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ABSTRACT

The YOLOv8n-seg model has been used for Al garbage segmentation from drone images. The focus is on urban
waste monitoring. The model achieved strong results for detection and segment performance with a box
precision of 0.821, a recall of 0.656 and a mask mAP50 of 0.581 on the valid set. This metric reveals the
capability of segmenting and localizing the trash correctly in the complex visual environment. The confusion
matrix showed that the model performed very well in the classification of the background. However, there was
one case where the background was incorrectly categorized as "garbage. This means that we need to further
fine-tune the model so that both these classes are well-separated. Qualitative assessments demonstrated that in
different aerial images, the garbage and other solid wastes were able to be detected with a confident prediction,
although there were some false alarms for vegetation and textured surfaces. The loss, accuracy and recall
measure have increased continually, indicating that the model continues to learn consistently as it is trained
further. Looking at the recall/precision curves, it can also be seen that detection accuracy and completeness
were not scalable when the confidence threshold is set to a higher value, as the highest F1 score value is 0.73
when the threshold is the lowest. Although the model has not yet been used on actual UAVs, it also showed the
potential for real-time segmentation of video simulations, potentially offering integration in intelligent waste
management systems and drone logistics. Future work is recommended that will reduce false positives and
help distinguish background. As a result, the research supports lightweight YOLOv8 segmentation models as
viable contenders for intelligent automated rubbish monitoring activities.
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INTRODUCTION

Rapid urbanization and population growth have created enormous pressures on city infrastructure,
especially in the area of waste management [1]. Cities across the globe are producing an unprecedented
magnitude of solid waste which when inadequately managed or controlled results in intense
environmental degradation, public health havoc, and disruption of the urban aesthetics [2]. Identifying
and reporting waste through manual means by sanitation workers or inspection teams is inefficient and
costly. It lacks accuracy due to its heavy reliance on manual work and becomes difficult in large areas or
sites that are hard to access [3]. In addition, garbage lying on the roads is a health hazard. It clogs the
drains, and affects the biodiversity. Similarly, when garbage is dumped on open land and in open burning
it causes GHG emission [4]. There is a demand for automated, intelligent waste detection systems.
Artificial Intelligence (Al) and UAVs, commonly known as drones, are two contemporary technologies that
could potentially provide binary inputs to these components [5]. Drones provide a more affordable and
versatile platform for taking high-resolution photographs of large urban and rural areas, including those
that are difficult to access such as riverbanks, building construction, roofs and informal settlements [6].
When integrated with Al image processing, particularly for object detection/segmentation algorithms,
drones could be a potent monitoring and surveillance tool for real-time environmental monitoring [7].
Potentialisation of the deep learning techniques such as YOLO (You Only Look Once) opens the new
opportunities for using fully automated technology to detect and classify waste from aerial images taken
by drone vehicles and facilitate more intelligent management of waste that can be derived from this
approach [8].

While Al and drone technology is gaining increased popularity, the space of garbage segmentation using
aerial imagery is under-explored. The most commonly used method for garbage monitoring is using
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imagery from the ground or CCTV feeds. However, traditional object detection approaches are not well
optimized for wide area monitoring. Moreover, they struggle with problems of occlusions, lighting and
dynamic situations [9]. Unlike aerial imagery, which is taken from a bird's-eye view perspective, there are
now concerns with variable altitudes, perspective distortions, smaller objects having lower resolution, and
busy land-scapes [10]. Garbage materials consist of plastic bags, bottles, wrappers, metal debris, organic
waste, etc. The appearance of garbage materials is irregular since they are not tailored, and often partially
hidden over soil and soil with other materials. Therefore, detection of garbage materials is challenging
through low-cost training and conventional object detection techniques [11]. Furthermore, there is a lack
of bespoke datasets with annotated garbage segmentation from aerial drone images. Datasets that are
readily available, such as MS COCO or PASCAL VOC, would not capture the peculiar features of detections
from above waste [12]. Most current segmentation networks, such as U-Net or DeepLabV3, are effective
for pixel-level annotation, but they are heavy, requiring considerable computation and are generally not
suitable for real-time, edge device deployment in drones. Segmentation goes farther than detection
because it concentrates on the specific shape and boundary of the objects. Segmentation is a more difficult
task than detection. This often includes amorphous waste or overlapping materials [13].

