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ABSTRACT
The process of segregating waste prompts the generation of energy out of waste, diminishing
landfills, recycling, and reduction of waste. Erroneous disposal of waste leads to recycling
contamination. Contamination is a tremendous issue to the recycling industry that can be alleviated
with automatic computerized waste sorting. The presence of models or strategies which help
people to sort trash has become extremely important in the right discard of that garbage. Even
though there are various sorts of recycling categories, many people remain confused or cannot
appropriately recognize how to decide the right trash bin to dispose of every trash. Waste
management and systematic sorting of them are considered to be a significant role in ecological
development around the world. Society needs to lessen waste by recycling and reusing discarded
materials that result in reducing environmental problems. This project aims to create an automated
waste detection system using a deep learning algorithm that will gather the waste images or videos
from a camera with object recognition, detection & prediction, and categorize the waste materials
like cardboard, glass, metal, paper, plastic, and trash so that the waste can be properly dumped in
the recyclable and non-recyclable bin.
Key Words: Deep Learning, Object Detection, TensorFlow, Faster R-CNN, Waste
Classification, etc.

5

1. INTRODUCTION
Waste Management in the present time is known to everyone but unfortunately, it is neglected by
numerous people that are utilized to portray exercises for waste segregation to take care of issues
brought about by wrong garbage disposal [1]. Illegal dumping has been a constant issue in
numerous urban communities on the planet. The smells and pollutants brought about by deserted
household things and unloaded trash, and construction leftovers ruin the city as well as threatens
the wellbeing of the citizens. To diminish illegal dumping, a couple of urban areas have planned
network-based voluntary reporting frameworks and observation camera-based monitoring
frameworks. But these methodologies require manual observing and recognition, which are
vulnerable and expensive against false alarms. Garbage is a worldwide issue that affects everybody
and every single living being. An examination shows that 74% of the plastics spilling into the
ocean from the Philippines originate from the garbage [2]. In our, everyday lives we may neglect
to separate accurately the garbage of our homes, and industrially the organizations in charge of
this part need to spend a lot of money on labor and work. The procedure in which the garbage is
segregated is splitting of garbage into divergent components. This is regularly done by handpicking physically which some the time causes hazardous and dreadful to human health if not
appropriately done. To solve this issue, waste classification, and identification is acquainted which
helps everyone particularly the government authorities and officials to effectively segregate wastes
specifically the recyclable ones.
To automatize the process of recycling, it is essential to propose smart frameworks that can see
waste classification effectively. By making the use of object detection software in waste
segregation is a worthwhile methodology when contrasted with the traditional recycling strategies,
because of the huge numbers of objects that are recognized in a limited timeframe. The
conventional approach depends on the goodwill of the human work which inclines to fail on waste
sorting for recycling [3]. The techniques of deep learning are being effectively applied to different
areas, for example, medical imaging, autonomous driving, and numerous industrial environments
with amazing outcomes on object identification issues. Applying these techniques to waste sorting
can build the amount of recycled material and thus, give a simpler everyday life for the common
people as well as more efficacy for the industry.
Deep Learning is the class of Machine Learning Algorithms which is a subset of Artificial
Intelligence that uses multiple layers of data representation and feature extraction. The different
applications where deep learning plays an important role are in speech and visual recognition,
speech to text conversion, detection, and recognition of the face, image recognition, drug detection,
weather prediction, etc. Deep learning permits the preparation of numerous layers through the
computational models to learn the representations of data with the abstraction of numerous layers.
Convolutional Neural Network (CNN) is the most suitable image classification technique in the
most recent years, wherefrom the segmented objects no handcrafted features are extracted [4]. A
6

