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Abstract. Improper disposal of single use plastic bottles leads to many prob-
lems including danger to marine life and land pollution. Burning of plastic in turn
releases dioxins and polychloride biphenyls. They are very harmful if inhaled and
are threat to vegetation too. Manual sorting of plastic bottles and safe disposal
is not an easy task. A lot of recycling initiatives use manual sorting for plastic
recycling, which depends on plant staff visually identifying and selecting plastic
bottles as they move along the conveyor belt. Automatic sorting of plastic bot-
tles has advantage of non-intrusive sorting, speed, consistency, cost effectiveness
in long run and even prevents health hazards to workers working in recycling
environment. As a result, it is imperative to replace human sorting systems with
intelligent automated systems. In this study, convolutional neural network archi-
tectures such as YOLOv5 and YOLOVS were utilized to detect plastic bottles
in images. Despite YOLOVS having more parameters and requiring more com-
putation time, it was found that YOLOVS outperformed YOLOVS in accurately
identifying plastic bottles in the images.
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1 Introduction

It is estimated that 2.5 million tons of CO; is being released annually by improper water
bottle disposals. Approximately, 1.1 million ocean creatures die because of plastic pol-
lution caused by plastic water bottles. Beside this, many toxic gases like polychlorinated
biphenyls are released by burning plastic bottles [1]. Determining the amount of plastic
bottle waste is a big issue. Continuous usage of plastic bottles and no proper disposal
might lead to many disasters and disturbs the harmony of nature. Determining the plastic
bottles waste in public areas is an important area of research. In future, the cities may be
ranked based on plastic management. One of the solutions to find the solution is to use
computer vision models which are built using convolutional neural network (CNN) to
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find out the plastic bottle usage in an area. These models can be built on techniques like
Histogram of Oriented Gradients (HOG), Region-based Convolutional Neural Networks
(R-CNN), Faster R-CNN. The models used above gave less accuracy and performance
is not up to the mark in many cases.

The basic concept of this paper is to use some good object detection techniques for
uncovering plastic bottles in an given area. In this paper a we have used YOLO V5, V8 as
they are Single shot detection techniques to find the targe image with a better accuracy.
The output by using these techniques have bounding boxes along with probability of
classification. The reason for selecting these models is for its speed. They are one short
detection techniques. Means, the image is passed only once [3]. These features make
these models methodical and are better algorithms. On the other hand, region-based
CNN find the approximate region and recognizes the bounding box in a separate stage
but are more accurate. The YOLO has gone through five levels of major iterations.
Minimal requirement of data, simple architecture and easy implementation make these
architectures unique.

The paper is organized as follows. The related work is first reviewed. The architec-
tures are then described. The experimental outcomes are then emphasized. Finally, the
paper is concluded.

2 Related Work

Walden et al. [4] proposed a paper in which the plastic bottles are converted into hue, sat-
uration and (HSV). Filters are then applied along with binary thresholding. These images
are then converted into gray pixels. Blob analysis is then utilised to determine the number
of plastic bottles. Here, no CNN based approach is used and there is no way to increase
the accuracy of models. Dhokley et al. [5] proposed a similar method to detect plas-
tic waste and uses YOLO V3. But the proposed approach uses much advanced models.
Christopher et al. [6] proposed a paper “PET-Bottle-Recognizer” to detect Polyethylene-
Terephthalate Based- Bottles. This accuracy of the model is 85.70%. They have sued
mean average pooling to calculate the accuracy. Jungiu et al. [7] have come with an
approach based on improved yolo V3. The system extracts the features by using shuf-
ferNet network. The screening accuracy is around 91.3% provided the detection rate is
set at 26 frames per second. An approach proposed by keqiong et al. uses stochastic
configuration network and yolo v5 to detect the plastic bottles[8]. They have dataset is
generated using Hikvision MV CE050-30GM camera. Gilroy et al. [9] have performed
the detection of plastic bottles in river by using yolo V5 algorithm which is focused on
custom dataset. The model has an accuracy of 84%, a precision rate of 79.14%, and a
recall rate of 57.37% when deployed on raspberry pie.