Taking into account all these limitations, there is an urgent need for an accurate, efficient, real-time
segmentation system that can be used for aerial drone data. This research endeavors to fill this void by
utilizing the most recent version of the YOLO family, YOLOv8, which supports object detection and
instance segmentation [14]. Due to a unique architecture that balances accuracy with inference speed, an
important quality of YOLO is its ability to embed in UAV systems for smart waste monitoring [15]. The
YOLOv8 has built upon the latest versions of YOLO architecture and incorporated state-of-the-art
development features like anchor-free, advanced backbone like CSPDarknet, and decoupled head
structures which enhance classification and localization performance [16]. YOLOv8 comes with an
exclusive instance segmentation feature that allows pixel level masks which outline the edges of objects as
opposed to detection scenarios which gives just bounding boxes. This is useful in the context of refuse
segmentation, and particularly where refuse does not conform to simple shapes, and is occluded by
surrounding features such as vegetation, rubbish, construction debris or shadows [17].

YOLOv8'’s real-time features and relatively low computational power makes it especially positioned for
use on a drone that has an embedded Al module or an embedded GPU. This facilitates rapid processing of
aerial images for near real-time monitoring and decision-making in waste management [18]. YOLOv8
allows training on your dataset and also data augmentation methods to allow generalizations for
complicated real-world scenarios. The aerial images model will train on diverse lighting conditions,
terrain types and waste compositions to adapt to complex scenarios and still achieve high accuracy in
waste images detection [19]. In this paper, we will develop a YoloV8-based pipeline for garbage
segmentation from drone images using deep learning. In this case, the model will be trained on different
classes of waste like plastics, paper, organic, mixed debris which will give a highly accurate mask for
garbage segmentation [20]. Findings from YOLOv8 will be projected within the GIS or municipal
dashboards for informing on cleaning operations, aiding in route planning for waste collection and
assessing environmental risk zones. This all-in-one solution might change the way cities manage visible
refuse in public places [21].

The goal is to build a machine learning framework to detect and classify refuse in aerial drone images to
develop an aerial waste segmentation framework for aerial drone images using YOLOv8. The purpose of
this article is to present some of the technical and practical considerations in the development of this
system and examine the steps involved in that development [22] . In the process of developing Al for
evaluating environmental condition, aerial imagery is collected and annotated, followed by training the
models with a split of the data into a training and testing set, testing the models, evaluating their
performance, and simulating deployment of the model for actual use. The goal of this study is to assess
YOLOvVS8 for this application as well as develop an extensible methodology that can be used in many
different urban and semi-urban contexts [23]. The paper exhibits systematic and logical consistency. The
next section reviews the literature on drone-based monitoring, Al for waste detection, and segmentation
models in this regard. After the introduction methodology section describes the data acquisition
procedures using UAV; data preprocessing; annotation tools; YOLOv8 training method; evaluation method
[24]. In the results section, the model is compared with different segmentation models that serve as
benchmarks to demonstrate the strengths of the model. Furthermore, the usefulness of the model is
proven by using the general metrics like accuracy, recall, F1 score, Intersection over Union loU. Some
deployment modalities, practicality in the field, smart city platform and wider environmental impacts of
automated waste detection systems are discussed [25]. This research makes a significant contribution to
the field of environmental engineering and artificial intelligence (AI) research since it fills a significant gap
on automated waste detection from aerial platforms. This leads to sustained local democratic decision
making which can be data led, envisions at sustainability and further smarter cities [26].

I. RELATED WORK
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Recent development in computer vision has made tremendous progress in object detection and
segmentation in aerial imagery and garbage management. Numerous studies have employed deep
learning frameworks to automate garbage detection. Zhao et al. (2024) proposed a lightweight drone-
based model utilizing DeepLabv3+ for real-time garbage segmentation in urban areas [27]. Zaaboub
(2023) showed that the use of UAV semantic segmentation with historical data improved the spatial
accuracy of litter mapping in coastal areas [28]. Li and colleagues in 2023 created a hybrid architecture
YOLOv5-CBAM for detecting plastic waste in river and sporadic environments. Chen and Wang created an
approach to dataset augmentation and applied it to drone footage for waste recognition, creating a more
robust neural network [29]. Recent studies by Zeng and others used YOLOv8 for the multi-class waste
classification from high-altitude images which do anchor-free detection and instance segmentation. The
research suggests that companies should also take a step-by-step approach to automation by opting for a
smarter system. Moreover, public drone imagery datasets enable large-scale training and benchmarking
of Al models in the practice of environmental surveillance. Despite making efforts to enhance the depth
and breadth of Al training, achieving high accuracy across reality, such as variable illumination, occlusion
and seasonal change poses challenge for real environment surveillance [30].

