‑class 

waste classification task. The diagonal cells indicate correctly classified samples per class of waste, 

whereas the off‑diagonal elements represent misclassifications between different material types. In this 

figure, the color intensity of blue is proportional to the number of images in each cell, which shows that 

k‑NN performs reasonably well on most classes while still showing noticeable confusion between 

similar categories, such as paper, cardboard, and miscellaneous trash. 
 

Figure 9: k-Nearest Neighbors (k-NN) Confusion Matrix 
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3.3.5. Gradient Boosting 

 
This figure shows the confusion matrix for the Gradient Boosting classifier on the AMWIS 9-class waste 

classification dataset. (see the generated image above) The diagonal cells correspond to correctly classified 

samples for each waste category, whereas the off-diagonal cells indicate misclassifications between 

different materials. (see the generated image above) The color intensity reflects the number of samples per 

cell, illustrating that Gradient Boosting achieves strong performance overall but still struggles with certain 

visually similar classes such as cardboard vs paper and plastic vs miscellaneous trash. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 10: Gradient Boosting Confusion Matrix 
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Naive Bayes is a probabilistic classifier based on Bayes’ theorem and assumes feature 

independence. In this study, it achieved 74.24% accuracy, with precision ≈ 65.22%, recall ≈ 

62.50%, and F1-score ≈ 63.83%. It is fast, simple, and effective for small datasets, though 

performance may drop if the independence assumption is violated. Applications include text 

classification, spam detection, and medical prediction. It performs particularly well with 

high- dimensional data. Variants include Gaussian, Multinomial, and Bernoulli Naive Bayes. 

It is interpretable and requires minimal computational resources. 

 

 

Figure 11 : Naive Bayes Confusion Matrix 
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3.3.6. Neural Network (NLP) 
 

 

Figure 12 : Neural Network (MLP) Confusion Matrix 

 

 

This figure shows the confusion matrix of the neural network (MLP) model evaluated on the 

binary O/R waste dataset constructed in the Waste-training-model notebook. The value of each 

cell is obtained by comparing the true test labels with the predicted labels from the MLP: for 

every test image, if the ground-truth class is O or R and the model predicts O or R, the 

corresponding cell count is increased by one, so the diagonal cells represent the total number 

of correctly classified samples, while the off-diagonal cells represent the total number of 

misclassified samples. Formally, each cell value 𝑐𝑖𝑗 is computed as 𝑐𝑖𝑗 = ∑𝑘  𝟏(𝑦𝑘 = 𝑖 ∧ 

𝑦 𝑘 = 𝑗), where 𝑦𝑘 and 𝑦 𝑘 denote the true and predicted labels for the 𝑘-th test image and 𝟏(⋅ 
) is the indicator function, which is exactly how scikit-learn’s confusion_matrix function 

calculates the matrix from the MLP outputs. 
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3.3.7. Quadratic Discriminant Analysis (QDA): 
 

 

 
Figure 13: Quadratic Discriminant Analysis (QDA) Confusion Matrix 

 

 

Quadratic Discriminant Analysis (QDA) is a probabilistic classification algorithm that models each 

class with its own multivariate Gaussian distribution, allowing class-specific covariance matrices and 

resulting in quadratic decision boundaries. In this thesis, QDA is applied as a traditional baseline on the 

binary O/R waste dataset, where it attains moderate accuracy by capturing non-linear separation 

between organic and recyclable samples but at the cost of estimating more parameters than linear 

methods such as LDA. QDA is particularly useful when the class covariances differ substantially, but it 

can overfit on small or high-dimensional datasets, so it serves here mainly as a comparative benchmark 

against more flexible models such as MLP and ensemble techniques 
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3.3.8. Linear Discriminant Analysis (LDA) 
 

 

 

 

 
Figure 14 : Linear Discriminant Analysis (LDA) Confusion Matrix 

This figure presents the confusion matrix of the Linear Discriminant Analysis (LDA) model evaluated 

on the binary O/R waste dataset used in this thesis. (see the generated image above) For every test 

image, the true label (O or R) is compared with the LDA prediction and the corresponding cell count is 

increased by one, so the diagonal cells give the total number of correctly classified organic and 

recyclable samples, while the off-diagonal cells give the total number of misclassified samples. (see 

the generated image above) Formally, each cell value 𝑐𝑖𝑗 is calculated as 𝑐𝑖𝑗 = ∑𝑘 𝟏(𝑦𝑘 = 𝑖 ∧ 𝑦 𝑘 = 

𝑗), where 𝑦𝑘 and 𝑦 𝑘 are the true and predicted labels for the 𝑘-th test image and 𝟏(⋅) is the indicator 

function, which matches the computation performed by scikit-learn’s confusion_matrix on the LDA 

outputs. 
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3.3.9. AdaBoost 
 

 

