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Abstract
The rising amount of waste generated worldwide is inducing issues of pollution, waste management, and recycling, calling 
for new strategies to improve the waste ecosystem, such as the use of artificial intelligence. Here, we review the application 
of artificial intelligence in waste-to-energy, smart bins, waste-sorting robots, waste generation models, waste monitoring and 
tracking, plastic pyrolysis, distinguishing fossil and modern materials, logistics, disposal, illegal dumping, resource recovery, 
smart cities, process efficiency, cost savings, and improving public health. Using artificial intelligence in waste logistics can 
reduce transportation distance by up to 36.8%, cost savings by up to 13.35%, and time savings by up to 28.22%. Artificial 
intelligence allows for identifying and sorting waste with an accuracy ranging from 72.8 to 99.95%. Artificial intelligence 
combined with chemical analysis improves waste pyrolysis, carbon emission estimation, and energy conversion. We also 
explain how efficiency can be increased and costs can be reduced by artificial intelligence in waste management systems 
for smart cities.
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Introduction

Rapid urbanization, population growth, and economic devel-
opment have increased waste generated worldwide in recent 
years. According to the latest statistics, 2.01 billion tonnes 
of municipal solid waste was generated globally in 2016. 
This figure is expected to increase to 3.4 billion tonnes by 

2050 (Kaza et al. 2018). Unfortunately, 33% of solid waste 
is managed correctly and disposed of in illegal dumpsites 
or unmonitored landfills (Kaza et al. 2018). Improper waste 
disposal poses many environmental and health risks, such 
as groundwater contamination, land degradation, increased 
cancer incidence, child mortality, and congenital disabilities 
(Triassi et al. 2015). In the past, waste management practices 
were more rudimentary, with a small group of individuals 
collecting garbage from the streets and depositing it in desig-
nated areas (Brancoli et al. 2020). Once the trucks were full, 
the waste was left in these designated areas. However, with 
the advent of artificial intelligence, the waste management 
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industry is experiencing significant transformation toward 
achieving sustainability and profitability.

Artificial intelligence is a rapidly advancing technology 
that is gaining popularity in various industries, particularly 
waste management (Abdallah et al. 2020). The incorpora-
tion of artificial intelligence and robotics in the design and 
operation of urban waste treatment plants can revolutionize 
how solid waste is managed, leading to increased operational 
efficiency and more sustainable waste management practices 
(Goutam Mukherjee et al. 2021; Yigitcanlar and Cugurullo 
2020). Several developed countries, including Austria, Ger-
many, New Zealand, the USA, the UK, Japan, Singapore, 
Switzerland, South Korea, and Canada, have already begun 
to adopt artificial intelligence technologies to maximize 
resource utilization, efficiency, and recycling opportunities 
throughout the solid waste management cycle (Soni et al. 
2019). Artificial intelligence technologies, particularly for 
sorting and treating solid waste, are increasingly critical in 
waste management (Andeobu et al. 2022; Wilts et al. 2021).

Therefore, artificial intelligence is critical in develop-
ing sustainable waste management models, particularly for 
transitioning to a “zero waste circular economy” while 
considering social, economic, and environmental factors 
(Osman et al. 2022). Waste management should be consid-
ered when examining the problems facing different geo-
graphic areas and economic sectors, including smart cities. 
For instance, researchers have proposed various models for 
sustainable waste management, such as a model for meg-
acities that considers waste treatment, recycling, and reuse 

options (Liamputtong 2009). To choose the best location 
for solid waste management system components, another 
model was developed by researchers that take into account 
uncertain waste generation rates, facility running costs, 
transportation costs, and revenue (Chadegani et al. 2013). 
Based on the England panel data, Liu et al. (2017) inves-
tigated data on landfill, waste management, and environ-
mental safety in England, including the reasons for illegal 
dumping (Goutam Mukherjee et al. 2021; Yigitcanlar and 
Cugurullo 2020). In addition, Zhang et al. (2019) empha-
sized the need for a new school of management thought to 
transition to a “zero waste circular economy.”

To summarize, this paper provides an overview of 
waste types, their generation, and associated issues, as 
well as explores various applications of artificial intel-
ligence in waste management. These applications include 
intelligent bin systems, waste-sorting robots, sensor-based 
waste monitoring, and predictive models of waste gen-
eration. Additionally, the paper discusses how artificial 
intelligence can help monitor and track waste materials 
throughout the recycling process, optimize the logistics 
and transportation of recycled waste, identify and reduce 
illegal dumping and waste treatment practices, and ana-
lyze the chemical composition of waste. One of the unique 
contributions of this paper is the combination of artificial 
intelligence and waste chemical analysis to improve the 
process of converting waste into energy. Figure 1 shows 
the key concepts of artificial intelligence in waste manage-
ment and the content of this article.

Fig. 1  Application of artificial intelligence in waste management. The 
figure illustrates five key aspects: waste type and generation, the use 
of artificial intelligence in waste management, artificial intelligence-
based optimization of waste transportation, the role of artificial intel-
ligence in detecting and reducing illegal dumping and waste treatment 

practices, and the use of artificial intelligence to analyze the chemical 
composition of waste. This optimized representation provides a clear 
and concise overview of the main themes discussed in this review, 
highlighting the potential of artificial intelligence to revolutionize 
waste management practices
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Waste types and production

Waste is a major environmental issue due to its poten-
tial to contaminate air, water, and soil. Its generation is 
mainly attributed to human activities such as industrial 
production, construction, agricultural activities, pollution 
emissions, consumption, and waste disposal (Chen et al. 
2023; Ukaogo et al. 2020). This can lead to environmental 
pollution, health risks, economic losses, and the loss of 
resources and costs associated with waste management. To 
address these issues, governments and organizations have 
implemented waste management strategies such as recy-
cling, composting, reusing, using renewable energy, and 
adopting green technologies. Moreover, public education 
and awareness campaigns can help reduce the amount of 
waste generated and encourage individuals to make more 
sustainable choices (Osman et al. 2023).

Waste classification principles vary and may involve 
categorization based on the waste’s material, state, or 
source (Peng et al. 2023). Based on the waste sources, 
research has demonstrated that industrial waste is the pri-
mary source of waste (Gaur et al. 2020). This waste is 
mainly composed of volatile compounds, wastewater, slag, 
and scrap generated during industrial production, which 
contain many hazardous substances, such as heavy metals, 
organic pollutants, and radioactive materials, leading to 
severe environmental pollution (Patel et al. 2022; Tawfik 
et al. 2022). Additionally, organic waste is generated by 
agricultural, animal, and wastewater treatment waste and 
the food industry. This type of waste can be used for value-
added purposes, composting, or sent to landfills (Ren et al. 
2018). Organic waste from natural environments may 
also be hazardous, as it contains toxic substances, such 
as ammonia and chlorine, which can cause air, water, and 
soil pollution.

According to the waste states, waste can be divided 
into solid waste (Jha et al. 2022), hazardous waste (Jha 
et  al. 2022), liquid waste (Mekonnen 2012), organic 
waste (Sharma et al. 2019), and recyclable waste (Ren 
et al. 2018). Solid waste is mainly generated from human 
activities such as manufacturing, agriculture, and mining, 
and the treatment methods include recycling, incineration, 
and landfill (Bhatt et al. 2018). Solid waste types include 
construction, household, industrial, hazardous, electronic, 
medical, and agricultural waste (Peng et al. 2023; Vyas 
et al. 2022). Hazardous waste contains toxic, flammable, 
combustible, radioactive, and corrosive waste, mostly from 
electronic and biomedical waste (Akpan and Olukanni 
2020). Hexavalent chromium liquid, mercury liquid waste, 
corrosive and alkaline liquid waste, cyanide liquid waste, 
and heavy metal liquid waste are all examples of liquid 
waste. In particular, corrosive and alkaline liquid waste 

makes up 12.4%, organic liquid waste 32.2%, and heavy 
metal liquid waste 47.9% (Ho and Chen 2018). If appro-
priate control measures are not taken, most liquid waste is 
hazardous industrial waste, which can significantly nega-
tively affect the environment and public health (Tong and 
Elimelech 2016). Recyclable waste is refuse that can be 
removed from the waste stream and used as a raw material 
to create new products like paper, glass bottles, and ceram-
ics (Fenta 2017). Some refuse recycling techniques include 
biological re-treatment, energy recovery, and physical re-
treatment (Waheeg et al. 2022).

To summarize, waste types mainly include solid waste, 
hazardous waste, liquid waste, organic waste, and recyclable 
waste. The main sources are individuals, industry, agricul-
ture, and transportation. Treatment methods include recol-
lection, incineration, landfill, biological, and pyrolysis.

Artificial intelligence in waste management 

The utilization of artificial intelligence has the potential to 
bring about a revolution in municipal waste management by 
enhancing the effectiveness of waste collection, processing, 
and classification. Artificial intelligence-based technologies 
like intelligent garbage bins, classification robots, predic-
tive models, and wireless detection enable the monitor-
ing of waste bins, predict waste collection, and optimize 
the performance of waste processing facilities. The details 
are shown in Table 1. By leveraging artificial intelligence, 
municipalities bin reduce costs, improve safety, and reduce 
environmental impacts associated with waste management.

Smart bin systems

Conventional garbage bins solely collect waste, and sanita-
tion workers must carry out manual inspections to assess 
the trash level in the bins. This approach is not efficient for 
routine waste disposal inspections. Moreover, due to the fre-
quent filling of the containers, disease-causing organisms 
and insects tend to breed on them (Noiki et al. 2021). There-
fore, designing intelligent garbage bin monitoring systems 
to manage garbage is essential in constructing smart cities.