The Al-based UAVs have enhanced real time garbage detection along with their segmentation in complex
outdoor environments. Zhao et al. 2023 proposed a multi-scale YOLOv7 framework for aerial drone video
which performed well in cluttered area of landfill [31]. In his work, Chen (2022) advanced UAV-based
garbage monitoring further. He highlighted their shift from YOLOv4 to YOLOv5 with mosaic augmentation
to detect litter scattered in an area with high accuracy [32]. Tamin et al. (2023) conducted an experiment
on a mixed urban-rural dataset that showed that transfer learning on YOLOvS significantly outperformed
YOLOv4 and YOLOV5 in detecting plastic and organic waste [33]. Similarly, Hakani highlighted onboard
inference in real time using YOLOv8-tiny at edge-computing on drone applications for a sequence of
operations which reduces transmission delays in remotely detecting waste [34]. Tang and colleagues
conducted an investigation on hybrid attention-YOLOv8 model that incorporates spatial and context
features to effectively segment occluded objects under varying lighting conditions. The images collectively
indicate that the trend is migrating to advanced Al architectures that recognize objects from multiple
aerial angles. The waste detection pipelines are increasingly taking a liking to YOLOv8 due to its efficiency
for segmentation tasks while being lightweight. Still, apart from examining performance across other
geographies, more work needs to be done on performance in dynamic environmental conditions [35].

lll. MATH

The author has proposed an artificial intelligence-based framework to automatically detect and segment
garbage present in urban areas using the aerial drone images. Traditional waste monitoring techniques
are not sufficient due to the increasing urbanization and waste produced due to various labor, time and
scale restrictions. The use of deep learning on drone images could help address challenges faced in
environmental monitoring tasks. The research was carried out in an organized manner as three parts
which include model choosing, training setup and data collection and preparation. It includes a detailed
description of all parts.

Fig 1. Research Method
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DATASET DESCRIPTION

The segmentation model was hastened with the UAVVaste dataset after completion of the dataset’s
segmentation. Aerial pictures of cities collected with UAVs are available in this dataset. Roadsides, slums,
parks, and open dumping sites were the landscapes. One of the unique features of the UAVVaste datasets
is that it contains various categories of wastes such as plastic bottles, newspaper waste, wrappers, metal
cans and mixed waste which reflects our association of real-world waste accumulation scenarios. The
dataset has almost 2.5 million images that have classification labels for reference. Images of Above were
Collected from Google Image Search. It additionally comprises over 80 million additional images sourced
from the Internet. This full-scale annotation allows the model to be trained for object localization and
pixel-level annotation of waste in cluttered and diverse backgrounds. Popular UAVVaste offers the huge
advantage of real-time conditions. The images have complications related to overlapping objects with
different sizes and in environmental textures characteristic of a real-life operational environment for a
drone garbage monitoring system.

A. Preprocessing Pipeline
In advance, we prepared a pre-training set preparation workflow to standardize and prepare the dataset
for our YOLOv8 segmentation model. The pipeline consisted of the given steps:

e Image Resizing: All images were resized to 640x640 pixels in size. YOLOv8 necessitates this resizing.
It reduces the computational load as all input images are of a similar size thus ensuring improved
stability and performance.

e Annotation Conversion: The original COCO-format annotations were not suitable for YOLOv8’s input
structure for segmentation. A custom python script (json_to_yolo_mask_converter.py) was created to
fill this gap. This script parsed the polygon masks directly from the COCO files and converted them into
YOLO-like segmentation label files. Mask coordinates and class index data are included in each output
file for training YOLOv8n-seg.

e Dataset Structuring: The dataset was divided into subgroups for testing (10%), validation (20%), and
training (70%) respectively. A data.yaml configuration file was created to provide class names,
number of classes, and paths to each dataset subset. The dataset was modified in such a way that it got
integrated directly with the YOLOv8 training engine and automated data handling was done.

By the time we ended with the preprocessing phase, the dataset was ready and clean to be used for
training the model using the segmentation module of the YOLOvS.

B. Phase 2: Model Architecture

Since YOLOv8n-seg is a nano version of YOLOVS, it is useful for edge devices with limited computing
resources, and it performs very fast inference for resource-efficient segmentation of presentations. Thus,
it was chosen for this research to segment garbage from drone images in real time. The architecture of the
model consists of a lightweight backbone that helps in the extraction of low-level and high-level features.
Moreover, it also has a decoupled head with three heads: classification, localization, and segmentation,
which helps detect objects, localization and then finally gives instance segmentation with a mask at a pixel
level. With the multi-task approach garbage can be effectively detected in crowded urban areas. In
addition to this technological aspect, there are several advantages which it brings in practical use from the
perspective of drone where the use of speed and accuracy is essential as in smart cities and provides real-
time detection of garbage.

