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Introduction

Electronic waste (E-waste) generation has become a primary 
cause of concern in the digital era due to the sheer volume of its 
production and the implications it has on our ecosystem. The total 
quantity of waste electrical and electronic equipment (WEEE) 
increases at the rate of 2.6 million annually. The global estimation 
of electronic waste production for 2030 is at 74.8 million tonnes, 
which is highly concerning and draws attention to the low recy-
cling rate of 17.4%. The definition of electronic wastes encapsu-
lates various forms of electronic products that have lost value and 
are considered to be frivolous to their owners. From personal 
gadgets to home appliances, electronic wastes have now found 
their way into our environment. Most consumer electronic goods 
contain hazardous metals like lead, cadmium, nickel, mercury, 
beryllium and zinc. It is therefore essential to separate these 
wastes from the general solid waste channel. The E-waste domain 
is also a forum for undertaking business initiatives for precious 
metal recovery and a means for producing energy via biochemical 
processes. Hence, the identification, recovery and proper 

recycling of electronic wastes is an imperative step towards 
achieving a sustainable future. The increasing illegal export of 
E-wastes to developing countries to reduce recycling costs is 
highly concerning from a self-sustainability point of view.

Developing countries like India are severely affected by this 
disposition of E-waste materials into their countries. While pri-
vate industries contribute to a significant portion to the total 
E-waste produced in a country, household appliances combined 
with consumer electronics constitute close to 55.7% of it in India 
(Arya and Kumar, 2020). Figure 1 demonstrates the distribution 
of electronic wastes on the classification of products and the dis-
tribution of WEEE among the major cities of India (Joon et al., 
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2017). Private companies and commercial entities have now 
started to focus on third-party affiliations to dispose and recycle 
their electronic wastes. With commercial electronic wastes man-
agement attaining the spotlight, the focus towards household and 
personal electronic goods disposal has taken a backseat. 
Consumers are not sufficiently educated on how to dispose of 
electronic goods and this poses a significant problem (Miner 
et al., 2020). Educating the electronic users is essential for them 
to assist the waste segregation process, but most consumers do 
not want to burden themselves with the extra effort of segregat-
ing E-wastes, in addition to biodegradable and non-biodegrada-
ble segregations. Hence, household E-wastes usually are not 
processed towards proper methodologies for recycling.

If consumer E-wastes were to be collected and discarded 
along with general household wastes, toxic emissions and the 
environmental pollution caused could damage vital resources in 
our ecosystem. Policies and regulations surrounding E-wastes 
are relatively rudimentary compared to other laws governing 
solid waste management in India (Borthakur and Govind, 2017). 
Unemployed workers, desperate for work, tread through dump 
yards in hopes of finding devices with usable parts or metals for 
scrap. Respiratory problems are reportedly common among those 
working in these filthy smoke-filled conditions. Automating the 
separation of collection process of electronics can vastly increase 
the speed of waste processing and reuse of the component materi-
als while decreasing the harmful effects to the manual workers.

Technological intervention will provide garbage workers with 
additional tools to facilitate seamless waste management with the 
E-waste delivered to well-equipped E-waste dedicated recycling 
centres. Machine learning (ML) applications and robotic automa-
tions are viewed as the current forerunners in achieving a smart 
tomorrow in terms of environmental waste reduction. In this arti-
cle, we investigate the application of a mobile wheel–based robot 
as an attachment to garbage trucks with the primary purpose of 
segregating and collecting electronic wastes during general 
household trash collection in a city. Our primary focus is towards 
individual consumers and civilian homes. To facilitate ease of 
integration with the existing city waste management routes, the 
robot is an addition to the existing labour system, reducing the 
manual intervention required.

Related works

The advent of ML techniques for object recognition has intrigued 
interest for researchers to explore the possibility of applying the 
same approach towards waste management. Deep learning meth-
ods for trash classification have been analysed using the Trashnet 
dataset to find out the most appropriate modelling approach (Aral 
et al., 2018) in the past. The Trashnet dataset comprises images of 
recyclable materials like glass, cardboard, plastic, metal and 
paper, among other trash items. Data augmentation was carried 
out to extend the limitations of the dataset size. Testing several 
different neural network models, DenseNet121 (with fine tuning) 
was concluded as the best approach for classifying this dataset.