Numerous research studies on intelligent garbage bins 
have focused on two key functions: automatic waste clas-
sification and monitoring. These studies offer a potential 
solution for cities to achieve an effective garbage collection 
system. An intelligent garbage bin can be created by utiliz-
ing a system on a chip produced by the Espressif systems 
(ESP 8266) module, automatically detecting objects and 
setting thresholds within the bin. The information gathered 
can then be transmitted to another node for further analysis 
and processing (Praveen et al. 2020b). For example, Praveen 
et al. (2020a) designed a garbage bin with two main pins: 
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the trigger pin connected to the sensor and the echo pin. An 
ultrasonic sensor is placed at the top and bottom of the cover. 
Rajathi G et al. (2020) designed a robot garbage bin with 
two sensors installed at the bottom, which moves along a 
straight line. An obstacle sensor is embedded on one side of 
it, which can sense black and emit a buzzer sound to indicate 
that the garbage has stopped storing for some time. In addi-
tion, an ultrasonic sensor can be placed at the bin’s edge to 
detect the waste level (Mbom et al. 2022). The status of the 
container will be updated on the web page via the wireless 
fidelity module, showing whether it is full or empty. Some 
researchers design bins that separate and monitor garbage 
using Arduino and wireless fidelity (Samann 2017). It has an 
automatic metal and non-metal separator. Using NodeMCU, 
the bin’s water level can be monitored in real time and sent 
to the cloud for further analysis and processing (Saranya 
et al. 2020).

In summary, the research on smart garbage bins mainly 
focuses on automatically monitoring the garbage filling level 
and notifying users in time. The information is primarily 
received by sensors and transmitted through the network. 
Intelligent bin systems can potentially increase the efficiency 
of garbage collection, reduce the spread of diseases, and 
enhance the city’s overall environment. However, the cost of 
implementing smart garbage bins is relatively high, making 
it challenging to promote them widely. To address this issue, 
the government could consider funding policies to reduce 
the cost of smart garbage bins, making them more accessible 
to the general public. Furthermore, the regular operation of 
these bins can be affected by environmental factors such as 
temperature and humidity. Thus, dedicated personnel must 
regularly check and maintain the garbage bins. Therefore, 
it is crucial to focus on developing and promoting smart 
garbage bins in the future.

Waste‑sorting robots

Garbage classification is strongly recommended for munici-
pal solid waste management, and using robots can substan-
tially enhance the efficiency of garbage classification. How-
ever, robots require advanced visual and operational skills 
to function in highly heterogeneous, complex, and unpre-
dictable industrial environments for garbage classification 
(Koskinopoulou et al. 2021). Recent research has focused 
on improving the accuracy and efficiency of garbage clas-
sification robots, which requires the development of better 
sensors and cameras to identify different types of waste, as 
well as improved artificial intelligence algorithms for clas-
sifying waste. Utilizing hyperspectral images to locate the 
target region of interest is a promising approach (Xiao et al. 
2020). Based on previous research, robots can cope with 
complex field conditions by adding simultaneous localiza-
tion and mapping technology and instance segmentation Ta
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methods. They can automatically collect construction and 
demolition waste (Wang et al. 2020). Deep learning technol-
ogy, such as instance segmentation, can accurately detect 
the contours of all objects in an image, including construc-
tion and demolition waste (Chen et al. 2022b). Given the 
complexity of construction sites and the large amounts of 
construction waste generated, manual collection and clas-
sification are often inefficient and pose safety risks. Con-
sequently, the recovery of construction waste has become a 
research focus. (Yang et al. 2023b).

Researchers are currently investigating methods of inte-
grating waste-sorting robots into existing waste management 
systems, such as utilizing robots to sort waste before it is 
sent to landfills. In this regard, studies have suggested a par-
allel robot model, with the primary concept revolving around 
a gripper that is fully integrated into a 4-degree-of-freedom 
similar robot structure (Leveziel et al. 2022). Researchers are 
also exploring using visual sensors to improve the perfor-
mance of waste-sorting robots. For instance, a waste-sorting 
robot has been developed using deep learning techniques 
and optical sensors that can accurately identify and classify 
different types of waste (Mao et al. 2022).

In conclusion, trash-sorting robots have the potential 
to significantly increase waste management effectiveness, 
decrease labor expenses, and boost refuse classification 

precision. However, some argue that waste-sorting robots 
are impractical due to their high installation and mainte-
nance costs compared to traditional waste-sorting methods. 
Nonetheless, researchers are exploring more affordable 
ways of creating waste-sorting robots, such as utilizing less 
expensive materials or designing robots operating in diverse 
settings. Additionally, efforts are being made to improve the 
robot’s structure, sensors, waste classification algorithms, 
and robotic arms to make them more effective and efficient. 
Waste-sorting machines will continue to be of great interest 
and play a significant part in real-world uses in the future.

Sensor‑based waste monitoring

Sensor-based waste monitoring is a technology that utilizes 
sensors to track the amount of waste generated, identify the 
sources of waste, and measure the effectiveness of waste 
management strategies in a specific area. Wireless sensor 
network is a network composed of many self-organized 
wireless sensors installed in the network to monitor the 
physical or environmental parameters of the system (Gurram 
et al. 2022). As illustrated in Fig. 2, a typical wireless sen-
sor network architecture for solid waste treatment systems 
includes various sensors, such as temperature, humidity, 

Fig. 2  Uses of artificial intelligence in the garbage bin and waste 
robotic sorting. These include real-time garbage bin monitoring to 
optimize waste collection routes and prevent bin overflows. Addition-
ally, intelligent garbage sorting can improve recycling efficiency and 
reduce contamination. In contrast, robotic waste sorting can utilize 
robotic arms to sort waste in recycling facilities, increasing the speed 
and accuracy of sorting while reducing the need for manual labor. 

Artificial intelligence can also be used for predictive maintenance to 
anticipate when waste-sorting equipment will require maintenance, 
reducing downtime and extending equipment lifespans. Lastly, waste 
management optimization using artificial intelligence can consider 
factors such as traffic, weather, and population density to enhance the 
efficiency of waste collection and processing
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odor, infrared, gas, and sound sensors. Increase waste man-
agement efficacy.

These sensors can be used to monitor parameters in 
real time, thus better controlling the waste treatment pro-
cess. For instance, an electronic nose can be developed 
using sensors to quantify odor concentration in real time to 
help treat wastewater (Burgués et al. 2021). Additionally, 
Sivaprakasam et al. (2020) proposed using a non-contact 
microwave sensor for in situ process monitoring of nuclear 
waste glass melts in cold crucible induction melting fur-
naces. In addition, they designed infrared sensors to deter-
mine the filling level of the carriages, gas sensors to detect 
hazardous gases, temperature, humidity sensors, and sound 
sensors to monitor noise pollution.

An intelligent garbage bin monitoring system based on 
a Zigbee network structure was suggested by Karthikeyan 
et al. (2017), in which the terminal nodes installed on the 
garbage bins detect the level of unfilled. Raaju et al. (2019) 
suggested using a solar energy collection device to power 
the wireless sensor network to increase the nodes’ lifespan. 
The major drawback of this system is its inability to dis-
play real-time filling levels of the garbage bin. Jino Ramson 
et al. (2017) suggested a solar-powered wireless monitor-
ing unit with a sensor to measure the level of the can when 
it is empty and transmits the information to solar-powered 
wireless monitoring unit to address this problem. A self-
powered, direct-connection wireless sensor network solid 
waste management system will be created by sending the 
data collected from numerous sensor nodes to the central 
monitoring station for analysis and visualization (Ramson 
et al. 2021). Additionally, a progressive bar is created in 
the graphical user interface to symbolize the garbage bin’s 
dynamic unfilled level.

To summarize, the development of wireless sensor net-
works has been rapid, and there have been numerous studies 
on the application of sensors in waste monitoring, mainly 
through monitoring the level of garbage and then utilizing 

the network to notify users (Joshi et al. 2022). Many stud-
ies have reported applying different machine learning-based 
methods in waste management to predict and optimize 
municipal solid waste generation, detection, collection, clas-
sification, and properties. The mechanism is shown in Fig. 3.

Models to predict waste generation

Research on waste generation prediction models has 
recently gained increasing attention, and various models 
have been proposed to predict better the amount of waste 
generated (Kolekar et al. 2016). These models include sta-
tistical, machine learning, deep learning, and fuzzy models. 
Artificial intelligence algorithms are considered the most 
advanced models for reliable waste generation prediction, as 
they possess unique capabilities (e.g., data input, learning, 
and prediction) (Coskuner et al. 2020).

Artificial neural networks are one of the nonlinear models 
widely used for modeling various urban waste management 
processes due to their robustness, fault tolerance, and ability 
to describe the complex relationships between variables in 
multi-variable systems (Cha et al. 2020). Machine learn-
ing algorithms such as artificial neural networks multilayer 
perceptron, support vector regression algorithms, linear 
regression algorithms, decision tree algorithms, and genetic 
algorithms can be used to develop models with better pre-
dictive performance on small datasets composed mainly of 
categorical variables (Cha et al. 2022, 2017; Golbaz et al. 
2019). For cities with historical records, past historical data 
can be referred to and integrated with multiple datasets to 
establish a gradient boosting regression model. For exam-
ple, Johnson et al. (2017) developed a short-term prediction 
model for garbage generation in New York, achieving an 
average accuracy of 88%. To analyze urban waste prediction 
models in cities with limited historical data, a method that 
includes all predictive factors can be utilized to evaluate 
regional differences and their influence on waste prediction. 

Fig. 3  A typical wireless sensor 
network structure for a solid 
waste management system. A 
sensor is installed on the gar-
bage bin. When garbage enters, 
the sensor can obtain informa-
tion such as smell, weight, and 
humidity to classify the trash. 
At the same time, it can detect 
the environment of garbage bins 
and monitor the filling level of 
garbage bins. Users can monitor 
the status of garbage bins on 
the platform in real time as the 
information is uploaded through 
the internet
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By assessing the model’s dependence on predictive factors, 
the impact of regional differences on urban waste prediction 
can be analyzed (Wu et al. 2020).