previously trained CNN will always perform better on fresh images for classification as it has
already adapted or learned the visual features and can transfer that information through transfer
learning.
Thus, this paper is aimed at planning and developing up a framework with a deep learning
approach that can be effectively used for waste segregation. The image will be recognized by
utilizing the concept of a convolutional neural network and with the help of an image processing
method that identifies wastes from their shape, color, dimension, and size [5]. This technique
automatically will help the system to learn the pertinent features from the sample images of the
trash and consequently recognize those features in new images. By using the strategy of
convolutional neural networks, garbage will be classified into different classes. The strategy
utilized for this characterization is with the assistance of TensorFlow’s Object Detection API and
Faster R-CNN technique. Through this technique, bounding boxes are made on the recyclable
waste demonstrating which class (cardboard, paper, metal, glass, plastic, and trash) the waste falls
into. The main objective of this study is to develop software to detect types of recyclable materials
in trash bins and check for possible contamination (non-recyclable materials), which would
ultimately reduce human effort in waste segregation and expedite the entire process.
Previously, the vast majority of the experiments related to this study are done on an image that
contains only a single object. The existing work mainly utilized the algorithms of machine learning
such as SVM, and deep learning algorithm such as VGG16 for classification. In this paper, we
have successfully improved the detection framework by utilizing the Faster RCNN model and
demonstrated how the classification of waste materials are accurately done on an image that
contains multiple objects. The main reason for choosing the Faster R-CNN model over other deep
learning models such as SSD or R-FCN was due to its greater ability to detect numerous objects
from an image [35]. Additionally, the accuracy rate of the Faster RCNN model is also very high
in comparison with the SSD and R-FCN model [35].
A review of the related work that has been done in this domain (waste classification) is explained
in Section 2, followed by background knowledge in Section 3. The methodology used in this paper
is briefly explained in Section 4 and Section 5 shows and explains the experimental results
achieved from the model. At last, conclusions are drawn, and future work is described in Section
6.

7

2. RELATED WORK
Throughout the previous years, various works have been executed with the point of limiting the
effect of the incorrect disposal of waste. Many neural network and support vector machine based
image classification projects are being done previously.
A comparison study was performed by Mindy Yang et al. [6] to classify garbage between SVMs
with scale-invariant feature transform (SIFT) [7] and an eleven-layer CNN design like AlexNet
[8]. The result shows that the SVM beats CNN. The accuracy level was 63%.
This paper aimed at comparing the study of deep learning convolution neural network and machine
learning algorithm SVM for classification of garbage for powerful waste sorting [9]. The rate of
accuracy of SVM was nearly greater than CNN. Nonetheless, with increment in data and GPU
utilization, the CNN algorithm gave out more accuracy and lessen the impact of overfitting. For
the final execution of hardware, the SVM model was executed for classification purposes. It
utilizes a raspberry pi 3 associated with a superior quality HD camera. The camera takes a preview
of the waste and the picture is saved in a PNG record. The captured picture is shipped off to the
preloaded classification for grouping whereas per its category diverse LED shading illuminates.
The author here [10] proposes the method of gray level co-occurrence matrix (GLCM) for waste
classification and detection, joining advanced communication mechanizations with GLCM to
reinforce the waste gathering activity. The proposed framework utilizes a few technologies of
communication which include geographical information system (GIS), radio frequency
identification (RFID), and general packet radio system (GPRS) with a camera integration and
streaming out the monitoring of the solid waste. The highlights are acquired from the GLCM and
afterward utilized as inputs to a multilayer perceptron (MLP) and a K-nearest neighbor (KNN)
strategy for waste segregation. The obtained outcome showed that the KNN classifier outperforms
the MLP.
The creators of Recycle Net [5] experimented on the architectures of the broadly recognized deep
convolutional neural network. The training is being done without pre-trained weights, and with
90% test accuracy Inception-v4 outperformed all others. The creators at that point performed
transfer learning and fine-tuning of weight parameters by utilizing the weights of ImageNet, and
DenseNet121 acquired the best outcome with 95% test exactness. This last arrangement has a
slower prediction time.
The authors here [11] propose a computerized framework dependent on an approach of deep
learning and conventional strategies to effectively isolate waste into four distinctive recycling
classes (Paper, metal, glass, and plastic). Results demonstrated that VGG-16[12] techniques are a
productive methodology for this issue, reaching the accuracy rate of 93% in its best situation.
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At the TechCrunch Disrupt Hackathon, "Auto Trash" [13] has been made by a group which is an
automatic garbage bin that sorts trash dependent on the features of recycling and composting. Their
framework uses a raspberry pi camera and has a pivoting top. The group utilized the engine of
Google's TensorFlow AI and constructed their layer on top of it for object detection.
Basically, in the most recent years, computer vision has been considered as an apparatus to help
waste classification, and deep learning strategies have reached sensible outcomes in controlled
situations. Object identification, addressed in waste management, was considered in Oluwasanya
Awe et al [14] with the help of the Faster R-CNN model, demonstrated reasonable outcomes. In
the same work, the author proposes a strategy utilizing Faster Region-based Convolutional Neural
Networks (Faster R-CNN) [15] procedure to get the proposal of regions and for object
classification at a mean Average Precision of 68.3%. The waste was classified into three classes
(landfill, recycling, and paper).
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3. BACKGROUND
3.1 Neural Networks

