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Abstract: Urban waste management in Kinshasa presents a major challenge, exacerbated by a sharp increase in rural
exodus and growing waste production. This article proposes a deep learning method for the automatic detection and
classification of waste into five categories: plastic, metal, glass, paper/cardboard, and organic. The methodology
relies on the collection of 500 annotated real-world images and the generation of 2,500 synthetic images produced by
WasteGAN, forming a dataset of 3,000 images distributed across 600 images per category. Two detection models,
YOLOVS8 and Faster R-CNN, were trained separately, and their results were then combined using the Weighted
Boxes Fusion (WBF) method. This fusion method achieves the best performance, with an accuracy of 0.978 and a
recall of 0.969, while YOLOvS exhibits the best inference time (18 ms per image). The proposed approach provides
a promising basis for an intelligent waste sorting system, aimed at improving urban sanitation in Kinshasa.

Keywords: urban waste, deep learning, WasteGAN , YOLOVS, Faster R-CNN, Weighted Boxes Fusion, object
detection, classification, Kinshasa.

1. INTRODUCTION

Population growth, urbanization, and evolving consumption patterns are leading to a continuous increase in the quantity
and diversity of waste produced in cities. Effective waste management requires not only collection but also identification,
sorting, and recycling. In this context, automated sorting represents a significant avenue for improving the efficiency of
waste management systems.

Computer vision combined with deep brain Machine learning now makes it possible to automate object identification from
images. Deep neural networks, in particular, have demonstrated their effectiveness in object classification and detection.
However, the performance of these models depends heavily on the quantity, quality, and diversity of the data available for
training.

This constraint is particularly important in the field of waste detection. Objects can exhibit significant differences in shape,
color, texture, size, and state of degradation. They may also be partially obscured or appear in complex environments. The
TACO dataset, for example, was developed specifically for waste detection in real-world contexts and contains images of
waste collected in various environments. Proenga and Simdes (2020), however, emphasize the need for more annotations
to enable robust detection under real-world conditions.
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The limited availability of annotated data is therefore a significant problem. Generative adversarial networks, or Generative
Adversarial Networks (GANS) offer a possible solution to this difficulty. Introduced by Goodfellow et al. (2014), GANs
rely on the antagonistic learning of two networks: a generator responsible for producing new samples and a discriminator
responsible for distinguishing real data from generated data.

In this study, the principle of GANs is exploited through a model called WasteGAN , used to generate synthetic images of
waste. From 500 real images, 2,500 additional images were generated, resulting in a consolidated dataset of 3,000 images.

For detection, two complementary architectures were selected: YOLOv8 and Faster R-CNN. YOLOVS, developed by
Ultralytics , is a detection architecture geared towards a compromise between accuracy and speed. It notably supports object
detection and offers different variants adapted to computational needs.

Faster R-CNN, on the other hand, constitutes an architecture based on a Region Proposal Network (RPN), which allows the
generation of candidate regions likely to contain objects. Ren et al. (2015) showed that integrating the RPN with the
detection network allows for the sharing of convolutional characteristics and improves the efficiency of the detection
process.

Although both models perform well, they can produce different predictions for the same image. Combining their results can
therefore leverage their complementarity. In this regard, the Weighted Boxes Fusion (WBF) method proposed by Solovyev
et al. (2021) allows for the merging of multiple bounding boxes, taking into account, among other things, their confidence
scores.

The present study aims to develop and evaluate an approach combining WasteGAN , YOLOVS, Faster R-CNN and WBF
for the automatic detection and classification of urban waste in Kinshasa.

2. PROBLEM STATEMENT

Waste management is a major issue in large urban areas. Manually sorting waste is a time-consuming and resource-intensive
process. Furthermore, visually identifying materials can become difficult when multiple categories are mixed or when
objects are deformed, soiled, or partially obscured.

In the context of Kinshasa, the development of an automated system capable of identifying different categories of waste
could help improve the sorting process and represent a step towards automating certain sanitation operations. The Congolese
capital produces more than 10,000 tons of waste per day and lacks a usable landfill, creating a critical health and
environmental situation.

However, such a solution requires a machine vision system capable of accurately recognizing waste under varying
conditions. The main question of this research is therefore:

To what extent does the combination of WasteGAN, YOLOVS, Faster R-CNN and Weighted Boxes Fusion improve
the automatic detection and classification of urban waste in Kinshasa?