In conclusion, due to the rapid development of artificial 
intelligence, it has been widely used in waste generation 
prediction models. Artificial intelligence systems com-
monly used in waste management include artificial neural 
networks, support vector regression, linear regression, deci-
sion trees, and genetic algorithms. Among these, artificial 
neural networks have been widely implemented in waste 
generation prediction applications, followed by support vec-
tor machines.

Monitoring and tracking waste materials 

Artificial intelligence technologies can be used to facilitate 
more efficient and effective waste classification and recy-
cling. Machine learning techniques can be employed to iden-
tify the type of waste, such as plastics, metals, paper, and 
other materials, for more accurate and efficient recycling 
(Chen 2022). Artificial intelligence-based systems can also 
monitor the recycling process for anomalies, such as incor-
rect material classification or material contamination, and 
alert the relevant personnel to take corrective measures.

Furthermore, artificial intelligence can optimize the recy-
cling process by analyzing the data from the recycling pro-
cess and suggesting improvements (Pouyanfar et al. 2022). 
Additionally, artificial intelligence can be essential in meas-
uring and tracking waste (Ponis et al. 2023). This can help 
to ensure that materials are recycled most efficiently and 
effectively.

Artificial intelligence can significantly improve the effi-
ciency of environmental pollution information acquisition 
(Liu et al. 2021b). With the development of big data tech-
nology, the application of artificial intelligence can quickly 
improve the efficiency of information acquisition. Artificial 
intelligence has powerful perception capabilities, which 
can more effectively identify the source of environmen-
tal information and make basic judgments on the current 
environmental situation. For example, artificial intelligence 
can identify the location and size of noise pollution sources 
through sound recognition and present the noise situation 
in the area through spectrum analysis, so decision-makers 
can intuitively understand the noise distribution (Pan et al. 
2018). Moreover, artificial intelligence can also achieve 
good environmental management (Zhu et al. 2022). By 
installing intelligent terminals in each  garbage bin, various 
state information can be obtained in real time and further 
analyzed and processed. For example, it can detect whether 
the  garbage bin is complete and use gas sensors to classify it 
into recyclable and non-recyclable categories (Rabano et al. 
2018). This can reduce labor costs and improve classification 
efficiency, thus achieving good environmental management.

The utilization of artificial intelligence in waste recycling 
has gained widespread application. This includes optimizing 
waste collection truck routes, identifying waste management 
facilities, simulating the waste transformation process, and 
integrating various technologies such as radio frequency 
identification (Zhou and Piramuthu 2013), a global posi-
tioning system (Hidalgo-Crespo et al. 2022), and geographic 
information system (Zewdie and Yeshanew 2023) to moni-
tor solid waste collection trucks and containers. Moreover, 
machine learning and image processing techniques have 
been combined with these technologies to automatically 
detect the level of containers (Vitorino de Souza Melaré 
et al. 2017). However, further research is still needed to 
explore integrating remote sensing technologies and arti-
ficial intelligence. On the one hand, it is necessary to use 
remote sensing technologies to quickly update the data of 
domestic waste and realize the dynamic planning of urban 
household waste management with a business system that 
can be continuously updated and run for a long time. In addi-
tion, it is crucial to further incorporate the expertise accu-
mulated by specialists in this field into the system to achieve 
intelligent decision support for garbage management.

In summary, artificial intelligence’s rapid advancement 
has enabled its waste monitoring application to become a 
new research direction. Developing artificial intelligence 
platforms for waste monitoring is a highly sought-after 
research topic. The artificial intelligence platform receives 
data collected by monitors and sensors, which is then trans-
mitted to the artificial intelligence server. The data train, 
optimize, and predict on the platform, generating intelligent 
waste management prediction models. These models can 
improve the quality and efficiency of pollution tracing and 
environmental problem-solving, providing effective solu-
tions to environmental challenges.

Chemical analysis of waste using artificial 
intelligence

Recent applications of machine learning have attracted con-
siderable interest in areas including waste-to-energy con-
version (Ahmad et al. 2015), biochar for metal and organic 
compound adsorption (Ascher et al. 2022; Dubdub and 
Al-Yaari 2021), municipal solid waste treatment (Goutam 
Mukherjee et al. 2021), and the oxidation of micropollutants 
(Ascher et al. 2022). Table 2 summarizes the latest applica-
tions of artificial intelligence in waste chemistry.

Prediction of pyrolysis conditions for plastic 
recycling

There is currently insufficient capability in the world’s waste 
management systems to securely dispose of or recycle all 
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waste plastics, which inevitably increases the number of 
waste plastics dumped into the environment (Osman et al. 
2023). Each year, the seas are thought to receive 8 million 
tonnes of microplastics and 1.5 million tonnes of main 
microplastics (Lau et al. 2020). For billions of years, waste 
polymers can deteriorate in the environment. Due to inef-
fective pre- and/or post-user management and widespread 
landfilling of refuse plastics, pyrolysis as a conversion tech-
nique can overcome severe ecological and environmental 
obstacles. Machine learning methods can be used to forecast 

the continuous and non-catalytic process products of refuse 
plastic pyrolysis.

Through data ingestion and experience, machine learn-
ing can instantly improve to correlate inputs to matching 
reactions and comprehend the mathematical relationships 
between intricate processes and algorithms (Ascher et al. 
2022). Several algorithms have been recently reported to 
simulate pyrolysis or gasification processes. These include 
artificial neural networks, tree-based algorithms such as 
decision trees and random forests, and support vector 

Table 2  Application of artificial intelligence in waste chemistry. This 
table summarizes 13 articles and divides the application of artificial 
intelligence in waste chemistry into three parts, mainly waste pyroly-

sis, carbon emission prediction, and energy conversion. Key informa-
tion is also summarized

Field Key information Reference

Waste pyrolysis Linking inputs to corresponding responses can improve 
machine learning by understanding the mathematical 
relationships between complex processes and algo-
rithms. The study includes input variables such as feed 
capacity (kg/h), pyrolysis temperature (°C), and steam 
residence time (s). Raw material traits, including the 
composition of different plastic types, final analysis, 
and particle size (mm), are also considered input fac-
tors in the research

Ascher et al. (2022); Cheng et al. (2020); Mutlu and 
Yucel (2018); Yaka et al. (2022)

These models can identify and evaluate catalysts that 
optimize hydrogen generation while minimizing 
carbon dioxide yield. Additionally, these models can 
be utilized to optimize hetero-catalyst loading during 
hydrothermal gasification and replicate the sodium 
hydroxide-catalyzed hydrothermal gasification of 
waste biomass to investigate the environmental impact 
of the process

Estimate carbon emissions The makeup of the carbon source (biochar, fossil, and 
inert) is essential in deciding greenhouse gas emis-
sions from solid waste burning. Machine learning 
techniques, such as random forests and support vector 
machines, can uncover latent connections and forecast 
the properties of solid refuse groups. The carbon con-
tent of biological sources and fossils can be calculated 
in terms of mass using infrared spectroscopy and 
machine learning, allowing researchers to evaluate the 
effect of solid refuse burning on decreasing carbon 
emissions and saving substantial labor and reagents

Guo et al. (2021); Schwarzböck et al. (2018); Wang et al. 
(2021); Yuan et al. (2021)

In biological processing, machine learning algorithms 
can be used to separate impurities from raw materials, 
compost, and solid digests. This can help reduce pos-
sible environmental risks and improve the profitability 
of compost and anaerobic digestion products

Waste-to-bioenergy Porous carbon produced from biomass refuse is a 
complex material extensively used in sustainable 
waste management and carbon capture. Biogas power 
generation is a form of sustainable energy fed by 
biological refuse produced by people and animals. It 
is part of the circular economy and is regarded as one 
of the most energy-efficient and ecologically beneficial 
bioenergy production technologies. However, biogas 
power production necessitates a lengthy response time 
and a complicated input, with no means to integrate 
machine learning and deep learning models

Chiu et al. (2022); Huang and Koroteev (2021); Kalhor 
and Ghandi (2019); Liu and Karimi (2020); Zaied et al. 
(2023)
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machines (Mutlu and Yucel 2018; Yaka et al. 2022). Artifi-
cial neural network methods are the most popular machine 
learning techniques, for example, in the context of pyrolysis 
simulation by using tar, coke, and permanent gas interac-
tions to model biomass gasification. Artificial neural net-
work methods outperform realistic gas balance models that 
predict gasification products (Cheng et al. 2020). Tree-based 
methods and support vector machines have been success-
fully implemented in waste management. Cheng et al. (2020) 
proposed combining random forest-based predictive models 
with life cycle assessment and economic analysis to evaluate 
different pyrolysis feedstocks comprehensively. In addition, 
support vector machines have been widely used in pyroly-
sis prediction tasks. For example, support vector machines 
perform better than artificial neural networks at R2, and root 
means a squared error in predicting pyrolysis biochar yield 
(Cao et al. 2016).

The input factors of particle size (millimeters) allow for 
the classification of the composition of various plastic types, 
such as polyethylene, polypropylene, polystyrene, polyvi-
nyl chloride, and polyethylene terephthalate, in the research 
(Osman et al. 2023). Additionally, the factors included the 
ashless chemical components of carbon, hydrogen, oxygen, 
nitrogen, and chlorine. Sulfur was not chosen, however, 
because it is typically insignificant compared to the elements 
mentioned above. As an additional reactor, working factors, 
feed capacity (kilograms/hour), pyrolysis temperature (Cel-
sius), and steam residence time (seconds) were taken into 
account. Since they were only mentioned in a few carefully 
chosen sources, heating and carrier gas flow rates were not 
chosen as input factors. Where ranges were reported in the 
authorities, the mean values of the input variables were used 
in the study (Cheng et al. 2023).