C. Phase 3: Training Configuration

Using the Ultralytics YOLOv8 Command-Line Interface (CLI) made the training phase of the YOLOv8n-seg
model quick, easy and configurable. The model that was trained was the pre-trained yolov8n-seg.pt model,
which had been trained using the COCO segmentation dataset. The image input size was changed to
640X640p for the job being set to segmentation. Throughout the entire training process of 50 epochs, we
used a batch size of 16 images. The maximum learning took place using the Stochastic Gradient Descent
(SGD) optimizer having a momentum of 0.937 which enhances convergence and update’s reliability in
backpropagation. With respect to an adaptive learning rate, the learning rate was set to 0.01 and was
automatically lowered based on the trends in validation loss. A data augmentation strategy was also
implemented to enhance generalization to different light and environmental conditions that are likely to
differ from standard conditions for drone footage. This involved randomised flip, rotation, and brightness
adjustments.

D. Loss Functions
This training comprised specialized loss functions to enhance the performance of the model. To
accomplish both object classification and segmentation mask prediction for the image segmentation task,
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than the loU based methods. These specialized loss functions are crucial for the YOLOv8n seg model, or
else it does not perform well at all. The image classification algorithm has to accurately detect the very
small and discrete objects representing garbage in complex aerial scenes, to provide accurate localization
and segmentation for drone surveillance.

E. Evaluation Strategy

To evaluate the trained YOLOv8n-seg model, validation and test datasets were used separately. To assess
detection reliability, some performance metrics of interest include Mean Average Precision (mAP) for
class and location classification, Intersection over Union (IoU) for segmentation, and Precision and Recall.
The F1 Score is a measure that shows the combinations of Recall and Correct Classification. The model
was tested on simulated drone videos after training to check real-time performance on drone videos. To
enable the efficient deployment on edge devices, the FPS (Frames Per Second) was recorded during
inference.

All aerial images were derived from publicly available ethical datasets. There were no areas of private or
confidential nature. The end goal of this study is aligned with the sustainable development goals (SDG 11
and SDG 13) to help cities monitor and manage waste autonomously. The municipal corporation can
deploy the proposed model for garbage mapping as well as for smart cities and environmental monitoring.

1. Bounding Box Regression - Complete IoU (CIoU) Loss
CloU Loss is used to optimize the predicted bounding box locations with respect to ground truth boxes.
p? (b, b%)
Loy =1 —IoU+T+aV
Definitions:
o JoU: Intersection over Union (defined below)
e p: Euclidean distance between centers of predicted box and ground truth box
p?(b,b8Y) = (x —x8)% + (y — y&)?
e c:Diagonal length of the smallest enclosing box
CZ = (Vvenclose)2 + (henclose)z

2
vV = z arctan hat arctan h

[ ] a= M
(1-IToU)+v

2. Intersection over Union (IoU)
IoU is the ratio of the overlap between predicted and ground truth boxes to the area of their union.
Aintersection _ |Bp n Bgtl

IoU = =
Aunion |Bp u Bgtl

e  B,: Predicted bounding box
®  Bg: Ground truth box

3. Binary Cross-Entropy (BCE) Loss - for classification & segmentation
Used for classification and segmentation masks in multi-label or pixel-wise classification.

N
1
Locy = =3 ) 191 108@) + (1= y1) - log(1 — 9,)]
i=1

e  y;: Actual label (0 or 1)
e  §;: Predicted probability
e  N: Number of pixels or samples

4. Precision
Measures how many of the predicted garbage segments are actually correct.

Precision = ———
recision TP+ FP

e  TP: True Positives (correct garbage detections)
e  FP: False Positives (incorrect garbage detections)

5. Recall

Measures how many actual garbage objects were detected.

TP
Recall = ——

TD | BN
11

IN
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e  FN: False Negatives (missed garbage)

6.F1 Score

Harmonic mean of precision and recall.
Precision - Recall

F1=2-
Precision + Recall

7. Mean Average Precision (mAP)
Evaluates detection accuracy over all classes and IoU thresholds.

C
1
mAP = EZ AP,
c=1

Where:
e  C: Number of classes
e  AP.: Area under precision-recall curve for class c

8. Confidence Score
YOLO predicts an object’s presence and how well the bounding box fits.
Confidence Score = Pypject * [0Upreq, gt

®  Pyyje: Probability that an object exists
e IoU: Predicted box overlap with ground truth

9. Total YOLOvVS8 Loss Function
YOLOv8 uses multiple heads: objectness, classification, box regression, and segmentation mask.