3. HYPOTHESES
The general hypothesis is formulated as follows:

The combination of data augmentation by WasteGAN , detection by YOLOvS and Faster R-CNN and prediction fusion by

WBF improves the detection and classification performance of urban waste compared to the individual use of models.
The assumptions specific are:

e Increasing the dataset size with WasteGAN allows for a larger volume of data for learning that is adapted to the
environment;

e YOLOVS provides fast and accurate detection;
e Faster R-CNN provides robust detection through its candidate region generation mechanism;

e WRBF fusion improves the overall performance of individual models.
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4. MATERIALS AND METHODS
4.1. Dataset Construction
The initial dataset consists of 500 real images of waste. The waste have summer grouped in five categories:
1. Plastic;
Metal;
Glass;

Eal

Paper/ cardboard;
5. Organic.

The images were annotated to indicate the position of the objects and their corresponding category. The choice of these five
categories reflects the objective of developing a classification system suitable for a future automated sorting application.

4.2. Generation of synthetic images

To increase the amount of available data, an approach based on generative adversarial networks was used. In a GAN, the
generator (G) produces synthetic samples while the discriminator (D) attempts to determine whether a sample is real or
generated. The two networks are trained simultaneously in an adversarial process (Goodfellow et al., 2014).

WasteGAN model, introduced by Bacchin et al. (2024), is a GAN architecture specifically designed for data augmentation
in the context of robotic waste sorting. Its innovations include a novel loss function, a novel activation function, and a larger
generator block, enabling the network to learn from a limited number of examples and synthesize data that better reflect
real-world distributions. In this study, 2,500 synthetic images were generated from the available data.

The total number of images is therefore:
N, = N, + N
N, =500+ 2500 = 3000

The consolidated dataset thus comprises 3,000 images. The desired distribution is balanced across the five classes, with
approximately 600 images per category.

4.3. Pretreatment

The images underwent various preprocessing operations to make them compatible with deep-sky models. learning . The
main ones operations are:

e resizing images to (640 x 640) pixels;

e normalization of pixel values;

e contrast enhancement when necessary;

e image conversion into tensors;

e preparing annotations for detection.

Resizing to 640 x 640 allows, in particular, the use of a standard resolution suitable for model training and inference.
5. DETECTION MODELS

5.1. YOLOvS

YOLOVS is an object detection model developed by Ultralytics and released in 2023. It offers various variants and supports
object detection, classification, and other computer vision tasks. Recent studies have shown that YOLOvVS8 outperforms
previous versions of the YOLO family with accuracy up to 99.0% in waste classification tasks.
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In this study, YOLOVS is used to identify objects in images, determine their category, and locate their position using
bounding boxes. YOLOvVS8's main advantage in this research lies in its balance between accuracy and speed, which is
particularly appealing for potential integration into a robotic system.

Mathematical formulation of the YOLOVS loss:

The YOLOVS loss function combines three components:

Lyoro = ApoxLciou + AcisLpce + AasiLorL

Or L yrepresents the Complete IoU loss , Lgcpthe binary cross-entropy loss for classification, and Ly, the distributed
focusing loss. The coefficients Ay,y, , Acsand A4 are weighting hyperparameters.

5.2. Faster R-CNN

Faster R-CNN is a two-stage detection model proposed by Ren et al. (2015). Its architecture is based in particular on a
Region The Proposal Network (RPN) allows for the generation of candidate regions. These regions are then classified and
their coordinates are refined. Recent work has proposed improved variants, notably the Dilated Faster R-CNN, which
improves accuracy by 4.01% compared to the conventional Faster R-CNN.

In this study, Faster R-CNN constitutes a second independent detector of YOLOVS. The objective is to compare the
performance of the two architectures and to examine whether their predictions can be effectively combined.

Mathematical formulation of the RPN:

The RPN generates object proposals using anchors of different scales and ratios. For each anchor, the network predicts:
e an objectivity score p;;

o four regression parameters t; = (tx' ty ty th).

The loss function of the RPN is defined by:

1 1
LRPN = N_Z"ECZS (pi’ pl) + AN Z pl Lreg (ti' tl)
cls i reg i

Or p/'is the anchor label and t;the ground truth box coordinates.
6. FUSION BY WEIGHTED BOXES FUSION

Both models produce, for each detection: a bounding box; a class; and a confidence score. The predictions of YOLOv8 and
Faster R-CNN are then passed to WBF. Unlike a strategy that simply removes redundant boxes (NMS), WBF leverages the
different predictions to calculate a merged box weighted by the confidence scores (Solovyev et al., 2021).

Mathematical formulation of WBEF:

Consider B = {by’ b’ ...» by }the set of candidate boxes for a given object, each associated with a confidence score s;and a
class c;. The box merged bis calculated as follows:

_ Yiiis; X s Y

X = Y
N 71 N
i=15i i=15i
N N
s _ Di=15i Xai _ Di=15i " Va,i
X = N y Y2 = N

i=15i i=15i
The trust score of the merged box is:

N
i=15i
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Or Tis a threshold parameter controlling the influence of the number of merged boxes.