In the hydrothermal gasification of waste biomass, recent 
research suggested a machine learning model for filtering 
and choosing catalysts. The writers used principal compo-
nent analysis and split the dataset into three subcategories: 
non-catalysts, alkali metal catalysts, and transition metal 
catalysts (Li et  al. 2021a). The created model yielded 
encouraging results when selecting and screening catalysts 
to maximize hydrogen production and decrease carbon diox-
ide production during hydrothermal gasification of discarded 
biomass. Comparable research used machine learning and a 
technology decision support system to optimize heterogene-
ous catalyst input during hydrothermal gasification (Gopira-
jan et al. 2021). The model demonstrated that catalyst addi-
tion had a favorable impact on hydrogen generation.

Artificial neural network techniques employing Leven-
berg–Marquardt and Bayesian regularization algorithms 
were utilized to analyze the environmental effects of waste 
biomass hydrothermal gasification with sodium hydroxide 
as a catalyst. Fózer et al. (2021) showed that a machine 
learning-based model could optimize and predict catalyst 

composition with a variance value of 0.965. Using sodium 
catalysts also increases the process’s ability to cause global 
warming. Future studies should focus on the effectiveness 
of catalysts in hydrothermal gasification processes and their 
effects on the atmosphere.

In conclusion, machine learning methods are often con-
sidered “black boxes,” making it challenging to apply them 
to study pyrolysis mechanisms and pathways comprehen-
sively. Therefore, future research should integrate machine 
learning models with traditional modeling methods, such as 
kinetic studies, to provide more comprehensive information 
on reaction processes and routes. Some authors have sug-
gested using feature alignment to evaluate the behavior and 
applicability of various input factors (Ascher et al. 2022). 
Additionally, future studies should clarify the opaque nature 
of machine learning algorithms to make them more acces-
sible and facilitate the quick learning of the relationships 
between input and goal variables. To create more complete 
models, integrated predictive models should be developed 
to forecast critical aspects of relevant variables.

Identifying modern and fossil carbon

Accurately measuring carbon emissions is essential to dis-
tinguish between the number of carbon sources in solid 
waste, including biogenic and fossil carbon. To this end, 
the three groups of carbon sources, namely the “biogenic 
carbon group,” “fossil carbon group,” and “inert carbon 
group,” are commonly used. Carbon dioxide outputs from 
paper, food refuse, and timber by the Bureau of Coast and 
Geodetic Survey are typically considered carbon neu-
tral. However, carbon dioxide emissions from the Freight 
Classification Guide System are linked to climate change 
(Schwarzböck et al. 2018). Therefore, the findings may be 
overestimated if biomass-derived carbon emissions are not 
considered when calculating greenhouse gas emissions from 
solid refuse incineration. Hence, the Freight Classification 
Guide System and the Bureau of Coast and Geodetic Survey 
shares are crucial markers to evaluate how well solid refuse 
burning reduces carbon emissions. Machine learning, a tool 
for data extraction that identifies patterns, has shown prom-
ise in resolving challenging environmental issues (He et al. 
2021). Machine learning algorithms such as random forests 
and support vector machines have become powerful tools for 
identifying hidden relationships that can predict the char-
acteristics of different solid waste groups using established 
datasets and literature data. However, there are three main 
reasons why these methods may not be widely adopted: (1) 
limited data size and quality can hamper performance (Li 
et al. 2021b); (2) poor interpretability can make it challeng-
ing to extract relevant information (Visser et al. 2022); and 
(3) heavy computation requirements can result in extended 
processing times (Yan et al. 2021).
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Moreover, many studies have focused on only one or, at 
most, two types of models, providing limited data for com-
paring the prediction accuracy of various models based on 
the same waste dataset (Wang et al. 2021). In the case of 
separately weighted garbage, the reduced total reflection 
infrared spectra to determine the mass-based amounts of 
biogenic and fossil carbon, Fourier-transform infrared, can 
be used with a machine learning method. This information 
can then be used to determine how solid refuse burning will 
affect the reduction of carbon emissions. This can save a lot 
of labor and chemicals while producing quick and precise 
results. From this viewing point, this strategy has much to 
offer regarding environmental and commercial fiscal ben-
efits. By separating contaminants like plastics and stones 
from feedstock, compost, and solid digestate, the machine 
learning algorithm can be used in bioprocessing to lower 
possible environmental risks and enhance the profitability 
of composting and anaerobic digestion products (Guo et al. 
2021).

In summary, accurately measuring carbon emissions from 
solid waste requires identifying the sources of biogenic and 
fossil carbon. Machine learning algorithms such as random 
forests and support vector machines can be used to extract 
data to identify carbon sources. Furthermore, combining 
Fourier-transform infrared spectroscopy with machine learn-
ing methods can determine the quantity of biogenic and fos-
sil carbon. This approach can save resources and produce 
fast and accurate results.

Waste to energy 

Biogas for electricity generation is a renewable energy 
source that takes its input from organic waste produced by 
humans and animals and is part of a circular economy (Far-
ghali et al. 2022; Salguero-Puerta et al. 2019). According 
to the International Energy Agency, this century will see 
a two- to threefold rise in energy consumption, using up 
many resources. According to data from 2020, the global 
energy supply was 584,523,552 exajoules. Of this supply, 
29.47% was derived from oil, 26.80% from coal, 23.68% 
from natural gas, 9.84% from biofuels, and 5.21% from 
renewable sources (Farghali et  al. 2023). Encouraging 
renewable energy to generate power is one of the primary 
growth areas. Among the various methods of energy pro-
duction, biogas power generation is considered one of the 
most energy-efficient and ecologically favorable bioenergy 
production technologies. Biogas resources have high utiliza-
tion rates, especially in the circular economy. For example, 
in Europe, biogas energy production has exceeded 6 million 
tonnes of oil, with a yearly growth rate of over 20% (Chiu 
et al. 2022). However, producing biogas needs complicated 
inputs and slow reaction times. Although researchers have 
recently begun using predictive models to analyze the input 

factors for biogas production, key factors have not been 
adequately analyzed, resulting in inconsistent output. To 
maximize biogas output, machine learning was incorporated 
to analyze and identify the key variables that significantly 
influence results, obviating the need for intricate computa-
tions and lowering the risk of mistakes (Farghali et al. 2023; 
Pence et al. 2023).

Currently, there are limited approaches that combine deep 
learning, machine learning, and neural networks for produc-
ing methane, as illustrated in Fig. 4. Some ongoing research 
is focused on developing a deep learning model for predict-
ing faults in internal combustion engine power production, 
which can aid biogas plants in adjusting their maintenance 
and troubleshooting plans (Liu and Karimi 2020). Addi-
tionally, several studies have worked to develop an artifi-
cial neural networks model to forecast the optimum biogas 
output using particular sources like sugarcane bagasse and 
bovine manure (Ghatak and Ghatak 2018) and anaerobic co-
digestion of palm mill wastewater (Zaied et al. 2023). Biogas 
generation studies and study findings use deep learning to 
analyze important waste and output forecasts compared to 
other renewable energy sources. Studies have looked into 
and made predictions about refuse gathering (Huang and 
Koroteev 2021) and some on output prediction, but waste 
inputs and outputs are rarely combined. Previous research 
focused on predictive models using machine learning tech-
niques like artificial neural networks, k-nearest neighbors, 
and support vector machines. However, the effect of time on 
capability has not been considered. To make predictions, this 
research uses a time series model. According to a literature 
study, extended short-term memory deep neural networks 
can handle numerous variables, which makes them helpful 
for resolving issues with time series forecasting (Bouktif 
et al. 2018).

In conclusion, methane gas power generation is a renew-
able energy source whose input comes from organic waste 
produced by humans and animals and is part of the circular 
economy. Machine learning and deep learning models are 
used to analyze and identify key variables that significantly 
affect methane output. Extended short-term memory deep 
neural networks are used to predict waste input and output.

Logistics, transportation and recycling

Logistics and transportation of refuse are essential compo-
nents of waste management. Moreover, the waste’s logistics 
and transportation system is a critical hub connecting the 
waste source and treatment (Xia et al. 2022). However, the 
current waste logistics and transportation systems suffer 
from several shortcomings. Firstly, the costs associated with 
waste logistics and transport are prohibitively high, particu-
larly during the collection phase. According to Sulemana 
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et al. (2018), transportation costs incurred during waste col-
lection account for approximately 70–80% of the total waste 
management costs. Secondly, personnel constraints lead to 
inefficiencies, such as disorganized collection plans and 
inadequate vehicles (Andeobu et al. 2022). Therefore, solu-
tions based on artificial intelligence have been developed 
and implemented to optimize waste logistics and transporta-
tion processes (Abdallah et al. 2020). This involves optimiz-
ing waste transportation and logistics from four perspectives: 
transportation distance, transportation cost, transportation 
time, and efficiency.

Akdaş et al. (2021) introduced a method for vehicle rout-
ing using an ant colony optimization algorithm. First, collect 
110 points of a particular city in Turkey. Then, convert the 
coordinates of the points and import them into the data-
base. Visualize these points on a map and create a distance 
matrix. Finally, the ant colony optimization algorithm deter-
mines the shortest route on the distance matrix. Researchers 
found that the 10th iteration of the ant colony optimization 
algorithm can reduce the transportation distance by 13% to 
reach the optimal solution. In addition, other studies have 
shown that using Dijkstra and Tabu search algorithms can 
also reduce the distance of waste transportation (Rızvanoğlu 
et al. 2019). First, it used the Dijkstra algorithm to calculate 
the shortest distance between two coordinates. The Tabu 
search algorithm is to determine the fastest path between two 
coordinates. In the subsequent experiment, there were 200 
waste collection points in a certain turkey area, 16,106 m. 
The two cases of transportation distance and 80 waste collec-
tion points, 5497 m transportation distance, are optimized. 