The core component of machine learning (including deep learning) is the artificial neuron. With
the help of neurons, the learning calculations are performed. In an Artificial Intelligence model, a
huge number of neurons are working together to execute the complex numerical/mathematical
calculations. The formation of the network which is being formed by these neurons is known as
the artificial neural network. The idea of artificial neurons has come from the neurons which are
biologically present in the human sensory or nervous system. Like the neural network in the body
of the human, an artificial neural network is partitioned into layers. The dendrites are only the
information terminals of the neurons in an artificial neuron. Through synapses and dendrites of
another neuron, the input is being processed by the axon and its output is passed to different
neurons. Input signals which are traveling by the line of the input get increased by the weight of
the line in the computational model. The weighted input signal is being processed by the
mathematical function. This particular function is termed as the activation function f. The signal
which is already being processed is again passed to the following layer neurons for additional
processing. In this model, a learning element is known to be the weight of the association between
neurons. The value of this model is changed during the duration of the training with the end goal
that the error is merged to zero. In the body of the human, the signals which are being carried by
the dendrites get added in the cell body, and if the value of the sum goes beyond the threshold
value, then at that point signals are started up by the axon. In a mathematical or numerical model,
a similar methodology is utilized. The threshold value is determined by the activation function f.
Sigmoid Function is known to be the standard decision of the activation function. The sigmoid
function takes the summation value as input and converts it to a reach somewhere in the range of
0 and 1 [16].

3.2 Convolutional Neural Networks (CNN)

The main function of convolutional neural networks (CNN) is to essentially group or classify the
pictures, cluster the images by similarity, and perform object detection with the assistance of
artificial neural networks. The convolutional neural network takes the information of the image
and processes the picture as a tensor, which is the matrices of numbers with extra dimensions and
carries out a sort of search [17]. The 3D objects are a portion of the instances that recognize the
images as volumes [18][19]. It is being uploaded in numerous applications, including recognition
of the face and object identification. It's one of the best non-trivial assignments [1][20]. In
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constituent to neural networks, the convolutional layer, subsampling layers, and fully connected
layer are the three distinctive layer types that are viewed as a part of CNN [21]. CNN is mainly
used for image recognition as this method has got more advantages in comparison with other
strategies.