The integration of the Internet of things (IOT) with ML has also 

gained traction for automating the garbage classification process. 

Investigations for equipping trash bins with sensors to facilitate 

automatic image-based waste segregation have been conducted 

(Pamintuan et al., 2019) and proven efficient in achieving automated 

separation of biodegradable and non-biodegradable materials. 

Microcontroller-based convolutional neural network (CNN) smart 

bins (White et al., 2020) have been developed with the focus of sup-

plementing the waste segregation process in both commercial spaces 

and households. Smartphones connected to the bins either via 
Bluetooth or via the Internet provide constant updates to the owner 
on the status of the bin while maintaining proper management of the 
wastes. CNNs, for the precise purpose of waste classification in 
smart bins, have also proven beneficial as additions to the existing 
smart bin architectures. Praveen Kumar Gupta et al. modelled an 
IOT and ML integrated waste management system for a city to 
reduce manual interactions. Deep learning systems for household 
waste monitoring with real-time feedback of data (Rahman et al., 
2020) have been created to offer consumers with instant updates 
through smartphone apps about the wastes in their homes. Hybrid 
deep learning methodologies for collecting wastes from public cen-
tres use high-resolution cameras and sensors to separate wastes into 
recyclable and non-recyclable (Chu et al., 2018). Several pretrained 
networks have also been used to facilitate automation of the waste 
segregation process through transfer learning (Hana et al., 2017).

Some classification characteristics are distinct for E-waste 
materials, and utilisation of these features proves beneficial in the 

Figure 1. Contribution of WEEE in terms of type of electronic (left) and city (right) in India.
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garbage partitioning process. Resource recovery and recycling of 
electronic wastes are drastically improved by including classifica-
tion of metallic fractions and non-metallic fractions from E-waste 
materials. Thermal imaging was employed (Gundupalli et al., 
2018) to extract feature vectors to be used as the basis for classifi-
cation. Individual material thermograms were obtained from the 
E-waste materials. Experimental results conducted on simulated 
E-wastes confirmed the accuracy and efficiency of their model. 
Scalable classification of different E-waste materials, upon proper 
implementation, can benefit recycling plants immensely.

Research work on waste management has also been of great 
interest in the realm of robotics. Macro-sorting of municipal solid 
waste materials is a process that requires a huge amount of manual 
labour. Apart from the tiring nature of work, labourers are also sub-
jected to a toxic and harmful environment that can cause long-term 
effects on their health. Optimisation of the existing configurations 
for macro-waste sorting robotic systems was explored and the 
methodology was applied to sorting mercury free bulbs to provide 
proof of concept (Pellegrinelli, 2019). The advent of robotics for 
waste sorting propelled the automated waste management to the 
next level. Deep neural waste recognition combined with autono-
mous robots acts a mobile garbage pickup system (Bai et al., 2018). 
The capacity of robots to navigate efficiently helps achieve the 
same result as in traditional waste collection. This leads to a 
decrease in the requirement of physical labour for garbage collec-
tion. The primary form of household E-waste disposal has been 
found to be through the informal sector in countries such as China 
(Chi et al., 2014). Six different disposal methods were reviewed to 
identify the most preferred way for consumers to dispose their 
E-wastes, namely storage, disassembly, discarding, formal sector 
collection and informal sector collection, with informal collection 
emerging as the forerunner. While several beneficial governmental 
schemes have been put in place in China for disposing household 
electronic wastes through the formal sector, the most prevalent 
way of disposal remains to be informal due to the high prices 
offered to the consumers without the requirement of any registra-
tion process fulfilments. Other influential factors that motivate 
consumers to approach the informal way of E-waste disposal 
(Wang et al., 2017) include revenue obtained by selling of the elec-
tronic wastes to peddlers and lack of tax/subsidy support from the 
local government. Mandating producer responsibility and main-
taining a three-way cost responsibility between the consumers, 
producers and local government (Wagner, 2009) has proved in the 
past to significantly improve economic costs to the households and 
the local governments in Maine, USA (Bouvier and Wagner, 2011). 
The lack of awareness among the population, on the proper dis-
posal techniques of E-waste and the need for formalising the pro-
cess, was quite evident in multiple countries (Islam et al., 2021).