Rızvanoğlu et al. (2019) confirmed that Dijkstra and Tabu 
search algorithms could reduce transportation distance by 
28%. In general, upon implementing the ant colony opti-
mization algorithm, waste transport distances were reduced 
by 13% on average. Additionally, utilizing the Dijkstra-Tabu 
search algorithm reduced the waste transport distance by 
28%. 

Babaee Tirkolaee et al. (2019) presented the simulated 
annealing algorithm for generating initial values based on 
a random algorithm. The simulated annealing algorithm is 
used for optimization based on obtaining the initial value. 
An area in Iran with 330 square kilometers and 43 recycling 
nodes is optimized using the simulated annealing algorithm 
(Babaee Tirkolaee et al. 2019). The simulated annealing 
algorithm reduced the total cost by 13.3%.

Amal et al. (2018) introduced genetic algorithms for opti-
mizing vehicle routing. First, use a geographic information 
system to get the solution, including the vehicle’s route, 
subsequently utilizing the genetic algorithm to optimize the 
vehicle’s route. Finally, use ArcGIS and Python scripts to 
represent the optimal solution. Later, in an experiment in 
a city in Tunisia, after ten iterations of the genetic algo-
rithm, the running time was reduced from 15.2 to 10.91 h. 
After optimizing the genetic algorithm, the running time 
of the vehicle was reduced by 28.22% (Amal et al. 2018). 
In addition, parallel annealing algorithms are also used to 
optimize vehicle collection paths (Zhang et al. 2020). Using 
the parallel annealing algorithm to optimize the waste col-
lection path in Xuanwu District, Beijing, Zhang et al. (2020) 
found that the optimized scheme of the parallel annealing 

Fig. 4  A neural network for 
predicting biogas volume using 
four input attributes. The 
diagram has eight hidden layers 
and one output layer to induce 
biogas prediction. It consists of 
three layers: input, hidden, and 
output
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algorithm can reduce the time by 12% compared with the 
original scheme. However, this research also has certain 
limitations. For example, the collection of vehicle speed is 
a fixed value, which is impossible. Overall, the genetic and 
parallel annealing algorithms can reduce the transportation 
time by 28.22% and 12%, respectively. However, the opti-
mization of the parallel annealing algorithm is limited by a 
fixed vehicle speed.

Akhtar et al. (2017) proposed an improved backtracking 
search algorithm on capable vehicle routing problems mod-
eled under smart bins. Use the backtracking search algo-
rithm to optimize based on the original route. At the same 
time, the data provided by the smart garbage bin is used to 
find the optimal range to reduce the number of garbage bins, 
thereby minimizing the distance. After four days of simula-
tion experiments, Akhtar et al. (2017) found that the efficacy 
of waste collection increased by 36.78%. Algorithms and 
models can be developed further if more constraints and 
uncertainties are considered.

Furthermore, Nowakowski et al. (2020) proposed a har-
mony search algorithm for optimizing vehicle collection 
routes. After applying the harmony search algorithm to 
optimize vehicle routes for collecting electronic waste in 
a region of Poland, Nowakowski et al. (2020) found that 
the harmony search algorithm could increase the number 

of collection points visited by 5.4%. In summary, the back-
tracking search algorithm can increase efficiency by 36.78%, 
and the harmony search algorithm can increase the num-
ber of access points by 5.4%. Table 3 summarizes the opti-
mization of artificial intelligence for waste logistics and 
transportation.

Illegal dumping and waste disposal

Illegal dumping refers to disposing of waste and garbage in 
areas not designated for waste disposal, including private 
and public areas (Liu et al. 2017; Lu 2019; Niyobuhungiro 
and Schenck 2022). Illegal waste dumping can significantly 
impact the surrounding ecosystem, create social problems, 
and pose risks to human health (Lu 2019; Niyobuhungiro 
and Schenck 2021). With the rapid growth of the global 
economy, the quantity of waste generated annually is ris-
ing, and crimes leading to illegal dumping are also increas-
ing (Du et al. 2021). Hence, governments worldwide must 
address the problem of illegal dumping as a critical waste 
management issue (Du et  al. 2021; Niyobuhungiro and 
Schenck 2021). Identifying illegal dumping is an inte-
gral part of the process of dealing with illegal dumping. 
Municipalities have also adopted various methods to identify 

Table 3  Artificial intelligence optimization for waste logistics and 
transportation. The type of artificial intelligence refers to which 
artificial intelligence technology is used for optimization. The type 
of waste refers to what kind of waste is transported. Transportation 
distance, cost, and time reduction refer to the reduction of the trans-

portation process after artificial intelligence optimization compared 
to before optimization. The increase in collection efficiency and the 
number of collection points refer to the increase in the transportation 
process after artificial intelligence optimization compared to before 
optimization. “–” stands for unmentioned

Types of artifi-
cial intelligence

Type of waste Proportion of 
reduction in 
transport dis-
tance

Percentage of 
cost reduction

Percentage of 
time reduction

Increased ratio 
in garbage col-
lection efficiency

Increased ratio 
in the number of 
collection points

References

Ant colony 
optimization 
algorithm

Solid waste 13% – – – – Akdaş et al. 
(2021)

Dijkstra’s 
algorithm and 
Tabu search 
algorithm

Municipal waste 28% – – – – Rızvanoğlu et al. 
(2019)

Simulated 
annealing 
algorithm

Municipal waste – 13.35% – – – Babaee Tirkolaee 
et al. (2019)

Genetic algo-
rithm

Solid waste 7.84% – 28.22% – – Amal et al. (2018)

Backtracking 
search algo-
rithm

Municipal waste 36.8% – – 36.78% – Akhtar et al. 
(2017)

Harmony search 
algorithm

Electronic waste – – – – 5.4% Nowakowski et al. 
(2020)

Parallel simu-
lated annealing 
algorithm

Solid waste – – 12% – – Zhang et al. 
(2020)
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illegal dumping. For example, the South Korean govern-
ment has installed cameras in areas where illegal dumping 
is concentrated to monitor and arranged for supervisors to 
patrol. However, installing cameras and arranging person-
nel to patrol requires many human and material resources, 
but it has not achieved good results (Kim and Cho 2022). 
As artificial intelligence technology advances, researchers 
have explored its potential to detect illegal dumping. The 
following section will discuss artificial intelligence’s use in 
identifying illegal dumping cases.

Shahab and Anjum (2022) used a multipath convolutional 
neural network model to identify and localize waste areas 
to identify illegal dumping. Because no data set for illegal 
dumping was identified in this model, Shahab and Anjum 
(2022) devised a quantitative investigation procedure. After 
training a multipath convolutional neural network model 
with 9000 pictures, the researchers used 3000 additional pic-
tures to test the model’s classification accuracy, which was 
found to be 98.33%. Additionally, Thotapally (2022) pro-
posed a method that utilizes the faster regions with a convo-
lutional neural network features target detection framework 
and the residual network algorithm as a convolutional layer 
to identify street photos captured by surveillance cameras 
to determine the cleanliness of the street. Facts have proved 
that using the residual network algorithm as a convolutional 
layer method improves the accuracy of target detection and 
positioning. To sum up, both multipath convolutional neu-
ral network mode and residual network algorithm can judge 
whether there is waste dumping behavior through pictures. 
Among them, the accuracy rate of multipath convolutional 
neural network mode recognition is 98.33%.

Based on deep neural networks, Kim and Cho (2022) pro-
posed a technique for monitoring illicit dumping that meas-
ures the distance between dumpers and garbage bags. The 
illegal dumping monitoring technology uses an openpose 
algorithm to identify the joints of the dumper and type of 
trash bag according to the “you only look once” (YOLO) 
model by detecting the distance between the dumper and 
trash bag to determine whether there is illegal dumping. 
After a series of experiments, the accuracy rate of the ille-
gal dumping monitoring system is 93%. Additionally, since 
illegally dumped waste is often transported by trucks, Du 
(2020) suggested capturing images of waste-carrying trucks 
through monitoring systems and then using the YOLO algo-
rithm to detect and determine whether they are involved in 
illegal dumping by comparing shape, color, and movement 
changes. In summary, the “you only look once” (YOLO) 
model algorithm can be used to distinguish whether there is 
an illegal dumping of humans and vehicles. The accuracy 
rate, when used to identify humans, is 93%.

Takahashi et al. (2022) used drones to collect river chan-
nel images and the faster regions with convolutional neural 
network features (faster r-convolutional neural network) 

model to train these images. Artificial intelligence can effec-
tively identify garbage in pictures. However, using the faster 
r-convolutional neural network model to identify garbage in 
the city requires more training for a faster r-convolutional 
neural network model. Moreover, Youme et al. (2021) pro-
posed using the single-shot detector algorithm (SSDA) to 
identify the pictures collected by drones. The SSDA can 
identify the location of garbage.

Nevertheless, the SSDA also has certain limitations. For 
example, only less litter can be identified in some covered 
regions such as wood areas. In addition, Padubidri et al. 
(2022) demonstrated using a basic convolutional neural 
network classification model and a residual block classifi-
cation model to identify and report illegal dumping sites 
in high-resolution aerial imagery. With some limitations, 
recognition errors may occur and may not be suitable for 
recognizing low-resolution aerial images. In short, a faster 
r-convolutional neural network model and SSDA can iden-
tify garbage in the drone to shoot images. Deep learning 
models identify illegal leaning points in high-resolution 
aerial imagery. Nevertheless, there are some shortcomings 
in the above three methods.