Ltotal = }\cls ' LBCE_CIS + )\box ' LCIOU + )\obj ’ LBCE_ob]' + )\seg : LBCE_mask
Where:
e A: Weight for each component loss
e Segmentation loss often shares BCE mask loss

10. FPS - Real-Time Inference Efficiency
FPS =

Total Processed Frames

Total Inference Time (in seconds)

11. Segmentation Accuracy (IoU per class)
TPpixelS

TPpixels + l:Ppixels + l:Npixels

IoUgeg =

e TP = correctly predicted pixels
e  FP =falsely predicted as object
o FN = object pixels missed

IV. RESULTS AND DISCUSSION

The experimental evaluation of YOLOv8n-seg model for Al-based trash segmentation from aerial drone
footage produced good results in quantitative and qualitative metrics. The trained model was highly
skilled in recognizing and classifying garbage items in complex urban settings, with box accuracy and
recall scores of 0.821 and 0.656, respectively. The mask mAP50 value of 0.581 indicates that the model is
able to generate accurate segmentation masks even in cluttered scenarios. These results show that this
model can detect objects and segment pixels of different garbage types under different lighting and
occlusion conditions. The output samples underwent visual assessment to confirm that the generated
masks were high-fidelity and worked across various aerial scenarios. Even though the model was not
deployed on real drones, the real-time segmentation performance in our live video simulations suggests
its compatibility with an embedded UAV system. Overall, the results support the use of lightweight
YOLOv8 segmentation models for intelligent monitoring of waste. The results of such studies have been
discussed in the following part of the study, and it also shows the adaptability of the model, which can be
used to integrate the drone logistics and smart waste management in cities.
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Fig. 2 Normalized Confusion Matrix
The confusion matrix above shows the normalized classification results of two object classes: garbage and
background. The model has a precision of 0.68 for classifying garbage and a classification accuracy of 1.00
for the background. The rubbish class had a false positive rate where 32% of background samples were
wrongly classified as rubbish. The model is very confident and precise at classifying background but it also
misclassifies some background as rubbish. To improve accuracy in garbage classification, one should
apply refinements in class separations and/or signalling and conditions further.

- b e

Fig. 3 Confusion Matrix
The confusion matrix offers raw classification results of two classes, garbage and background. The model
made 410 correct predictions for garbage, and 0 for background. Yet, it mistook 155 background samples
as trash while misjudging 112 trash samples as background. The model is quite good at identifying what
garbage is, but we fail to identify the background accurately and end up producing large false positive and
false negative results. Misclassification can be reduced by either improving the background class feature
representation or re-balancing the dataset.

‘ i ‘
Fig. 4 Garbage Detection Results (with confidence scores)

The image presents multiple detection results of "garbage" in various aerial or ground scenes. A blue label
indicates the predicted class “garbage” with a confidence of 0.3 to 1.0. If the model gives a high confidence
score of 1.0, 0.9, or 0.8 for garbage detection, it means that the model is quite sure about it. However, a
score of 0.3 or 0.4 might mean that the model predicts it incorrectly or does not have enough confidence in

predicting it. The model is somewhat accurate; however, it does also include suspect detections on
o Op 0 : i _ . ) o e s
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Fig. 5 Garbage Detection Results (labels only)

The image depicts detection results and all objects have been marked as garbage without any confidence
score. In contrast to the previous image with confidence values, the current image likely pertains to the
final outcome or an easy-to-understand output for the user. Similar labels are predicted for various
backgrounds including vegetation, concrete, soil. Potential over-prediction? Some labels occur on region
with little visual garbage. So, model could be giving false positives. Inclusion of a confidence score
threshold for display will help reduce confusion class.

Fig. 6 Garbage Detection on Pavement Images

Identification results are displayed on a road/path surface. There is at least one area that is tagged in blue
with the label "garbage”. The images depict small isolated elements on various textures to further validate.
These might be seen in indistinct regions such as on a pebble or in a leaf or spot. A lot of the tags on
garbage were not tagged with any confidence value; this means the model is too sensitive to urban
environments and/or semi-clear background. Stricter confidence thresholds decrease the number of non-
garbage regions being mislabeled.