3.3 Faster R-CNN

With the use of a basic CNN algorithm, just a single item in the picture can be grouped or classified.
Faster R-CNN is an augmentation towards CNN with Region Propose Network (RPN) [22]. The
algorithm of Faster R-CNN is utilized on the grounds that it will help in recognizing numerous
objects in a similar image. Faster R-CNN made from two modules. The main module is a deep
convolution network where regions will be proposed with RPN and the subsequent module will
utilize the proposed pictures for classification. In RPN, the output for a given picture is presented
in a rectangular object position that contains the score of the object. The proposal of the object is
being referred to as anchors. With the help of an RPN, the possibility of objects will be predicted
in the background. For this, a dataset with a labeled and named objects in the picture must be
prepared for training. Region of Interest (ROI) pooling layer is utilized to reshape the predicted
areas. After that, it will be utilized to classify the picture inside the area and forecast the values of
the offset around the bounding boxes. The exactness of the last model will rely upon the important
regions which are being proposed accurately. If the regions proposed to choose the right region
based on the object, at that point, it very well may be categorized into the various class of
classifications [24].
The loss of Faster RCNN is divided into two parts [15]:
1. loss of RPN
2. loss of Fast RCNN
Both the losses include:
•
•

Classification loss
Regression loss.

The equation of the normalized classification loss is:

Where,
Ncls = total number of anchors for classification,
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pi = predicted probability of the anchor I,
Lcls(pi，pi*) = classification loss.
The equation of the normalized regression loss is:

Where,
λ = balancing parameter,
Nreg = total number of anchor for regression,
qi = vector representing the predicted bounding box,
Lreg(qi，qi*) = regression loss.
To extract feature maps Faster RCNN uses convolution layers. The equation of the entire loss
function of the Faster RCNN network is:

3.4 Image Processing

Image processing is one of the main parts of a structure of signal processing, where the input is in
the form of an image; for instance, a photograph or video clip [23]. The performance of an image
processing can likewise be an image or plenty of characteristics or parameters related to the image
[24][25]. The main objective of image preprocessing is to upgrade the image information where
superfluous images were taken out, and the significant images are added for additional processing
[26][25]. Preprocessing approaches mean to improve the details of the image with an end goal to
eliminate undesirable distortions and upgrade a few qualities of the input picture [27]. Image
processing can eliminate needless features and can change over the RGB picture to grayscale and
pairs it [28][29]. The picture of the image is obtained by an advanced digital device, for example,
a camera, and then it changes over it into grayscale. The grayscale transformation comprises of
figuring the average estimation of the three components of the two colors (0 and 255, separately)
[30]. A fixed limit, 127 for this situation, is utilized to determine the color intensity and is changed
over to 0 and which, to 255. Image processing, either as an improvement for the human viewer or
autonomous analysis software offers the advantages of flexibility, speed, and costs [31].
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3.5 Object Detection

Object Detection is a part of the computer vision technique where a software framework can detect,
trace, and locate the object from any given video or image. One of the special traits of object
detection is that it recognizes the object's class (for instance, person, table, chair, and so forth) and
the coordinates of the location of the object in the given picture. By drawing a bounding box around
the object, it states that the region is being pointed out [32]. The bounding box might or might not
precisely find the location of the object. The capability of locating the object inside a picture
describes the accuracy of the performance of the algorithm which is being used for detection. Face
identification is one of the instances of object detection.
For the most part, the object detection task is completed in three stages:
•
•
•

The little rectangular portions are being produced upon the input image.
Feature extraction is completed for each portion of the rectangular region to predict
whether the rectangular shape contains a valid object.
Finally, the rectangular boxes which are overlapped get combined into a single bounding
box showing the detection result of the object.

3.6 TensorFlow Object Detection API

TensorFlow is referred to as an open-source library developed by Google which is utilized mainly
for numerical calculations and large scale machine learning programs with an end goal to process
received data along with model training, serving predictions, and refining future outcomes.
The algorithms of Machine Learning models and Deep Learning models are being bundled
together by TensorFlow. In the front-end, it utilizes Python and in the back end, it runs
productively in advanced C++.
TensorFlow permits the developers to make a chart/graph of calculations which is getting
performed. Every hub in the graph defines a mathematical activity and every connection represents
the data information. Subsequently, rather than managing with low-subtleties like sorting out
appropriate approaches to hitch the output of one function to the input of others, the developers
can fully be able to concentrate on the logic of the application.
At present, TensorFlow is the most famous software library. There are many applications from the
real world of deep learning which makes TensorFlow very famous. As it is an open-source library
for both Machine learning (including deep learning), that's why it can play a very vital role in the
13