Inferences

While general waste stream classification is becoming more 
mainstream, specific emphasis should be placed on proper extrac-
tion of E-waste materials due to their toxic nature and high recy-
cle value. Scalable classification of different E-waste materials, 

upon proper implementation, can benefit recycling plants 
immensely. While robotic and ML applications have started to 
contribute to the development of waste management strategies, 
robotic systems for E-waste isolation, specific to households, can 
benefit the municipality collection centres significantly in this 
technological era. This article proposes the Recycle Cube Robot 
(rCubeBot) as a measure to attain the aforementioned benefits 
and implement a standardised process of E-waste segregation.

Materials and methods

The proposed rCubeBot system

A novel E-Waste robotic system for identification and collection 
of household electronic wastes has been depicted in Figure 2. The 
functioning of the system starts at every collection point during a 
garbage truck’s trip, around a city. At every household collection 
point, the robot moves around taking individual photographs of 
the waste materials intended for disposal and identifies the elec-
tronic wastes using deep learning. The identified electronic waste 
is collected and placed within the robot’s storage platform. At the 
end of collection, the robot moves back into the truck and stores 
the collected wastes in a secluded space in the truck. Multi-
Chamber Waste collection vehicles are now becoming main-
stream, replacing traditional refuse vehicles in several parts of 
the world. In India, the waste collection vehicles are transitioning 
towards the incorporation of segregated compartment-based con-
tainer structures to enable waste differentiation during point of 
collection instead of a final segregation at the recycling centre. 
While the concentration has been more towards biodegradable 
and non-biodegradable segregations, the secluded compartment 
structure required for E-wastes is also very similar to the ones 
currently in use. At the end of the garbage collection routes, the 
secluded part can be obtained by the collection centres and sent 
to the appropriate department for recycling and processing. This 
will alleviate the requirement of manual labour for segregation 
and the implied cost of hiring. The main components of the sys-
tem can be split into two segments. One is the robot itself while 
the second is a CNN-based identification system, trained and 
tested on electronic waste images.

The robotic component of the system

The omnidirectional four-wheeled mobile robot is equipped with 
an arm and a collection platform. The arm, inspired by Keller und 
Knappich Augsburg (KUKA)’s youBot (Bischoff et al., 2011), has 
five degrees of freedom and has a payload capacity of 20 kg. A 
platform for storing the collected waste is also present. The wheels 
used are tireless and comprise consecutive rubberised roller 
attached to the rim, facilitating asymmetric friction for treading on 
uneven terrain. A Bluetooth-enabled webcam is placed atop the 
support to attain continuous images of the robot surroundings. 
The imagery obtained is sent to the deep learning recognition sys-
tem for identification. If the object is identified as electronic 
waste, the arm grips the item and places in the collection platform 



1050 Waste Management & Research 40(7)

present on the robot. The application programming interfaces 
(APIs) are robot operating system (ROS) compatible and embed-
ded personal computer (PC) mini Information Technology 
eXtended (ITX). The operation of this robot is semi-autonomous 
with the option to switch to manual remote control. Once the 
wastes identified are on the platform or the payload capacity is 
reached, the robot dumps the collected items into a separate seg-
ment inside the garbage truck meant for E-wastes. Figure 3 illus-
trates a 3D model of the proposed robot.

Integrated recognition system using deep 
learning

Deep learning systems are becoming more and more popular 
today due to their accurate results and wide applicability in the 
field of computer vision. CNNs, which form an integral part of 
deep learning modelling, are made of manifold components like 
convolutional layers, pooling layers and fully connected layers. 
These layers enable the network to analyse spatial hierarchies in 
the image features with the help of backpropagation. The overall 
evolution of deep learning models exhibited a significant trend of 
increase in the depth of the networks. The increase in depth helps 

obtain better representation of the features by obtaining a better 
nonlinear approximation of the target function.

Residual neural network (ResNet) (He et al., 2016) is an effi-
cient deep network for performing object recognition tasks and is 
8 times more deeper than VGGNet (Simonyan and Zisserman, 
2014). Several different variants of ResNet are in existence, oper-
ating upon the same conceptual principles but differing in the 
total number of layers. The ResNet 50 variant implemented in 
this article comprises 48 convolutional layers with 2 pooling lay-
ers. One imperative problem solved by the use of ResNet is van-
ishing gradient. With the increasing depth of a network, the 
gradients responsible for calculation of the loss function reduce 
to zero. This inhibits the learning of the model as the weights are 
never updated. The ability of gradients to flow back directly from 
the farther layers to the initial filters has been made possible in 
ResNets with skip connections. Initial skipping enables faster 
learning rates due to compression of the network. When the net-
work trains again, expansion of all layers is achieved while the 
residual network parts explore the feature spaces of the chosen 
image in detail. A Modified ResNet 50 network (Mod-ResNet50) 
was trained to recognise the images captured by the rCubeBot. 
The original pretrained ResNet50 model was modified for 

Figure 2. Proposed system process.