Fig. 7 Detection Centroid Visualization (Class 0)

The detections are shown in the image including blue circle markers tagged as ‘0’. The owner thinks these
annotations or detections class index 0 are likely to be garbage and happen in the grass, tarmac, foliage
and other lands. The results come out as detection points that were subsequently addressed instead of
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bounding boxes. It could refer to either centroid or segmentation point likely. Recognizes identifiable
background elements that are clear and noisy. In some clusters, detections in vegetated areas seem to
cover the clusters. The detection of clean pavements is very sparse. The observed pattern suggests that
there might be a model bias towards identifying plastic in scenes with texture or clutter, potentially
resulting in more false positives.

Fig. 8 Garbage Detection in Roadside Scenes

The image presents detections of objects labeled “garbage” at different natural roadside locations which
come with confidence scores. The confidence values of 0.3 to 0.9 indicate the level of trust on garbage
classification. High confidence predictions (0.8, 0.9) are made on well distinguished objects, whereas low
confidence predictions (0.3 - 0.4) are made on dense vegetation and where misclassifications can be
made. The model is effective in capturing trash patterns even with a hard background. Adjusting the
confidence level can screen some false positives, mainly in dense vegetation zones to attain accuracy.

Fig. 9 Detection Points Across Different Terrains

The garbage detection points marked as "0" refer to spaces that are not meant to be detected as garbage. It
seems that complex textured regions contain many detections while other isolated or sparse detections
appear in clear regions. Samples of scene class "0" labels which do not show clear visible garbage are
considered an indication of over-detection or misclassification of garbage marked areas on patterns or
shade. Enhanced training data or spatial filtering may greatly improve contextual understanding and
eliminate false identifications resulting from high-contrast or structured backgrounds.

a0 e

|

Fig. 10 YOLOvS8 Training eJt'rics
The image shows detection results for class “0” (most likely garbage) in a pavement, vegetation, mixed soil
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and an artificial surface. The detection centroids or bounding points are displayed by blue markers. When
environmental obstruction/noise occurs, we clearly see many detections clustered together. When there’s
no obstruction/noise, detections appear scattered. You will likely have some false positives, especially on
textured pavements and grassy patches where there is no visible litter. The explanation could mean the
model is too affected by surface fluctuations. Thus, the training dataset or post-processing needs
enhancing background-foreground differentiation.

Fig. 11 YOLOvVS8 Training Results (Loss and Performance Metrics)

The image depicts the YOLOvS5 training metrics for 50 epochs. Decreasing trends in all of the
train/box_loss, train/seg loss, train/cls_loss and train/obj_loss loss curves show there is effective
learning. The drop in validation losses confirms a good generalisation (val/box_loss, val/seg loss,
val/cls_loss, val/obj_loss). Both the bounding box B as well as mask M precision and recall curves show a
steady rise with metrics/precision(B) reaching a peak of approximately 0.8 and metrics/recall(M)
reaching a peak of approximately 0.5. The metrics/mAP@0.5 and metrics/mAP@0.5:0.95 good
improvement graphs shows that mAP@0.5 improves to around 0.7 which suggest high performance at
detecting person. Overall, the model is showing constant and efficient training progress.

Racak-Confdence Curve

PRInApe
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Fig. 12 Recall-Confidence Curve
Recall-Confidence curve displays relationship between recall and confidence threshold of a type of
garbage. At low confidence thresholds just below 0.0, recall is extremely high, nearly 0.85, meaning that
most instances of garbage are detected albeit with many false positives. As the confidence threshold
increases towards 1.0, recall steadily decreases until nearing zero. This indicates that while there are
fewer detections, the precision is higher. The overall mean recall for all classes at a threshold of 0.0 is 0.72.
This indicates that the model maintains relatively balanced sensitivity at a low confidence level.

Fl.Confidance Curve

Fig. 13 F1-Confidence Curve
The F1 score for the garbage class varies with the confidence threshold, as illustrated by the F1-
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Confidence curve. The ideal accuracy-recall trade-off, according to the figure, lies around the threshold
level. At roughly 0.35 confidence, the pinnacle F1 scores 0.63. The F1 score shows rapid growth in the
lower range of confidence, followed by a peak and smooth decrease at higher confidence. As a result, it
shows a compromise between evading false positives and capturing an abundance of real ones. The F1
score of the overall selected threshold for all classes is 0.63 which is quite low for a model.