field of text-based applications, voice search, image detection, and so on. TensorFlow is also being
used in Facebook’s image recognition system for image recognition known as DeepFace. It is also
being utilized by Apple's Siri for voice recognition. Each Google application that you use has
utilized TensorFlow to improve your experience.
TensorFlow Object Detection API is an open-source structure, based on TensorFlow which can
easily construct, train, and deploy the models of object detection. As of now, there are many preprepared and pre-trained models in their structure which are termed as Model Zoo [33]. The Model
Zoo consists of multiple pre-trained models that are being trained on different datasets commonly
known as Open Images Dataset, KITTI dataset, and Common Objects in Context (COCO) dataset.
There are different models (such as, ssd_mobilenet, ssd_resnet, ssd_inception [32], faster R-CNN
inception, Faster R-CNN resnet, etc) which are available in the Model Zoo. But the main difference
among these various models is they have distinctive architecture and hence give various accuracy
rates along with the different speed of execution and accuracy in setting up the bounding boxes.
Here the mean average precision (mAP) is the result of the product of accuracy and recall on
recognizing bounding boxes. It's a decent joined measure that shows how the network sensitivity
develops the objects of interest and how correctly it evades the false alarms. The accuracy of the
model increases as the mAP score gets higher, nevertheless, that comes at the cost of
implementation speed which we need to keep away from here. The mechanism of object detection
API in TensorFlow is shown in Figure 1.
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Figure 1: Mechanism of Object Detection in TensorFlow
Full Text: “Input data” is defined as a “set of data provided as an input which is a set of
images.” The “input data” is received by TensorFlow. “Using TensorFlow, the model is
trained” in the “training TensorFlow model”. “After feature extraction” the “final model is
created”. “To test this model, test data is created which is a set of images. Using the model, the
final output is obtained where the object is detected in the given image. “The final output object
detection” captures individual images and labels them. As shown in Figure 1, the example photo
has a yellow box around a puppy with the label “dog”, individual red boxes around the red
kittens labeled “cat”, and a blue box around a rubber duck labeled “bird”.
15

4. METHODOLOGY
This segment of the paper gives a short outline of the methodology utilized in this paper. Here the
developed approach mainly covers four significant stages. The primary stage is mainly related to
the collection of the data(images) and labeling them, the second stage includes model
development, the third stage consists of model training, and in the last stage testing of the model
is done. Apart from this approach, a short portrayal of the various libraries and tools utilized in
this paper has also been explained. The most important necessary libraries used in this project are
NumPy, Matplotlib, OS, TensorFlow, Utils, and OpenCV.

4.1 Libraries Used

4.1.1 NumPy

An array of the multidimensional matrix which supports high-level mathematical calculations.
Operations on array included in mathematics such as algebraic, statistical, and trigonometric
patterns can be performed with the assistance of NumPy. The Image gets converted to matrix form.
The Matrix form of the image is used for interpretation and analysis by using the Convolutional
Neural Network [35]. During the phases of the pre-processing of an image, a picture is enhanced
to 224×224 pixels. Afterward, the annotations of the image changed to a NumPy array style. At
last, the exact labels of the images are included in the dataset. SciPy is also created on this. It offers
more noteworthy execution which works on NumPy arrays and is needed for different engineering
and logical applications.

4.1.2 Matplotlib

Plotting functions for python programming languages are supported by Matplotlib. In this project,
it will be used to draw the bounding boxes to display the image name and score range. The
bounding box is utilized to show the object detection name with a score range of an image. The
Matplotlib comes up with an object-oriented application programming interface. The Numpy is
one of the mathematical numerical expansion of Matplotlib [4].
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4.1.3 OS

OS is one of the import libraries of python. It is utilized to provide a path of operating system
dependent functionality and it is also used for the manipulation of a path. It allows the system to
interface with the underlying operating system where python is running on. os. path indicates the
path to access and sys. path utilizes the path defined for system activity. To represent a large
amount of data by reading and writing Tarfile is used. The import file contained in this reduces
the size of the code which is used in writing and reading operation [4].