Furthermore, Ulloa-Torrealba et al. (2023) introduced a 
method of illegal dumping detection using the random forest 
algorithm on the segmented high-resolution earth observa-
tion. However, this method has shortcomings, such as the 
inability to identify wastes smaller than 64 square centim-
eters and the high-resolution images not being real time. 
Torres and Fraternali (2021) presented residual network 50 
and feature pyramid network to identify illegal dumps in 
aerial images. After testing, the method can reach 88% accu-
racy. Devesa and Brust (2021) proposed a method based on 
neural networks to identify illegal dumping sites in satellite 
images. However, this method has some disadvantages, such 
as the inability to identify small areas and obtain clear satel-
lite images when there are clouds.

To sum up, the random forest algorithm, residual net-
work 50, feature pyramid network, and neural network are 
all three methods that can be used to identify illegal dump-
ing, but there are some shortcomings. Table 4 summarizes 
eleven methods for artificial intelligence to identify illegal 
dumping.

Waste disposal reduces waste volume and accelerates 
waste purification through physical, biochemical, and 
pyrolysis gasification methods. Waste disposal methods 
can be categorized into four main types: waste recycling, 
waste incineration, waste composting, and waste landfill-
ing (Chen 2022). Waste recycling involves collecting, treat-
ing, and reusing human-generated waste (Erkinay Ozdemir 
et al. 2021). Waste incineration uses high-temperature and 
high-pressure pyrolysis oxidation to reduce the volume of 
waste and eliminate hazardous materials (Chen et al. 2022a). 
Waste composting involves the controlled decomposition of 
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organic matter in waste and its conversion into substrates and 
fertilizers (Aydın Temel et al. 2023; Wei et al. 2022). Waste 
landfilling involves filling waste into depressions or large 
pits, followed by anti-seepage, drainage, and air-guiding 
treatments.

The following sections will discuss using artificial intel-
ligence in waste disposal concerning these four methods. 
The treatment and reuse of waste are two parts of waste recy-
cling, and some researchers also focus on applying artificial 
intelligence in treatment and reuse.

Regarding waste treatment, Ziouzios et al. (2020) trained 
a convolutional neural network model to identify different 
wastes in waste recycling. The convolutional neural network 
model can classify wastes into five categories. After testing, 
the accuracy of the convolutional neural network model is 
as high as 96.57%. Next, the researchers will further experi-
ment to improve the accuracy of the convolutional neural 
network model (Ziouzios et al. 2020). Moreover, the arti-
ficial intelligence technology using transfer learning real-
ized the classification of 12 different models of smartphones 
(Abou Baker et al. 2021).

Regarding waste reuse, Qi et al. (2018) proposed a model 
for predicting strength that incorporated boosted regression 
tree and particle swarm optimization. The experimental 
results show that the strength prediction model can accu-
rately predict the strength and reduce the required mechani-
cal tests. In general, the convolutional neural network model 
and transfer learning can be applied to waste classification, 
while boosted regression trees and particle swarm optimiza-
tion are applied to waste reuse.

Waste composting is widely used as a waste treatment 
method for organic matter. However, some problems in 
actual operation exist, such as maturity, heavy metals, and 
carbon dioxide emissions (Guo et al. 2022; Li et al. 2022; 
Sharma et al. 2021; Yang et al. 2023c). Therefore, artificial 
intelligence-based solutions are developed. Sharma et al. 
(2021) proposed using artificial neural network modeling 
to improve the maturity parameters of flower waste and cow 
manure in vermicomposting. After experiments, Sharma 
et al. (2021) found that the fertilizer optimized by artificial 
neural network modeling has enough nutrients to benefit the 
growth of plants.

Regarding risk control of heavy metals in livestock and 
poultry manure composting, researchers combined machine 
learning models such as layer perceptron regression and 
support vector regression to predict and optimize heavy 
metals in pig manure composting (Guo et al. 2022). After 
the experiment, Guo et al. (2022) found that the machine 
learning model and genetic algorithm can effectively reduce 
the risk of heavy metal pollution in livestock and poultry 
manure composting. In addition, Li et al. (2022) created a 
new machine learning model to predict carbon dioxide from 
green waste composting. A total of six different algorithms 
were used to predict carbon dioxide, with the random forest 
algorithm achieving the maximum prediction precision of 
88%.

In summary, artificial neural networks can optimize com-
post maturity, and machine learning models can be used to 
predict heavy metals and carbon dioxide.

Table 4  Artificial intelligence models identify illegal dumping. Input 
data represent the picture recognized by artificial intelligence. Types 
of artificial intelligence stand for different artificial bits of intelligence 

that identify illegal dumping. Output result represents the result of 
artificial intelligence recognition. YOLO is the “you only look once” 
model algorithm

Input data Types of artificial intelligence Output result Reference

Pictures with or without waste Multipath convolutional neural 
network model

Determine if the vehicle is dumping 
garbage

Shahab and Anjum (2022)

Picture of vehicle YOLO Determine if the vehicle is dumping 
garbage

Du (2020)

Images from the drone Faster regions with convolutional 
neural network features

Identify the location of garbage Takahashi et al. (2022)

Pictures of the dump and the 
garbage

Openpose and YOLO Determine if the dumper is dumping Kim and Cho (2022)

Security camera shot of the street Faster regions with convolutional 
neural network features

Determine if the street is clean Thotapally (2022)

Images from the drone Single-shot detector algorithm Identify the location of the waste Youme et al. (2021)
High-resolution aerial images Basic convolutional neural network 

classification model
Identify illegal dumping sites Padubidri et al. (2022)

High-resolution aerial images Residual block classification model Identify illegal dumping sites Padubidri et al. (2022)
High-resolution earth observation Random forest algorithm Identify the location of the waste Ulloa-Torrealba et al. (2023)
Aerial images Residual network 50 and feature 

pyramid network
Identify illegal dumps Torres and Fraternali (2021)

Satellite images Neural networks Identify illegal dumping sites Devesa and Brust (2021)
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The waste landfill has become the most critical waste 
disposal method in most countries because of its large-scale 
operation and simple management (Mehrdad et al. 2021). 
However, landfills also present problems with siting, lea-
chate, and odors (Abunama et al. 2019; Mohsin et al. 2022; 
Xu et al. 2022). Abunama et al. (2019) presented several 
models for forecasting leachate production rates in landfills. 
These models included single- and double-hidden layer arti-
ficial neural networks, multilinear perceptron, and support 
vector machine regression time series algorithms. After 
testing, Abunama et al. (2019) proved that the method of 
artificial neural network-multilinear perceptron with double 
hidden layers is optimal.

Meanwhile, regarding site selection for waste landfills, 
the fuzzy analytic hierarchy process–support vector machine 
and fuzzy analytic hierarchy process–random forest inte-
grated models based on a geographic information system 
were developed Mohsin et al. (2022). Three landfills were 
selected to apply the model to siting landfills in a region of 
India. Xu et al. (2022) also constructed an artificial neural 
network model for ethanol, methyl sulfide, and dimethyl 
disulfide. They used a genetic algorithm to predict the odor 
emission rate of the landfill’s working face. Experiments 
show that the prediction accuracy is satisfactory. Overall, 
artificial neural networks can predict landfill leachate gen-
eration rates, vector machines and random forest models can 
be used for landfill siting, and genetic algorithms can be 
used to predict odor emission rates.

Although waste incineration is a common method of 
waste disposal, an improper operation can lead to adverse 
effects and problems. The complexity of waste incineration 
modeling arises from its nonlinear nature, strong coupling, 
significant delays, and high inertia. To overcome these dif-
ficulties, Chen et al. (2022a) developed an intelligent mod-
eling approach based on deep learning models, which proved 
more accurate and effective in simulating waste incineration 
power plants. Wajda and Jaworski (2021) used an ant opti-
mization algorithm after conducting laboratory experiments 
and practical tests, achieving satisfactory results. In addition, 
Cho et al. (2021) employed artificial neural networks to opti-
mize the conditions of an incinerator, and their findings indi-
cated that the model could reduce nitrogenous gas emissions 
by 34%. These optimization methods can help improve waste 
incineration processes’ efficiency and environmental impact.

Identifying and recovering valuable 
resources

The rapid development of the global economy and urbaniza-
tion has increased waste production, posing a serious prob-
lem for modern society (Chen et al. 2020). Governments 
mainly rely on landfill and waste incineration to manage 

waste, especially in developing countries, but improper dis-
posal can cause environmental issues (Ferronato and Tor-
retta 2019). However, the waste contains many recyclable 
materials, and recycling can reduce environmental impact 
and enable waste reuse (Zhang et al. 2021b). To promote 
waste recycling, many countries are implementing waste 
classification. However, manual classification is inefficient 
and prone to errors, hindering progress. Researchers are 
applying artificial intelligence to waste identification and 
classification to overcome these obstacles, proposing more 
reliable methods (Zhang et al. 2021b).

Zhang et  al. (2021c) proposed a two-stage recogni-
tion–retrieval algorithm for waste classification. The first 
stage involves constructing a recognition model to sort waste 
into thirteen categories, and the second stage trains a recog-
nition–retrieval model to classify waste into four categories. 
However, the algorithm has limitations, such as only iden-
tifying one waste type in mixed waste and low accuracy in 
classifying paper, tissue, and fabric. Moreover, Sousa et al. 
(2019) introduced a hierarchical deep learning method for 
sorting and identifying waste in food trays, which classifies 
waste into four categories based on material or ten categories 
based on shape using faster regions with convolutional neu-
ral network features. Similarly, Melinte et al. (2020) demon-
strated a deep convolutional neural network that can classify 
municipal waste into five categories with an accuracy rate of 
97.63% using single-shot detectors and faster regions with 
convolutional neural network features.