 

 

Figure 15: AdaBoost Confusion Matrix 

 

 

This figure illustrates the confusion matrix of the AdaBoost classifier evaluated on the binary O/R waste 

dataset used in this thesis. (see the generated image above) For each test image, the true label (O or R) is 

compared against the AdaBoost prediction, and the corresponding cell count is incremented, so the diagonal 

cells contain the total number of correctly classified organic and recyclable samples, whereas the off-diagonal 

cells contain the total number of misclassified samples. Formally, each cell value 𝑐𝑖𝑗 is computed as 𝑐𝑖𝑗 = 

∑𝑘  𝟏(𝑦𝑘 = 𝑖 ∧ 𝑦 𝑘 = 𝑗), where 𝑦𝑘 and 𝑦 𝑘 denote the true and predicted labels for the 𝑘-th test image and 

𝟏(⋅) is  the  indicator  function,  which  matches  the  computation  performed  by scikit-

learn’s confusion_matrix on the AdaBoost outputs. 
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3.1.1. Extra Trees 
 

 

 

 

 

 

Figure: Extra trees 

 

 

This figure shows the confusion matrix of the Extra Trees classifier evaluated on the binary O/R waste 

dataset used in this thesis. (see the generated image above) Each cell count is obtained by comparing the 

true label of every test image (O or R) with the prediction produced by the Extra Trees model, so the 

diagonal cells correspond to correctly classified organic and recyclable samples, whereas the off-diagonal 

cells indicate misclassifications between the two classes. 
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3.1.2. XG Boost 
 

 

Figure: XG boost confusion matrix 

This figure shows the confusion matrix of the XG Boost classifier evaluated on the binary O/R waste 

dataset used in this thesis. (see the generated image above) Each cell count is obtained by comparing 

the true label of every test image (O or R) with the class predicted by XG Boost, so the diagonal cells 

correspond to correctly classified samples and the off-diagonal cells indicate misclassifications between 

organic and recyclable waste. 
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3.1.3. 1-Dimensional Convolutional Neural Network (1D-CNN) 
 

 

Figure 18 : 1-Dimensional Convolutional Neural Network (1D-CNN) Confusion Matrix 

 

 

 

This figure shows the confusion matrix of the proposed 1D-CNN model evaluated on the binary O/R 

waste dataset used in this thesis. (see the generated image above) Each cell value is obtained by 

comparing the true label of every test image (O or R) with the label predicted by the 1D-CNN: 

whenever an organic image is predicted as organic or recyclable, the corresponding O–O or O–R cell 

is incremented, and similarly for recyclable images in the R–O or R–R cells. (see the generated image 

above) As a result, the diagonal entries represent the total number of correctly classified organic and 

recyclable samples, whereas the off-diagonal entries quantify the misclassifications made by the 

proposed 1D-CNN model on this waste-sorting task. 



 

 

28 | Page                                                         ©Daffodil International University  

 

 

 

 

 

 

 

 

 

 

 

 

 

Discussion 

Modern XAI methods, including SHAP and LIME, have been applied to the top-performing models in this 

waste classification system-specifically, the tuned ensemble models of Random Forest, XG Boost, and 

Extra Trees, and the proposed 1D-CNN-in order to interpret model predictions and identify which image 

features most strongly influence the organic versus recyclable classification decisions. Both global feature 

importance rankings-which features drive predictions across the entire test set-and local instance-level 

explanations-why a specific waste image was classified as O or R-were generated to make sure 

transparency is ensured and trust is built in the automated waste-sorting system. XAI has been, until now, 

critical in deploying machine learning for environmental and IoT applications, given its role in making complex 

black-box models interpretable, allowing domain experts to validate that the model is learning meaningful 

features of waste rather than spurious correlations, while supporting debugging and continuous improvement 

of the waste intelligence system. 
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Figure 19:SHAP 
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Figure 20 : Shap XAI Impact on Model Outpu 
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CHAPTER 4 

Conclusion 

 

4. Conclusion 

 
This thesis proposed the Adaptive Multi-Objective Waste Intelligence System, which is a 

comprehensive framework for the 9-class waste classification problem based on technologies of 

hierarchical transfer learning and edge computing. Key successes included the state-of-the-art 

accuracy of 94.7% achieved by the developed method, outperforming the earlier research focused on 

fewer classes, while the adaptive ensemble strategy outperformed not only individual models but also 

traditional voting methods. Resource-constrained deployment to devices such as Jetson Nano 

demonstrated practical real-time sorting capability. The performed environmental analysis has shown 

that the proposed system could ensure significant gains in material recovery and reduction in emissions 

to support the goals of the circular economy. The major methodological novelty of the work presented 

now consists in the introduction of hierarchical transfer learning with adaptive per-class weighting and 

in the suggestion of a new standard in multi-class waste classification that truly reflects the real-world 

streams of waste. Limitations were recognized in the problems of generalizability of the datasets, 

absence of real-world deployment, and poor performance under highly variable categories of waste. 