4.1.4 TensorFlow

The TensorFlow is utilized to make a quick mathematical computation which is developed by
Google. The most recent python library can directly make deep learning models utilizing this
library. This is one kind of math library and AI/ML application like neural networks. There are
various kinds of deep learning models accessible and introduced utilizing the TensorFlow pip
command. Before it starts the training of the model, TensorFlow aids in Data augmentation. It is
additionally used to make the efficiency of the algorithm perfect, and after that, it downloads the
pre-trained weights of the image net.
Here in this project, TensorFlow is helpful to detect, classify types of waste in real-time videos
(webcam), and supports graphical representations of data. It is additionally applicable in a mobile
phone camera as well.

4.1.5 Utils

One of the parts of the python library is used for the collection of functions and classes. The
main function of the Utils is to support the implementation of the Convolutional Neural
Network. In this project, Utils will be installed from the library of TensorFlow.

4.1.6 OpenCV

OpenCV is utilized for the analysis of a wide range of images and videos, similar to the
recognition of the face, and object detection, editing of an image, advanced robotic vision,
17

optical character identification, and significantly more. Image processing is done through
OpenCV. It focuses on real-time computer vision. Here in this model by utilizing the OpenCV
python library, python scripts will be written to test the newly trained waste detection classifier
on any webcam feed, images, or videos.

4.2 Data Collection

In the online GitHub Repository, the training data was obtainable which was mainly used in the
classification of garbage for recyclability status. There were around 2527 pictures with 403 images
of cardboard, 501 images of glass, 410 images of metal, 594 images of paper, 482 images of
plastics, and 137 images of trash [6]. These divisions were made depending on the pictures
contained in the separate respective folder. But the annotations of these images were specifically
needed for training the data in a Faster R-CNN model. To get the annotations that are for the
labeling of the images, a tool has been used which is known as the LabelIMG tool.

Figure 2: Dataset Image of Cardboard, Plastic, Glass, Paper, Metal, and Trash
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In LabelImg tool, we needed to label the relevant area of the image to the class it is associated with
such as cardboard, metal, trash, etc. This type of labeling of the image includes the strategy of
creating boundaries to the waste object in the picture. 80% of images for every category in the
whole dataset of waste images are used for training. The other 20% of the images are for the testing
phase. The whole purpose of this particular system is to make the framework figure out how to
detect objects. The data of the annotations of the images made by the LabelIMG tool are saved in
the XML extension format. The annotations of the picture include the size of images, location
coordinates, and also the names of marked objects that could be inspected in the file. The XML
file can be then converted to the CSV file. And this CSV file contains the records of available
information which includes the names of the recorded file, height and widths, and labeled
classifications and coordinate positions (xmin, ymin, xmax, ymax) obtained from the images. This
converted CSV file act as one of the major training inputs for the model. Figure 3 and Figure 4
show how the LabelIMG Tool labeling the single and multiple objects from an Image.

Figure 3: LabelIMG tool Labelling the Single Object from an Image
19

Figure 4: LabelIMG tool Labelling the Multiple Object from an Image
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4.3 Model Development

Here in this model, Faster R-CNN is prepared for 6 mother-classes dependent on cardboard, glass,
metal, paper, plastic, and trash. Six convolutional neural networks are prepared, one for each
mother class, which will also prevent the recognition of a class that doesn't exist. For instance, if
the mother class is cardboard, at that point we realize that the child class can't be a bottle. At first,
this model gets the image as input, at that point, the Faster RCNN creates the bounding box and
the mother-class as an output. With that data, the real image is being cropped, which is one of
CNN's input identified with the mother-class. After that, the output generated is the child class,
which converged with the mother-class, and creates the formation of the final class. Finally, before
the detection of the model, the output gets predicted with the bounding box. The mechanism of
this model can be found in Fig. 5.