Most of the researchers have used models like VGG 16, YOLO V3, YOLO V5 and
YOLOV5s and the accuracy of the models were around 85%. This paper uses the latest
version YOLO V5 and YOLO V8. Our model is tested on Plastic Bottles in the wild
Image Dataset from Kaggle.
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3 Architectures Used

This dataset has 8000 images out of which 70% is used for training, and 20% & 10%
for testing and validation respectively. The rationale behind this choice is to balance
the trade-off between having enough data for training, assessing model performance on
unseen data, and tuning hyperparameters. [10]. The model built is a binary classifier,
where we check for plastic bottle in an image. In this paper, we are using YOLO for
object detection. Earlier, Object detection was performed using sliding window method.
Later more faster versions like, Region based Convolutional neural network(R-CNN)
[11], fast Region based convolutional neural network (Fast R-CNN) [12], faster region
based convolutional neural network (Faster R-CNN) [13]. In 2016, YOLO (you only
look once) were invented which outperformed all the previous pervious object detection
algorithms. In case of image classification, we just look if the object is present in an
image. But, in the case of object detection, we exactly look for object inside an image
using bounding boxes. This is referred to as object localization. In terms of a bounding
box, we have a vector of minimal elements [PC, BX, BY, BW, BH C1, C2]. Pc is the
probability of a given class, Bx, By is the center coordinate, and Bw and Bh are the width
and height of the bounding box, C1 and C2 are the class labels. If there is no object in
an image, the value of Pc is 0 and the rest of the values in the vectors do not have any
meaning. Here if we need to detect multiple objects, the vector size will be increased
accordingly. For example, if 10 objects need to be detected, then vector size will be 70.
In case of yolo algorithm, the image is divided into grids. There is no rule for dividing
the data into specific number of grids. If an image is divided into a 4 x 4 grid, then each
grid is individually searched for the object based on the coordinates of center. And, if
each grid is represented by a vector of size 7, the image will have 4 x 4 x 7 volume
of information. So, the training attribute is images with grid and bounding boxes and
training labels would be a three-dimensional vector. While predicting for objects in an
image, the output would be 16 vectors in case of 4 x 4 grid.

Basic YOLO algorithm has some limitations, at first it can detect multiple bounding
rectangles for a given object. One approach to solve this issue is to select the bounding
box with highest probability. This approach works in case of single object detection. In
case of multiple object detection, another approach called Intersection over union might
work well. This method finds the rectangles with overlapping area

Intersect area
IoU = ——— ey
Union area

The Intersection over union (IOU) method is also known as Non max suppression.
The larger the value of IOU, the better the accuracy. In some cases, an object can be inside
another object, this scenario can be handled by concatenation of 2 vectors resulting in a
vector of size 14.

The first version of YOLO was released in year 2016 [14]. The concept of YOLO
was related to regression. It was able to predict images at 45 frames per second. The
similar version of yolo known as lighter YOLO could predict at a speed of 144 frames
per second but with lesser layers. The next version of YOLO as known as YOLO 2 was
able to input of different sizes and was able to balance between speed and accuracy
[15]. In 2018, YOLO V3 was released which was based on Darknet-53 architecture
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[16]. The YOLO versions up to three were proposed by Joe Redmon. Later version V4
was having features like Weighted-Residual-Connections (WRC) Cross Stage Partial
connections (CSP), Cross Mini-Batch Normalization (CmBN), Self-adversarial training
(SAT), Mish activation, Mosaic data augmentation, DropBlock regularization, CloU
loss. Later YOLO V5 was released and was the first version from yolo which was
developed using Pytorch and removed the drawbacks of Darknet framework [17]. In
year 2023, YOLO v7 was released. The Extended Efficient Layer Aggregation Network
(E-ELAN) stands for the computing block in the YOLOvV7 backbone [18]. By employing
“expand, shuffle, merge cardinality” to accomplish the capacity to constantly increase
the learning ability of the network without breaking the original gradient route, the
YOLOvV7 E-ELAN architecture helps the model learn better. Both YOLO v5 and V8
architectures use CSPDarknet53 architecture and the detection accuracy is improved by
using anchor boxes.

The main advantage of YOLO v5 and YOLO v8 is their simplicity, single forward
pass, lightweight and opensource. In order to reduce detection of same object multiple
times, we use non-Maximum suppression technique. They use Adam and Mish as their
optimizer and activation function respectively. [19]. Yolo architectures suffer with accu-
rately localizing small objects. These are overcome using good resolution input images,
more data argumentation and adjusting the anchor boxes is done. Using these approaches
help to reduce false positive and false negative.