Based on the image classification model of deep learn-
ing, Zhang et al. (2021b) developed a method for adding 
a self-monitoring module to the residual network model. 
This model divides waste into six types according to the 
material. After experiments, it was found that the model’s 
accuracy was 95.87%. However, the model also has some 
limitations, such as the small amount of data in the data 
set, it is not realistic enough, and the actual situation in real 
life is quite different. Furthermore, Fahmi and Lubis (2022) 
developed a waste recognition system using a convolutional 
neural network to classify waste into inorganic and organic 
substances, with each group further subdivided into five sub-
classes. After conducting experiments, the waste recognition 
system achieved an average accuracy rate of 90%. Zhang 
et al. (2021a) proposed a waste identification and classifica-
tion method using transfer learning and convolutional neural 
networks. The method categorized waste into five classes 
based on different materials, and the model’s classification 
accuracy was 82% through testing. However, the transfer 
learning and convolutional neural network models have 
some limitations, such as the simplicity of waste pictures 
used in the experiments and the gap between these pictures 
and real-life waste.

Shi et al. (2021) proposed a multilayer hybrid convolu-
tion neural network for waste classification, achieving an 
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accuracy rate of 92.6% for classifying six waste categories 
based on material. Meanwhile, Na et al. (2022) employed 
image data augmentation and transfer learning to classify 
construction waste into five categories based on material. 
However, the model’s quality may be affected by increased 
data, and collecting pictures during sunrise and sunset 
should be avoided. Ziouzios et al. (2022) developed a waste 
detection and classification system using convolutional neu-
ral networks, achieving a 92.43% accuracy rate for classify-
ing four waste categories based on material. However, the 
system has high hardware costs and energy consumption.

In order to better classify and identify textile waste, Du 
et al. (2022) have developed a deep learning model based 
on a convolutional neural network to better classify textile 
waste. The model can accurately classify textile waste into 
13 categories based on material with a recognition time 
of fewer than two seconds and an accuracy rate of 95.4%. 
Bobulski and Kubanek (2021a) have demonstrated a deep 
learning-based classification system that uses a convo-
lutional neural network to classify plastic waste into four 
categories based on different materials. Both factories 
and households can use the system. Toğaçar et al. (2020) 
have proposed a waste classification method based on a 

convolutional neural network that divides waste into recy-
clable and non-recyclable categories with a precision rate of 
99.5%. Furthermore, Thumiki and Khandelwal (2022) have 
developed a real-time mobile application that uses image 
recognition and a convolutional neural network to classify 
waste into six categories based on material and determine 
whether it is recyclable or non-recyclable.

In summary, artificial intelligence, particularly deep 
learning models based on convolutional neural networks, 
has been shown to be effective in classifying waste accord-
ing to their material and shape. These models can accurately 
identify and classify different types of waste, which can help 
with waste management and recycling efforts, as listed in 
Table 5.

Improving public health and quality of life 

Implementing artificial intelligence technology to improve 
sustainable waste management can help reduce the use of 
natural resources without compromising the standard of 
living. This ensures a reduction in the generation of solid 
waste and its disposal to minimize its impact on health and 

Table 5  Artificial intelligence garbage classification and identifi-
cation. The various types of artificial intelligence refer to different 
garbage classification and identification approaches. The classifica-
tion index defines the type of classified waste, while the number of 

classifications indicates the number of categories the waste is divided 
into. The accuracy rate is the proportion of correct classifications to 
the total number of classifications made by artificial intelligence. If 
a value is not mentioned in the text, it is represented by a “–” symbol

Types of artificial intelligence Classification index Number of 
classifica-
tions

Accuracy rate Reference

Recognition–retrieval model Different types of garbage Four 94.71% Zhang et al. (2021c)
Faster regions with convolutional neural net-

work features—material
Material Four 72.8% Sousa et al. (2019)

Faster regions with convolutional neural net-
work features—shape

Shape Ten 73.6% Sousa et al. (2019)

Single-shot detectors Material Five 97.63% Melinte et al. (2020)
Faster regions with convolutional neural net-

work features
Material Five 95.76% Melinte et al. (2020)

Residual network model Material Five 95.87% Zhang et al. (2021b)
Convolutional neural network Organic and inorganic matters Ten 90% Fahmi and Lubis (2022)
Transfer learning and convolutional neural 

network
Material Five 82% Zhang et al. (2021a)

Multilayer hybrid convolution neural network Material Six 92.6% Shi et al. (2021)
Image data augmentation and transfer learning Material Five – Na et al. (2022)
Convolutional neural networks Material Four 92.43% Ziouzios et al. (2022)
Convolutional neural network and deep learn-

ing
Material Thirteen 95.4% Du et al. (2022)

Deep learning and convolutional neural 
network

Material Four – Bobulski and Kubanek (2021a)

Convolutional neural network Recyclable and non-recyclable Two 99.95% Toğaçar et al. (2020)
Image recognition and convolutional neural 

network
Material Six – Thumiki and Khandelwal (2022)
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the environment (Yigitcanlar et al. 2021; Yusoff 2018). The 
amount of solid waste generated worldwide is much greater 
than that of recyclables, and this trend is expected to con-
tinue (Kabirifar et al. 2021; Khudyakova and Lyaskovskaya 
2021). By incorporating artificial intelligence technology 
for intelligent recycling, waste classification, and disposal 
in developed and developing countries, the municipal solid 
waste process can be strengthened, leading to more sustain-
able recycling methods (Tanveer et al. 2020).

To effectively manage solid waste generation, creating 
and implementing a strategic roadmap is important (Wath 
et al. 2010; Williams 2019). Additionally, accurately predict-
ing the age of solid waste is crucial for achieving efficient 
municipal solid waste management, which can be accom-
plished through artificial intelligence (Yigitcanlar and Cugu-
rullo 2020). Traditional waste-sorting techniques are being 
replaced by automated intelligent machines capable of mul-
titasking and sorting large amounts of solid refuse. These 
machines are powered by artificial intelligence, can distin-
guish between different types of solid waste, and exhibit 
a high degree of autonomy in computer vision programs 
(Wirtz et al. 2019).

Urban waste is commonly known as “municipal waste,” 
and certain types of waste within this category require special 
handling and management due to their explosive, toxic, or pol-
luting nature that poses a risk to public health and living con-
ditions (Olugboja and Wang 2019). Municipal-level hazard-
ous, toxic, or detrimental waste to the quality of life and living 
conditions must be managed precisely. This includes waste 
generated from operational processes such as combustion ash, 
raw sewage, toxic enzyme oil, waste material, scrap metal, 
asphalt waste, ceramic waste, slag, gravel, animal manure, 
animals, grains, ashes, artificial waste, materials used in urban 
waste management, menstrual waste, and the generation of 
menstrual waste, all of which have the potential to cause harm, 
toxicity, or infection to public health and the environment.

Intelligent bins exemplify how artificial intelligence is 
employed in municipal solid waste management. Waste man-
agement companies can utilize artificial intelligence technol-
ogy to monitor garbage bins’ fill levels throughout a city. 
Municipalities and recycling companies can optimize their 
trash collection schedules, routes, and frequencies (Brynjolfs-
son and Mcafee 2017; Ortega-Fernández et al. 2020). This 
optimization reduces the time required to empty the bins 
while also reducing labor and fuel costs. Furthermore, artifi-
cial intelligence technology can detect when a bin is full and 
distinguish between various waste types. For example, smart 
bins can rapidly classify and sort garbage using machine 
learning algorithms (Yigitcanlar and Cugurullo 2020).

Artificial intelligence is critical in solid waste manage-
ment by facilitating classification (Gundupalli et al. 2017). 
Artificial intelligence is used for intelligent classification 
by using cameras to automatically scan and analyze items 

on a conveyor belt using deep learning algorithms, similar 
to how it is used in manufacturing (Gundupalli et al. 2017; 
McKinnon et al. 2017). Recent studies have demonstrated 
that artificial intelligence-powered machines can process up 
to 160 recyclable materials per minute, compared to 30 to 
40 materials per minute for human workers (Andeobu et al. 
2022). Moreover, artificial intelligence-powered machines 
can operate continuously, highlighting deficiencies in clas-
sification and recycling facilities (McKinnon et al. 2017). 
Traditionally, solid waste management has been a labor-
intensive process. However, thanks to advances in artificial 
intelligence, computer vision, robotics, and other cutting-
edge technologies, municipalities can now improve public 
health and quality of life while reducing costs and eliminat-
ing the need for manual labor.

In summary, using artificial intelligence in waste man-
agement is becoming increasingly popular. An example is 
developing an artificial intelligence-based hybrid intelli-
gent framework, which optimizes waste management and 
improves urban environment monitoring using graph the-
ory and artificial intelligence technologies (Ihsanullah et al. 
2022). By employing different approaches and algorithms 
based on artificial intelligence, this system can better accom-
modate various demographic groups, enhance environmen-
tal planning, and improve urban management’s efficiency, 
accuracy, and performance. Results show that the method 
improves the efficiency and accuracy of waste processing 
compared to other existing methods (Yu et al. 2021).

Since the outbreak of the novel coronavirus (COVID-19) 
pandemic, the rapidly increasing amount of medical waste has 
posed more significant challenges to various regions’ disposal 
facilities and management capabilities. Medical waste has the 
characteristics of spatial pollution, acute infection, and latent 
infection, which can directly endanger human health. It can 
also cause severe consequences through soil pollution, water 
bodies, and the atmosphere (Yang et al. 2022a). As shown in 
Fig. 5, coronavirus disease 2019 (COVID-19) changes the 
composition of waste and the efficiency of waste disposal and 
increases the risk of infection in the population. Human inter-
vention in solid waste management can be reduced through 
advanced intelligent waste management technologies, such as 
machine learning-based image classification and reliable item 
detection. Specific materials that improve ecological sustain-
ability after a significant outbreak can be effectively recy-
cled. These technological interventions will reduce the risk of 
human factor contamination in the waste management cycle, 
thus breaking the potential transmission chain of COVID-19 
and similar viruses (Rubab et al. 2022).