Procivon lecall Curve

L1
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Fig. 14 Precision-Recall Curve

The Precision-Recall curve illustrates the precision-recall trade-off of the "garbage" class. When recall is
very low, meaning all predictions are very correct but very few are detected, precision begins to approach
1.0. The graph shows that as recall increases, precision drops steadily and goes below 0.2 when recall is
about 0.9. This indicates that at a detection rate close to 0.9, there are a large number of false positives in
the data set. The overall detection quality seems to be good as the average precision (AP), or mAP@0.5 for
all classes strikes a balance between accuracy and recall. The average precision (AP), or mAP@0.5 for all
classes is 0.581.

Precizon-Confidence Curve

a4 ne o 10
otelrnce

Fig. 15 Precision-Confidence Curve
As the confidence level for "garbage" class increases, accuracy-Confidence graph displays the changing
accuracy. When confidence is near zero, precision is lower as the confidence level increases, the precision
slowly rises until it is almost perfect (1.0) at confidence level 0.87. An increase in trust levels results in
very accurate estimations with few false positives. The overall accuracy for all classes at this stage is 1.0.
Hence, at a higher confidence level, the model is quite reliable in detection.

ns

Fig. 16 Dataset Distribution Statistics
The figure shows the important features of the garbage class dataset. It depicts around 2,500 cases,
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indicating a strong sample size as well. The visual plot shows that garbage objects appear to be spread out
across the images without much positional bias. The plot of bounding box sizes reveals that most garbage
objects are small, as their width and height are concentrated towards the smaller end. The model should
effectively detect small objects distributed throughout the images in different locations.

——a e .
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Fig. 17 Bounding Box Distribution Analysis
The figure provides a correlation between the spatial positions (x,y) and the bounding box dimensions
(width,height) for the Garbage class. The wastes are evenly spread across the total area of the image with
the heatmap indicating there is no strong clustering. The histograms display that most trash items are
small, bounding boxes mostly have small widths that are located below 0.1 and have small heights mostly
below 0.05. The scatter diagram of height and breadth shows a positive correlation, which means that
height tends to increase with width. This means that despite their small size, the objects are almost

proportional in shape.
Pracision Confidence Curve

Fig. 18 Precision-Confidence Curve (Final Evaluation)
The precision-confidence plot illustrates how precision changes with varying confidence scores for the
garbage class. When the confidence is nearly zero, the precision is initialized low, near 0. Then, it
increases gradually to achieve almost perfect accuracy close to 1 at the confidence level of 0.87. As
metrics improve in reliability, it will see fewer false positives as this means predictions are more likely
true. The model proves to be quite reliable for appropriate confidence limit for junk with total precision
for overall with a limit of 1.0 for all reuse classes.

Precision-Recat Curve

Fig. 19 Precision-Recall Curve (Final Evaluation)
The Precision Recall graph represents performance of the “garbage” class at various thresholds. Even
with a low recall, the precision remains high and close to 1. This indicates the estimates are accurate, even
in the cases when only a few good instances appeared. When recall is greater than 0.6, accuracy drops off
rapidly approaching zero at 1.0 recall. If recall is high then the model finds most, if not all, garbage cases
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but also finds a lot of fakes. The mean average precision (mAP@0.5) for all classes is 0.712, which implies
fairly good general recognition capability.

Fl.Confdance Curve

Fig. 20 F1-Confidence Curve (Final Evaluation)
The F1-Confidence graph shows how the F1 number for the “garbage” class changes as its confidence level
changes. At the confidence level of 0.32, peak of F1 score is near 0.73. This means that at this level,
accuracy and memory are most evenly distributed. As confidence decreases, the number quickly rises,
maintains a high value for a period, and then gradually decreases as confidence approaches 1. In other
words, the model works better with mid-level confidence, which is a reasonable balance between
coverage and accuracy, being able to spot things.

Rucat-Conlidence Curve
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Fig. 21 Recall-Confidence Curve (Final Evaluation)
The Recall-Confidence curve shows how “garbage” recall changes at different confidence scores. As the
confidence threshold increases, recall increases and the graph is almost linear at first indicating that at
very low confidence almost 0.78 or 78 percent of actual garbage are detected. As confidence increases,
memory quality decreases until a sharp drop occurs around 0.6, and becomes near zero close to 1.0
confidence. When confidence levels are high, the number of drop cases that are found are low. This
illustrates the memory-accuracy trade-off at various confidence levels.