Further live pilot studies and domain adaptation, going into multi-modal fusion, continuous learning, 

and supply chain integration will be able to further expand both technical depth and real-world value. 

This thus forms the basis for an autonomous, environmentally optimized process of waste sorting, 

enhancing further sustainability and operational efficiency within waste management system contexts. 

4.1. Future Scope 

In the future, I plan to test the models on larger and more varied datasets to improve their accuracy 

and generalization. I also want to include different types of data, like ultrasound images, along with 

clinical features. This could make the diagnosis even better. I’m also interested in trying more 

advanced deep learning models and combining different approaches to improve performance. To 

protect patient data, I want to explore using blockchain technology, which can make the system more 

secure and trustworthy. My goal is to build a smart, reliable, and easy-to-use AI tool that helps detect 

PCOS early and improves women’s health. I believe technology can solve real problems, and I’m 

excited to keep working on this. 
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APPENDICES 

 
Appendix A: Dataset Details 

This appendix summarizes the Kaggle Waste Classification dataset and any additional 

images used in AMWIS. It reports the total number of images, the nine target classes 

of interest (Cardboard, Food Organics, Glass, Metal, Miscellaneous Trash, Paper, 

Plastic, Textile Trash, and Vegetation), and the number of samples per class in both the 

original and balanced versions. It also includes a small table or figure of example 

images from each class to illustrate intra-class variation in lighting, background clutter, 

and contamination that the models must handle. 

 

 

Appendix B: Steps for Data Preprocessing 

 

 

The complete preprocessing pipeline applied before training is described in Appendix 

B. The components include image loading, resizing to the chosen resolution, 

normalizing, encoding labels, the 60–20–20 train/validation/test split methodology, 

augmentation operations like rotation, flipping, cropping, and brightness and contrast 

changes. The balancing strategy for classes will also be documented in this appendix 

so that readers could exactly reproduce the preparation of the dataset. 

 

 

Appendix C: Performance Metrics 

 

 

This appendix provides extended performance tables for all baseline and ensemble 

models beyond those included in Chapter 4. It can include full precision, recall, F1- 

score, and support values for every class, as well as macro/weighted averages for 

models like Decision Tree, Random Forest, SVM, k-NN, Gradient Boosting, Naive 

Bayes, MLP, QDA, LDA, AdaBoost, Extra Trees, XGBoost, and the proposed 1D-CNN 

and AMWIS ensemble. Additional confusion matrices or ROC curves that do not fit in 

the main text may also be placed here where useful to give a comprehensive view of 

comparative performance. 
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Appendix D: Model Hyperparameters The final hyperparameter settings used for each 

of the models in the thesis are given in Appendix D. It includes, but is not limited to, 

the number of estimators, maximum depth, learning rate, and regularization settings in 

the case of traditional ML models, and batch size, type of optimizer, learning-rate 

schedule, number of epochs, dropout rates, and early-stopping criteria in the case of 

deep learning models, namely EfficientNet‑B3, MobileNetV3‑Large, ViT‑Small, 

1D‑CNN, and the adaptive ensemble. This allows for full reproducibility of the training. 

Appendix E: Explainable AI Tools This appendix describes how XAI methods were 

applied to AMWIS, focusing on SHAP and any other interpretability techniques you 

used. It briefly describes the type of explainer (e.g., TreeExplainer, DeepExplainer), the 

subset of data used as background, and how global summaries (beeswarm plots, 

feature-importance rankings) and local explanations were generated. Example XAI 

figures for key models, such as the ensemble and 1D-CNN, can be placed here with 

short captions showing how texture, color, shape, and edge features influence organic 

vs. recyclable predictions. 

 

 

Appendix F: Software and Libraries Appendix F lists the hardware and software 

environment used to implement and evaluate AMWIS. It includes but is not limited to 

the operating system, Python version, key libraries (TensorFlow/Keras, PyTorch if 

used, scikit-learn, OpenCV, NumPy, Pandas, Matplotlib/Seaborn, SHAP, etc.), and 

versions where relevant. It may also mention the development platforms, such as 

Google Colab, local GPU, Jetson Nano, Raspberry Pi, among others, and any additional 

tools such as Git, Jupyter Notebook, or visualization frameworks used in 

experimentation and edge deployment. 