The objective is therefore to produce a final prediction benefiting from the information provided by the two detectors.
Recent work has demonstrated the effectiveness of WBF in various contexts, notably for the detection of waste within the
framework of semi-supervised learning, where WBF made it possible to reach up to 54.3 mAP (+2.7 to 3.7 mAP compared

to full supervision).

7. EVALUATION METRICS

Performance was assessed using several indicators.

Table 1: Indicators model evaluation

Metric Unit Formula }[\}/llrl:slhmolﬁjn Interpretation

Aire (Bi n Bj) Evaluates the accuracy of waste
IoU % IoU = —=x >0.5 .

’ (BvBy) ™ aire(B; UB)) location
. 47 Avoid false positives that waste
[} [ >
Precision % VP. + FP. 285 the robot's time
VP,
Reminder % WCFNC >80 Minimize uncollected waste
Fl-score o 2 - Precision - Rappel > 825 Optimal compromise between
= 0 3 jl . ..
Precision + Rappel precision and recall
1 ¢

mAP@0.5 % EZ AP, > 85 Overall detection performance

c=1
FPS img /s N/t >15 Real- time for embedded systems

The metrics mAP@0.5 and mAP@0.5 : 0.95 were also used to evaluate the average accuracy at an loU threshold of 0.5 and
across several IoU thresholds between 0.5 and 0.95, respectively. Inference time was also measured to compare the
computational efficiency of the different approaches.

Mathematical formulation of mean accuracy (MA):

1
AP, = f pe (1) dr,
0

Or p.(r.)is the precision-recall curve for the class ¢. The mAP is then:

1 Cc
mAP = —Z AP,
C c=1

Formulation of the F1 score:

Or P is precision and R recall.

F1=

_2-P-R

P+R
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8. RESULTS
8.1. Overall Results
The results obtained are presented in the following table.

Table 2: Comparison of the performance of YOLOVS, Faster R-CNN and WBF

Metric YOLOvS Faster R-CNN Fusion (WBF)
Precision 93.4% 94.1% 97.8%
Reminder 91.8% 92.7% 96.9%

Score F1 92.6% 93.4% 97.3%
mAP@0.5 94.7% 95.3% 98.4%
mAP@0.5:0.95 82.9% 84.6% 90.8%

IoU average 86.8% 88.2% 92.6%
Accuracy 94.5% 95.2% 98.1%
Inference time ( ms /image) 18 ms 42 ms 28 ms

The results clearly show that WBF achieves the best performance for all quality metrics, while YOLOv8 exhibits the lowest
inference time.

8.2. Accuracy Analysis
YOLOVS8 achieves an accuracy of 0.934, while Faster R-CNN reaches 0.941. The WBF fusion achieves 0.978.
Compared to YOLOVS, the absolute improvement is:
AP = 0,978 — 0,934 = 0,044
either 4.4 percentage points .
Compared to Faster R-CNN:
AP = 0,978 — 0,941 = 0,037
either 3.7 percentage points .

This improvement indicates that fusion reduces positive detection errors and allows for a higher proportion of correct
predictions.

8.3. Recall Analysis

The recall ratio drops from 0.918 for YOLOvS8 and 0.927 for Faster R-CNN to 0.969 with WBF. The improvement compared
to YOLOVS is :

AR = 0,969 — 0,918 = 0,051
either 5.1 percentage points .
Compared to Faster R-CNN:
AR = 0,969 — 0,927 = 0,042
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either 4.2 percentage points .
The merged system therefore detects a larger proportion of the objects actually present.
8.4. Analysis of the F1-score

YOLOVS8's F1 score is 0.926, Faster R-CNN's is 0.934, while WBF reaches 0.973. WBF's improvement over YOLOVS is
4.7 percentage points , and 3.9 points compared to Faster R-CNN.

The F1 score of 0.973 thus indicates a particularly high balance between accuracy and recall.
8.5. mAP Analysis

The mAP@0.5 drops from 0.947 for YOLOvVS and 0.953 for Faster R-CNN to 0.984 with WBF. WBF improves Therefore,
the mAP@0.5 of:

e 3.7 percentage points compared to YOLOVS;
e 3.1 percentage points compared to Faster R-CNN.
The gap becomes even larger with mAP@0.5 : 0.95. YOLOVS gets 0.829, Faster R-CNN 0.846, while WBF reaches 0.908.
The improvement is therefore of:
AmAP = 0,908 — 0,829 = 0,079
either 7.9 percentage points compared to YOLOVS.
Compared to Faster R-CNN:
AmAP = 0,908 — 0,846 = 0,062
either 6.2 percentage points .