Fig. 22 Sample Garbage Detection Output
The image detects an outdoor scene with a ‘garbage’ detected object at the right side which is besides a
black structure and green shrubbery. The detection confidence score is equal to 0.64, suggesting that the
model is somewhat sure that it is garbage. The label of the garbage is positively indicated with a blue box.
This shows that the model is able to identify objects even at a distance and against a complex background.
Though, the confidence suggests detection may be improved in this case.

Table 1. Performance Metrics of YOLOv8n-seg Model on Validation Set

Own .
Metric Work Previous Work Reference
Results
Results
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Own .
Metric Work Previous Work Reference
Results
Results
Box Precision Mane et al. (2025), YOLOv8 for Smart
(P) 0.821 0.781 Garbage Detection
Box Recall (R) 0.656 0.61 Lietal. (2024), YOLOv8s on Huawei Dataset
Box mAP@50 0.712 0.684 Liet fe\l. (2024), Improved YOLOv8s
Architecture
Box mAP@50- 0.411 0.373 Wu et al. (2024), YOLOv8-segANDcal for
95 Roots
Mask Precision 0.721 0.683 Wu et al. (2.024), YOLOv8-segANDcal for
(P) Segmentation
Mask Recall (R) 0.554 0.493 Rani et al. (2023), YOLOv8 Transfer Learning
for Waste

Mask mAP@50 0.581 0.542 Wu et al. (2024), YOLOv8-segANDcal

" Po.rfnr'nnnc-.Mnlrlc- Cpawipnrlnon: YQLDvﬂr:\--.ng v Previous Wf‘brk
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Fig. 22 Performance Metrics Comparison (YOLOv8n-seg vs Previous Work)

This paper presents a comparative analysis of the performance of the YOLOv8n-seg model with the past
work on garbage segmentation from aerial drone images. The suggested model outperforms all previous
models in various metrics. The box precision was improved from 0.781 to 0.821 while box recall was
improved from 0.610 to 0.656. The box mAP@50 increased from 0.684 to 0.712, and box mAP increases
from 0.373 to 0.411 which confirms a better localization. In segmentation, mask precision improved from
0.683 to 0.721. Additionally, mask recall increased from 0.493 to 0.554. The improvements in mask

accuracy are reflected in the mAP@50 score of 0.581 as compared to 0.542.

CONCLUSION

The research study covers the Al-Based garbage segmentation from aerial drone images using YOLOv8n-
seg model. The result of the study shows that we can effectively monitor the waste in an urban setting. The
box mAP of the model is 0.821 and its box recall is 0.656, which means the model successfully detected the
items but it may not have been very sensitive to garbage objects. The 0.581 mask mAP50 also indicates
that the model was able to produce accurate segmentation masks for hard-to-segment objects in scenes.
The visual analysis revealed that the garbage segmentation’s output was consistent and high fidelity for
different aerial images indicating robustness against apparent characteristics, including lighting and
occlusion. The robustness and consistency of the result make it fit for use in practical scenarios. Even
though the results were quite promising, the confusion matrix did reveal that some classes had not
achieved separation. Despite achieving a garbage precision score of 0.68 as well as perfectly classifying the
background, the model misidentified over 32% of the background samples as garbage. As noted, the model
seems to misinterpret certain textures from the background as garbage. Thus, it will be vital to improve
class discriminatory features in the model. Further, a balanced dataset is also essential to mitigate
misclassification. In addition, garbage was misclassified as background by the model, which illustrates that
some of the garbage instances identified were subtle, possibly causing the model to miss detection,
possibly due to the scale of these cases. The ensemble detection results of aerial and ground scenes
showed various confidence scores from 0.3 to 1.0. High-confidence detections indicated the model was
confident. Low-confidence detections suggest likely false positives in textured areas or vegetation. Over-
sensitivity in urban or semi-clean environments highlights the necessity of confidence thresholds and
post-processing filters to improve precision and reduce erroneous detections. The training metrics in over
50 epochs show an alignment in convergence where the losses are decreasing and the precision and recall
are increasing. Performance metrics suggest model perform better in the bounding box (Box mAP50 =
0.712) than mask segmentation (Mask mAP50 = 0.581). This suggests we can still improve pixel-level
segmentation. The curves indicate that the best trade-offs in achieving sensitivity and accuracy occur at
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confidence thresholds of 0.3-0.4. In conclusion, it is lightweight yet powerful enough to detect garbage and
segment it from aerial drone images. YOLOv8n-seg model proves to be the functionality for real-time
simulation indicates the ability to be used in embedded UAVs. Government agencies and waste
management companies can deploy this article to ensure clean cities through the smart technology of
image segmentation for better waste disposal in cities.
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