4 Experimental Results

We have ploted F1- Confidence curve, precision Recall curve, precision confidence curve
and recal confindence curve to check the performance of the model. The relationship
between a binary classifier’s precision and recall as the decision threshold changes is
depicted graphically by the F1 confidence curve. The F1 score, which is the harmonic
mean of precision and recall, is plotted versus the confidence threshold. The trade-off
between recall and precision is depicted by the curve, which displays how the f1 score
changes as the confidence threshold is altered. The precision typically rises while the
recall falls as the threshold rises, and vice versa. For a certain classification task, the
f1 confidence curve can assist in determining the best threshold by balancing precision
and recall. A high F1 score means that the classifier is successfully striking a balance
between recall and precision. Using the f1 confidence curve,

Andillustration of a binary classifier’s performance at various classification thresholds
is the precision-recall curve. The accuracy and recall values for various threshold values
are plotted, Precision is the proportion of true positives among all projected positives,
while recall is the proportion of true positives among all real positives. The precision-
recall curve can be used to visualize the trade-off between precision and recall at different
decision thresholds. A perfect classifier would provide a point in the top-right corner of
the curve with precision and recall both equal to 1.0. On the curve, a random classifier
would generate a straight line from (0,0) to (1,1). A decent classifier’s curve ought to be
as near the top-right as possible.A binary classifier’s recall as a function of the degree of
certainty or confidence in its predictions is shown graphically as the recall-confidence
curve. It displays a visualization of the recall values at various classifier confidence
levels.
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The recall-confidence curve can also be used to assess the effects of several feature
sets or hyperparameters on the performance of a single classifier or to compare the effec-
tiveness of various classifiers. In general, better performance of the classifier is indicated
by a higher recall value for a particular confidence level. It should be emphasized that
the recall-confidence curve cannot give a thorough assessment of a classifier’s effective-
ness because it only examines recall and ignores accuracy or other metrics. Additional
evaluation metrics, such as the precision-recall curve, F1 score, or area under the ROC
curve, must be considered in addition to the recall-confidence curve for a more full
assessment of the classifier’s performance. The curve makes determining the confidence
level at which a classifier performs well and the confidence level over which that per-
formance begins to decline easy. It enables the selection of the confidence level that
optimizes remembrance, which might be useful when the goal is to achieve high recall
at the expense of lower precision.

i F1-Confidence Curve 1o Precision-Recall Curve
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Fig. 1. F1 confidence curve for YOLO V8§ (left). Precision Recall curve for YOLO V8§ (Right)
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Fig. 2. F1 confidence curve for YOLO V5 (left). Precision Recall curve for Yolo V5 (Right)
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Single-use plastic bottles come in various shapes, sizes, and materials. Some bottles
may have unique designs or labels that differ significantly from the original training
data. This problem can be reduced to an extent by using multiple data argumentation
techniques.

As we can see above Fig. 1 and 2, the mAp value of models build using YOLO
V5 and V8 stands at 0.252 and 0.46 respectively. Similarly, F1 score of both models
stands 0.56 and 0.36. The same is displayed in the below table. Yolo V5 was run for 40
epochs and Yolo V8 was run for 25 epochs. Overfitting was observed after increasing
the number of epochs. The images were resized to 416 x 416 and the batch size was 16
in both environments.

The experiment was performed on machine with NVIDIA QuADro GV100 having
5120 CUDA cores and 640 Tensor cores (Table 1).

Table 1. Mean average precision and F1 score of Yolo V5 and YOLO V8

mAP@ 0.5 F1 Score
Yolo V5 0.252 0.36
Yolo V8 0.46 0.56

The above performance comes with a price. YOLO V5 uses 10.6 Million parameters
and YOLO V8 uses 61.3 M parameters. Figure 3 shows the sample identification of
plastic bottles in different settings. Bounding boxes can be seen around the plastic bottles
and displays the probability of the object to be a single use plastic bottle. The accuracy
lies around 0.3 to 0.6 most of the time.

Fig. 3. Sample detection of plastic bottles by YOLO V5 and V8.
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Conclusion

Given the abundance of plastic bottle waste in the environment, it is easy to come across
scenes and photos of this trash. The main goal of this paper is to detect single-use plastic
bottles in each image by employing cutting-edge convolutional neural networks. The
dataset consists of 8000 images of pre-annotated single use plastic bottles collected
from publicly available sources. This paper contrasts the performance of models build
using YOLO v5 and v8 architectures to detect plastic bottles. It can be observed that
efficiency of model created using YOLO V8 has outperformed the model build using
YOLO V5. The models are validated using mean average precision and F1 score. Mean
average precision of YOLO V8 is 0.56. Whereas the F1 Score is approximately 0.36.
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