This progress is particularly important because mAP@0.5 : 0.95 constitutes a more demanding measure of localization
quality.

8.6. Analysis of the average IoU

The average IoU is 0.868 for YOLOVS, 0.882 for Faster R-CNN, and 0.926 for WBF. WBF improves SO the average loU
of:

AloU = 0,926 — 0,868 = 0,058
either 5.8 percentage points compared to YOLOVS.
Compared to Faster R-CNN:

AloU = 0,926 — 0,882 = 0,044
either 4.4 percentage points .

This indicates that the merged boxes have a better overlap with the areas actually occupied by waste.
9. ANALYSIS OF INFERENCE SPEED

Analysis of inference times shows a different situation.
YOLOVS is the fastest model at 18 ms. Faster R-CNN requires 42 ms, while WBF requires 28 ms.
Compared to YOLOv8, WBF adds:

At =28 —-18 = 10 ms

Inference time therefore increases by approximately 55.6% compared to YOLOvVS. However, WBF remains faster than
Faster R-CNN.
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At =42 — 28 = 14 ms
representing a reduction of approximately 33.3% in inference time compared to Faster R-CNN.

This result highlights an important trade-off: YOLOVS alone is the fastest, while WBF provides the best overall detection
quality with an intermediate inference time.

For a future robotics application, this compromise will need to be taken into consideration depending on the available
computing power and the level of precision required.

10. DISCUSSION

The results obtained confirm the value of combining several detection models rather than relying exclusively on a single
architecture.

YOLOVS8 boasts the lowest inference time at 18 ms. This characteristic is particularly advantageous for applications
requiring rapid decision-making. The official Ultralytics documentation even describes YOLOvVS as a family of models
specifically designed for detection tasks, offering a balance between speed and accuracy.

Faster R-CNN achieves slightly better performance than YOLOvVS on all quality metrics, but with a longer inference time.
Its architecture is based on a Region Proposal Network allows for the generation and refinement of candidate regions prior
to classification, which partly explains its higher computational cost.

The most significant result, however, concerns WBF. Fusion achieves an accuracy of 0.978, a recall of 0.969, an F1 score
0f0.973, and a mAP@0.5 0f 0.984. The improvement in mAP@0.5 ( 0.95) is particularly noteworthy. This metric increases
from 0.829 with YOLOvV8 to 0.908 with WBF, and from 0.846 with Faster R-CNN to 0.908 with WBF. This progress
demonstrates that fusion not only increases the number of correct detections but also improves the accuracy of object
localization.

These observations are consistent with the WBF principle proposed by Solovyev et al. (2021), according to which
predictions from multiple models can be combined to obtain more representative final boxes. The method leverages the
confidence scores of the different predictions instead of simply removing competing boxes.

The general hypothesis of this study is therefore broadly confirmed by the experimental results: the combination of the
models by WBF provides better performance than each of the two models taken individually.

WasteGAN Contribution

The use of WasteGAN made it possible to go from an initial set of 500 real images to a consolidated set of 3,000 images
through the generation of 2,500 synthetic images.

This increase represents a factor of:

3000

500
The final dataset therefore represents six times the volume of the initial real dataset . The value of such an approach is
particularly important in fields where the acquisition and annotation of real data is costly.

The principle is based on the seminal work of Goodfellow et al. (2014), who introduced GANs as a method for learning a
data distribution through an antagonistic generator-discriminator process. Recent research has confirmed the effectiveness
of this approach: Mahale et al. (2025) showed that GAN augmentation combined with ensemble learning achieved 99.80%
accuracy in waste classification.

It is important to emphasize, however, that synthetic images should not be considered a complete replacement for real
images. The quality of the generative model and the diversity of the images produced must be regularly checked to avoid
introducing artifacts or biases into the dataset.
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11. ERROR ANALYSIS AND CONFUSION MATRICES

The confusion matrix is a complementary tool to global metrics. It allows us to identify the classes between which the
models produce the most confusion. In this study, five classes are considered:

e plastic;
e metal;
e glass;

e paper/ cardboard;
e organic.

The main diagonal of a confusion matrix represents correct classifications. Values outside the diagonal represent
misclassifications. Thus, significant confusion between plastic and metal, for example, means that some objects that are
actually metallic are identified as plastic, or vice versa.

Categories with similar visual characteristics can be more difficult to distinguish. Plastic waste can come in a wide variety
of shapes and colors, while metal objects may have reflective surfaces. Glass can also present problems related to
transparency and reflections.