Figure 5: Architecture of Faster R-CNN Model for Waste Classification
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4.4 Model Training
The Training Data is generated by generating TFrecords [34] and converting the XML files
(annotations of the images labeled by LabelIMG tool) to CSV files which contain all the data for
the train and test images. After the training data is generated, a label map is created which notified
the system about what each object is by characterizing a mapping of class ID numbers to class
names. After the label map is created, finally, the object detection pipeline is configured which
helped in defining what type of parameters and models is used for training. Once the training
pipeline is successfully built up and configured, TensorFlow started initializing the model training.
A lot of computational power is required for training an enormous network in Faster R-CNN. For
preparing our neural network training, we used a DELL Laptop outfitted with an Intel i5 processor
and an NVIDIA GeForce GTX 1050 Ti Graphics Processing Unit (GPU). Extra requirements of
the software that were included were the CUDA® deep neural network library CUDNN SDK
installed for the windows 10 machine and compute unified device architecture (CUDA) Toolkit
were used. Along with Python version 3.5, TensorFlow GPU version 1.4.0 open-source software
is used for high-performance mathematical calculations. Its adaptable architecture allows easy
deployment of calculations over a variety of stages. Figure 6 shows the whole setting procedure
of the software.

Figure 6: Setting Procedure of the Software
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The value of the loss was initially high during the training process. As the progression of the
training occurred the loss value started getting lower. When the training started at first, the value
of the initial loss was near about 1.0 and then the value of the loss gradually dropped to a point at
0.0475. The total time taken for the training was near about 17 hours and 03 minutes. The number
of epochs for the neural network was 200000 steps. The visualization of the change in the loss
function is observed in the tensorboard via a browser, as shown in Figure 7.

Figure 7: Loss Graph during the training
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4.5 Model Testing

Testing the trained model is the last part of the process. After the training gets completed, the
frozen inference graph is exported. This is used for identifying and classifying the objects in a realtime feed utilizing webcam, images, and videos. The frozen inference graph also includes protobuf
library which is widely utilized by google for interchanging and storing a wide range of organized
data. In this project protobuf is used to predict a specific object detection from a video or image or
webcam feed. In this stage, the created model is tested utilizing the test dataset. The framework
processes the test dataset like the training dataset. And afterward, the calculation of the coefficient
value is done by the framework and compares the value with the trained value. At last, by utilizing
the OpenCV python library, python scripts are written to test the newly trained object detection
classifier on any webcam feed, images, or videos. Finally, the framework classifies waste materials
into 6 categories (Cardboard, Plastic, Metal, Paper, Glass, and Trash).
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5. RESULT AND ANALYSIS
In this segment of the paper, the outcomes of the created model will be examined. The created
model works reasonably on the test data. Out of 507 images, 461 images were accurately got
predicted by the model which concludes that the accuracy rate of the model is near about 91%.
The model precisely classifies the type of waste materials by detecting the type of objects. The
images of the testing data were utilized for testing the result of the created model. For the detection
of the waste materials, the images of the test data have been specifically included in the testing
code. The total detection time took by the model to predict a single object from an image is near
about 8.05 seconds. To find the actual accuracy of the model, the names of the images were
physically given to observe how exact the functions of the model have performed in those images.
At first, during testing, multiple boundaries have been observed getting created in the region of
the detection of the objects and by changing the threshold for the prediction of the images this
error was eliminated. This aided in invalidating the boundaries of the object with minimal
threshold values. The accurate prediction done by the developed model is shown in figure 8.