Figure 3. Intelligent E-waste hauler attached truck overview and model of proposed robot.
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transfer learning with the addition of dense and fully connected 
layers followed by extensive parameter tuning.

Dataset

The dataset used consists of 8000 images of most prominent con-
sumer electronic devices with their appearance status ranging 
from completely functional to critically damaged. The entire 
dataset is split under 8 different labels (computer keyboards, 
motherboards, mobile phones, refrigerators, laptops, mouses, 
radios and televisions) with each label containing 1000 images 
each of the corresponding device. The dataset was created using 
a combination of a script-based image scraping from static pages 
through popular image search engines. The dataset was checked 
to ensure all the images are relevant to the corresponding label 
and suitable for classification modelling. All the images were 
resized to 224 × 224 to ensure their compatibility for training 
and testing of our E-waste identification model. Figure 1 shows a 
two-image sample from each category in the dataset.

The 8000 image dataset was split on a 4:1 ratio for training and 
testing of our modified ResNet50 model. The model was trained 
and tested on VGG16 network as well to establish a comparative 
analysis with our model. All images contained an individual elec-
tronic waste item (computer keyboards, motherboards, mobile, 
phones, refrigerators, laptops, mouses, radios and televisions) and 
are sized to 224 × 224 pixels. A detailed classification report of the 
performance of the model has been calculated and presented.

Results and analysis

A Webots simulation and python-based implementation of the 
proposal is presented in this article (Supplemental Material). The 
main controller of rCubeBot is written in python. The robot will 
move and capture images using the camera. This controller gets 
executed as an ‘extern’ controller. We use Pycharm for executing 
the controller code. If the images are ascertained to be an E-waste 
with 90% or above accuracy, the secondary controller is initiated. 
This controller will position the arm for easier lifting. The arm 
then lifts the object and places it on the surface it has for collec-
tion purpose. For controlling the camera as well as differential 

wheels and robotic arm, multiple concurrent simulation features 
of Webots are used.

Image classification and categorisation

The image captured by the robot is fed into the trained model for 
recognition. The model outputs the device label and the possible 
chemical content based on the nature of the device. The Mod-
Resnet50 is implemented for learning and classification purposes. 
We also implement VGG16, another popular deep learning model, 
to draw a parallel between the performances of Mod-Resnet50 and 
VGG 16 for electronic waste segregation. Table 1 presents the clas-
sification report of VGG16 upon implementation using our dataset. 
Table 1 presents the classification of ResNet50, which has been 
implemented for the robot’s identification system implementation 
and categorises the given image with higher accuracy.

We can conclude that the Mod-ResNet50 outperforms VGG16 
in different evaluation metrics such as accuracy, recall and preci-
sion. Once the image is categorised under one of the defined labels 
with an accuracy higher than the threshold accuracy of 90, the 
robot initiates the process of picking up the item. The arm picks up 
the item and places it on the platform. If the weight of the object is 
greater than the payload of the robot, as in the case of refrigerators, 
the robot identification system can be used by the human garbage 
collector to locate and separate the electronic waste item. Figure 4 
showcases the classification graphs for the implementation of 
Modified Residual Network 50 (Mod-Resnet 50) and VGG16. 
Figure 5 demonstrates the recognition system that is implemented 
for identification in our robot, its output of labels and possible 
chemical based on the nature of the device identified.

Positioning arm and picking up E-waste 
logic

Once the image captured is ascertained to be an E-waste, the 
robot is rotated (moved) with X degree angle where x is the angle 
difference between the camera position and the arm. After mov-
ing/rotating the arm to required degree, the rCubeBot is moved 
closer in the same position to the E-waste object. First, the robot 
arm is stretched outwards and then made to reach the object by 

Table 1. Comparison of VGG16 classification report and Mod-ResNet50 classification report.