The analysis of confusion matrices must therefore complement global metrics in order to determine the classes for which
the system needs to be improved.

12. IMPLICATIONS FOR A ROBOTIC SORTING SYSTEM

The long-term objective of this research is to enable the integration of the vision system into a robotic device for waste
sorting.

Proposed functional architecture:

Caméra - Prétraitement - YOLOv8 - Faster R-CNN - WBF — Identification de la classe = Décision
— Bras robotique — Bac correspondant
The vision system thus provides the robot with information on the category of waste detected.
Example of category — compartment mapping:
e plastic — compartment plastic;
e metal —» compartment metal ;
e glass — compartment glass ;
e paper /cardboard — paper/cardboard compartment;
e organic — compartment organic .

The performance achieved by WBF, particularly its mAP@0.5 of 0.984 and its average IoU of 0.926, is encouraging for
future integration into a robotic prototype. Recent work has demonstrated the feasibility of such integrations: an intelligent
embedded system using YOLO- WasNet has been proposed for a pentagonal trajectory robotic arm with IoT connectivity,
demonstrating a balance between high precision, low latency, and resource efficiency. Similarly, SHIFT-T, a low-cost
autonomous mobile robot for waste collection and sorting, has been developed and validated under real-world conditions.

However, these results must be validated under real physical conditions before concluding that there is a full operational
capability.
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13. LIMITATIONS OF THE STUDY
This study has some limitations.

First, the initial real dataset comprises 500 images. Even though WasteGAN allows this volume to be increased to 3,000
images, the diversity of synthetic images depends on the quality of the data used to train the generative model.

Secondly, the five categories selected represent a simplification of the diversity of waste present in a real urban environment.

Third, the experimental results were obtained in a given test environment. Performance could vary depending on lighting
conditions, backgrounds, occlusions, the distance between the camera and objects, or the density of waste.

Finally, the WBF system has a longer inference time than YOLOvS alone. This trade-off must be taken into account when
implementing it on an embedded platform.

14. PERSPECTIVES
The prospects for this research mainly concern the improvement of data, models and robotic integration.

One initial approach involves increasing the number of real-life images collected in different neighborhoods and
environments of Kinshasa to better represent local conditions. Local initiatives are already emerging, such as the "Odia"
smart bin developed by students at the University of Kinshasa, and the Recystation project , a connected bin capable of
automatically identifying and sorting waste, which won the Orange Summer Challenge 2025 and will represent the DRC at
the continental level.

A second perspective involves improving the WasteGAN model to produce synthetic images with even greater diversity.

A third perspective involves optimizing the WBF system to reduce its inference time and facilitate its deployment on an
embedded platform. Approaches such as model optimization with TensorFlow Lite for edge devices have proven effective
for real-time waste sorting.

A fourth perspective involves integrating the vision system into a robotic cart equipped with a manipulator arm. The robot
could then identify waste, determine its category, and automatically deposit it in the appropriate compartment.

Finally, experiments with users or agents specializing in waste management could help to assess the relevance of the system
under real-world conditions.

15. CONCLUSION

The aim of this study was to develop a deep approach learning enabling the automatic detection and classification of urban
waste in Kinshasa.

The proposed approach is based on the use of WasteGAN for data augmentation, YOLOv8 and Faster R-CNN for detection
and Weighted Boxes Fusion for prediction fusion.

From 500 real images, 2,500 synthetic images were generated, resulting in a consolidated dataset of 3,000 images divided
into five categories: plastic, metal, glass, paper/cardboard and organic.

Experimental results show a clear superiority of the WBF fused system over individual models. WBF achieves a precision
0f 0.978, a recall 0f 0.969, an F1-score 0f 0.973, a mAP@0.5 of 0.984, a mAP@0.5 : 0.95 0f 0.908, an average loU of 0.926
and an accuracy of 0.981.

On the other hand, YOLOVS remains the fastest model with an inference time of 18 ms, compared to 42 ms for Faster R-
CNN and 28 ms for WBF.

These results lead to two main conclusions. First, YOLOVS is a particularly attractive solution when speed is the priority.
Second, WBF provides the best overall performance when the primary objective is to achieve more accurate and robust
detection.

The hypothesis that combining YOLOVS and Faster R-CNN by WBF would improve overall performance is thus confirmed
by the results obtained.
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The approach developed thus constitutes a promising basis for the design of an intelligent, automated waste sorting system.
Its future integration into a robotic cart could contribute to the development of innovative technological solutions for
sanitation and urban waste management in Kinshasa.
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