Figure 8: Accurate Prediction of the Model
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The model is also being tested on multiple waste objects. Though in some images it could detect
and predict the multiple objects accurately as the training dataset does not contain any multiple
waste objects that's why the prediction of the model was not consistent and sometimes it failed to
detect the waste objects accurately in an image with multiple objects. The total detection time took
by the model to predict multiple objects from an image is near about 8.09 seconds. The multiple
object images were taken in a white background for testing as the images of the training dataset
were also taken in a white background. These images do not belong to testing data and were taken
by a mobile camera. Figure 9 shows the prediction of the model in an image that contains multiple
objects.

Figure 9: Multiple object prediction by the model
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Images of a similar item yet taken in various directions were also considered for the testing result.
The model could predict the objects correctly with greater accuracy fulfilling the expectation of
the object detection effectively correct. These images also don’t belong to testing data and were
taken by a mobile camera. Figure 10 shows how the model predicted the same image with a
different orientation.

Figure 10: Prediction done by the model on same object with different orientation
27

Some wrong prediction has also been done by the model and the accuracy rate got decreased on
the images which were taken locally by mobile camera and on some images, which were
downloaded from the web. This is due to the reason as there were no locally taken images
contained in the training dataset. We have also observed that sometimes the boundary boxes for
the detection of an object is overlapping with each other and sometimes it is not fully visible. This
is due to the reason for the inclusion of the threshold value for the object prediction. This error
was eliminated by decreasing the value of the threshold of that testing phase and after that, the
boundary boxes associated with the object are perfectly shown. Apart from that as the number of
trash images used in the training dataset was very less in number that’s why the model is having
some difficulties correctly predict the trash objects. Figure 11 shows a few wrong predictions of
the model.

Figure 11: Wrong Prediction of the Model
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6. CONCLUSION AND FUTURE WORK
To limit the impact caused by incorrect disposal of trash, this project introduced an automated
waste detection framework using deep learning algorithms and image processing techniques. Thus,
for implementation, the framework worked with a large dataset of images, training algorithms, and
predictive patterns for object detection and classification. In this paper, we have demonstrated that
how the classification of waste materials in 6 categories (Cardboard, Metal, Glass, Paper, Plastic,
Trash) is done on multiple objects in a single image with the help of utilizing the method of Faster
R-CNN algorithm. In the past, most of the experiments related to this study are done on a single
object of an image with 3 or 4 categories of classification utilizing other machine learning
techniques such as SVM. An improvement in waste materials classification is provided with our
methodology. The detection of waste materials is done correctly maintaining a higher accuracy
level. The detection of the waste materials is not only confined to images, but it can also detect
and classify the waste materials from any video feed or real-time webcam feed. The methodology
used in this paper will help in lessening the contamination levels and in the long run, it will focus
on the advancement of the universal waste management system. Hence, it can be concluded that
this project is a significant asset to society.
The main issue of this project was the dataset which includes images that are slightly different
from local waste materials. This is the reason for which the model predicted wrongly on a few
local waste images. The future work that should be taken for consideration is a similar method
however an improvement in the datasets by including pictures of locally taken waste materials.
There is a need of attaching images of the waste materials in the training dataset which are not
clean and looks dirty. This will help the model predicting actual local waste materials which
include mostly dirty household items. This can assist in getting some improved classification with
a higher accuracy rate. The dataset should also include many images that contain pictures of
multiple waste materials so that the framework can easily be trained to predict multiple objects in
a single image without giving any error in the detection process. Further research of this project
should also consider including different types of other bulky waste categories in the dataset. By
intensifying the list of categories this framework will get more developed and would surely help
in the improvement of the proper waste management process. Analysis and comparison of various
models such as Faster R-CNN, SSD Mobile Net, YOLO, etc. can also be done in the future. This
analysis can be done by applying the various classification algorithm of each model on this
framework separately and lastly conclude the best-suited model which will be utilized to get more
accurate object detection and prediction in a short time. The future work also aims to implement
this technology in a mobile platform so that it becomes very easy for the user to classify waste
materials and dumping the waste materials in the correct disposal bin to protect the environment
and reduce pollution.
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