VGG-16 Precision Recall f1-score Support Mod-ResNet50 Precision Recall f1-score Support

Keyboard 1 1 1 22 Keyboard 0.95 1 0.98 21
Laptops 0.94 0.94 0.94 17 Laptops 1 0.94 0.97 18
Motherboard 1 0.94 0.97 17 Motherboard 1 0.89 0.94 18
Mouse 1 1 1 32 Mouse 1 1 1 32
Phones 0.89 0.94 0.92 36 Phones 0.95 0.97 0.96 37
Radios 0.71 0.91 0.8 11 Radios 0.86 0.92 0.89 13
Refrigerators 0.96 0.96 0.96 23 Refrigerators 1 0.96 0.98 24
TV 1 0.8 0.89 20 TV 0.94 1 0.97 15
Accuracy 0.94 178 Accuracy 0.97 178
Micro avg 0.94 0.94 0.93 178 Micro avg 0.96 0.96 0.96 178
Weighted avg 0.95 0.94 0.94 178 Weighted avg 0.97 0.97 0.97 178
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lowering the angle of the arm. Then the ‘grip’ feature of the arm 
is used to grip the object and it is moved 100 degrees to place the 
object on the surface provided on the bot for this purpose. 
E-wastes collected by the robot are deposited at a secluded part 
of the garbage collection truck at the end of every household 
waste collection point. Once the garbage truck completes collec-
tion of its designated checkpoints and returns back to the local 
recycling centre, the secluded part of the garbage can be sent 
directly for recycling, reuse or extraction of usable components.

Benefits of robotic mobile E-waste 
hauler

India faces a huge challenge in electronic waste management, 
with its E-waste generated per capita reaching over 2.4 kg and 

gaining one of the top three spots in the world, in terms of 
E-waste volume produced. Each metropolitan city in India gar-
ners over 25,000 workers dedicated for the segregation and 
collection of E-waste material from the solid waste channels. 
The automation of this separation process can help separate 
wastes efficiently while protecting labourers from the toxic 
nature of electronic wastes. The obtained wastes are then 
inspected to extract valuable elements or components from the 
remains.

The integration of segregation with the city waste collection 
process is much more efficient in terms of time and labour. The 
work accomplished by each of our system en route usually 
requires 5 hours of salvaging work by 10 labourers after the 
wastes are delivered at the collection centres. As the segregation 
takes place at each household collection checkpoint, the aftertime 

Figure 4. VGG16 and Mod-ResNet-50 classification graphs.

Figure 5. Predictions of Mod-ResNet50 mode.
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required for classifying is eliminated and the secluded E-waste 
section can be sent directly for processing. The proposed imple-
mentation of this article can relieve manual workers from their 
hazardous lifestyle while benefitting the government from a 
financial point for view. The costs of production, operation and 
maintenance of our proposed robotic system will be close to 80% 
of the labourer cost required to do the same work on a 5-year 
period.

Other short-term measures for enhancing the E-waste disposal 
process includes raising consumer awareness on the process of 
waste segregation and involving them in the process with well-
defined roles and standardisations. Regulatory frameworks for 
E-waste management and legal frameworks for industries will 
help maintain records of their E-waste disposal practices. 
Professional consultations on the end life range of electronic 
wastes by commercial organisations can help the authorities to 
arrive at informed conclusions about the disposal. The develop-
ment of Advanced Recycling Fee and shifting from the extended 
producer responsibility to producer responsibility organisation 
initiatives can help propel the efficiency of disposing wastes for 
industrial entities.

Conclusion

The article proposed a mobile robotic system as an alternative to 
manual labour for classification and collection of household elec-
tronic wastes. The system implemented in this article aims to pro-
vide solutions to the rough lifestyles of garbage workers and 
benefit the government financially. The deployment of these 
robots will propel the world towards the goal of autonomous 
waste collection and disposal. The waste identification system 
used achieves accurate results for electronic wastes and can be 
implemented as a separate entity at recycling centres. The pro-
posed system combines autonomous robotics and deep learning 
for electronic waste collection and separation from the general 
solid waste stream.

Further research directions include increasing the payload of 
the robot and arm can facilitate the collection of larger appliances 
like refrigerators and freezers. The addition of more categories of 
electronic waste items can propel the widespread applicability of 
the robot in multiple cities.
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