The proposed medical waste monitoring and assistance 
system utilizes artificial intelligence to perform deep mining 
and analysis of personnel disposal behavior in the tempo-
rary storage of medical waste and working areas of medical 
and health institutions. The system can intelligently identify 
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illegal and irregular behaviors on the scene and synchro-
nously push alarm information to medical institutions and 
law enforcement personnel (Yu et al. 2021). The aim is to 
improve the management and disposal of medical waste, 
reduce the risks of infectious disease transmission and envi-
ronmental pollution caused by medical waste, and ensure 
public health and safety (Lakshmi et al., 2015). By utilizing 
the technology of “internet + video surveillance and data 
tracking,” artificial intelligence can intelligently recognize 
illegal behaviors related to waste management without the 
need for the physical presence of law enforcement personnel. 
This can help reduce the risk of infection and transmission 
of diseases while also improving the overall efficiency of 
waste management supervision.

In summary, improper disposal of solid waste can adversely 
impact human health and the environment. However, current 
solid waste management systems struggle to keep up with 
the ever-increasing amount of waste produced globally (Popa 
et al. 2017). There are certain recyclable materials that some 
municipal solid waste and recycling services cannot pro-
cess. The integration of artificial intelligence in solid waste 
management is a growing trend and has the potential to sig-
nificantly improve sustainable waste management practices 
(Khudyakova and Lyaskovskaya 2021). Adopting artificial 
intelligence-driven automation in the management process of 

municipal solid waste will provide a sustainable approach to 
recycling and disposal (Popa et al. 2017). Thus, implementing 
these advancements in solid waste management can promote 
a healthier and better quality of life for all.

Designing waste management systems 
for smart cities 

In the pursuit of creating environmentally friendly cities, 
waste management plays a critical role. Ensuring sustain-
able and livable urban areas requires improving solid waste 
management services and reducing waste, as hazardous solid 
waste can negatively impact air quality and soil safety (Her-
ath and Mittal 2022). With the rise of smart cities, artificial 
intelligence technology in waste management has become 
more prevalent, primarily as a modeling and prediction tool 
for simulation and optimization. The most recent applica-
tions have primarily focused on modeling and optimizing 
solid waste generation, as well as predictive recycling pro-
cesses, as demonstrated in Table 6.

Studies have suggested that integrating waste manage-
ment into future smart cities with entire product lifecycles 
could be a potential step toward achieving “zero waste” 
(Lee et al. 2021). To reach this goal, three stages must be 

Fig. 5  Impact of the coronavirus disease 2019 (COVID-19) on waste 
management. The COVID-19 pandemic has significantly affected 
the composition, timing, and frequency of waste disposal. It has 
also increased the risk of infection for the public due to the produc-

tion of masks and medical waste that require manual handling. These 
changes in waste volumes have complex and interrelated impacts on 
municipal waste management, as depicted in the chart
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undertaken: Waste prevention, precise refuse collection, 
and functional value recovery from collected waste are all 
priorities (Yang et al. 2023a). Furthermore, the Internet of 
things waste management networks should be encouraged to 
improve the life cycle of products and their recycling value 
(Shukla and Hait 2022).

To effectively implement and manage waste models for 
smart cities, it is crucial to intelligently estimate solid waste 
generation. In this regard, artificial intelligence technologies 
such as artificial neural networks, support vector machines, 
decision trees, and adaptive neuro-fuzzy inference systems 
have been increasingly used due to their practical predictive 
capabilities for modeling the production of municipal solid 
waste (Ihsanullah et al. 2022). Artificial intelligence-based 
models in waste management research are commonly cat-
egorized by the forecast period duration: short term (days 
to months), medium term (up to 3–5 years), and long term 
(years in advance). Recent studies have demonstrated prom-
ising results in utilizing artificial intelligence with historical 
data, such as sociodemographic, economic, and manage-
ment-focused data. Additionally, combining artificial intel-
ligence with conventional waste management systems can 
be achieved by integrating the Internet of things technology 
(Ijemaru et al. 2022).

Artificial intelligence techniques have been used in 
multiple studies to predict specific types of solid waste 
generation, such as plastic waste (Kumar et al. 2018) and 
household packaging waste (Oliveira et al. 2019), and have 
proven to be efficient and feasible. However, analyzing and 
selecting key metrics is crucial to achieving accurate predic-
tion performance and ensuring the dataset’s completeness 
and adequacy. In addition to waste forecasting, automated 
waste sorting and management are essential for better waste 
recycling. Advanced technologies, particularly the idea of 
smart cities, require this model. Artificial waste separation 
is inappropriate for smart cities, so smart waste classification 
models are typically multilayer convolutional deep learning 
models with some physical requirements. These require-
ments include a system with a conveyor belt, a pusher, and 
a garbage basket that will collect the garbage pushed by 
the hammer according to the waste category (Gondal et al. 
2021). Therefore, artificial intelligence-based models can 
accurately forecast and evaluate solid waste generation and 
automate waste management and sorting for better recycling, 
which is crucial for cutting-edge technologies like smart 
cities.

In general, the techniques used in waste management 
applications fall into the following four categories (Zhang 
et al. 2012):

 i. Space technology includes using global navigation 
and geographic information systems to track waste 
and manage waste collection and disposal.

 ii. Identification techniques: such as radio frequency 
identification tags and bar codes which enable efficient 
waste tracking and monitoring

 iii. Data acquisition technology, such as sensors and 
imaging, provides valuable waste generation and 
composition data, enabling better waste management 
decisions.

 iv. Data communications technology, including wireless 
fidelity, Bluetooth, and global mobile communication 
systems, facilitates communication and data transfer 
between waste management systems and stakeholders

The steps to achieve “zero waste” include the follow-
ing three main modules and components (Shukla and Hait 
2022):

 i. Establishing a framework for collating product life 
cycle data.

 ii. Encouraging responsible citizenship through innova-
tive waste reduction ideas.

 iii. Developing an intelligent infrastructure with sensor-
based technology for adequate garbage segregation, 
collection, and recycling.

In summary, smart cities have emerged as a global 
model that prioritizes sustainability. With the help of com-
puting, networking, and data management advancements, 
institutions have successfully implemented efficient waste 
management systems that enhance the quality of life for 
citizens. However, the proposed model must be adapted 
to different demographics, waste types, and social needs 
and calibrated through real-world pilot studies. Extensive 
research into waste management in smart cities has pro-
duced numerous results.

Process efficiency and cost savings

There is great potential to automatically detect waste in 
natural settings to improve waste management efficiency. 
For instance, Zhou et al. (2023) proposed a few-shot waste 
detection framework that employs faster regions with con-
volutional neural network features (faster r-convolutional 
neural network) to detect waste automatically in natural 
settings, thereby improving waste management efficiency. 
Their experiments revealed that this framework outper-
formed state-of-the-art detectors with 1.68% accuracy. 
However, using a faster r-convolutional neural network in 
the framework resulted in high computational complex-
ity and slow operation speed. Moreover, Alqahtani et al. 
(2020) presented an urban waste management system that 
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employs the cuckoo search algorithm to analyze waste 
sources, types, and vehicle capacity to optimize waste 
collection.

Experimental results have shown that waste recycling 
systems can improve waste management efficiency and 
collect waste within 15 min. Akhtar et al. (2017) proposed 
an enhanced backtracking search algorithm for optimizing 
waste collection routes based on the smart bin concept. The 
algorithm uses data from the smart garbage bins to identify 
the optimal range and reduce the number of garbage bins, 
thereby minimizing distance. After four days of simulation 
experiments, they reported a 36.78% increase in the effi-
cacy of waste collection. These algorithms and models can 
be further developed by considering more constraints and 
uncertainties.

Shreyas Madhav et al. (2022) have developed a convolu-
tional neural network-based recognition system for e-waste 
classification. The system can classify e-waste into eight 
categories with 96% accuracy, potentially leading to a 
20% cost reduction within five years if implemented as a 
replacement for manual classification. To optimize waste 
collection, Internet of things (IoT) -based waste manage-
ment software can collect relevant information, and the route 
of waste collection vehicles can be optimized using an ant 
colony optimization algorithm. Experiments have reported 
a 30% reduction in the direct cost of waste collection using 
this algorithm (Oralhan et al. 2017). Meanwhile, Babaee 
Tirkolaee et al. (2019) proposed a simulated annealing algo-
rithm for generating initial values based on a random algo-
rithm, which was then used for optimization. The algorithm 
was applied to an area in Iran with 330 square kilometers 
and 43 recycling nodes, reducing the total cost by 13.3%.

In summary, developing the convolutional neural net-
work-based recognition system for e-waste classification 
can improve accuracy and reduce costs. Optimizing waste 
collection routes using algorithms such as ant colony opti-
mization or simulated annealing can lead to significant cost 
savings.

Over the years, the use of artificial intelligence technol-
ogy in various waste management fields has risen. However, 
with its increasing use, some potential challenges have also 
emerged. Among these is the black box problem of artificial 
intelligence, which arises due to the complexity of internal 
structures of most artificial intelligence models, relatively 
independent operation processes, and difficulty in estimating 
the relative significance of each variable, thereby limiting 
manual intervention (Ihsanullah et al. 2022). These black 
box problems can lead to uncertainty in applying artificial 
intelligence models (Guo et al. 2021).

The training and testing of artificial intelligence mod-
els, especially those that utilize deep learning and machine 
learning, require significant data. However, the waste man-
agement industry, particularly in developing countries, 

suffers from data scarcity and incomplete data, which hinder 
current research (Abdallah et al. 2020). Insufficient and out-
dated data can result in overfitting and reduced model train-
ing efficiency (Guo et al. 2021). One example is the deep 
neural network, which relies heavily on extensive testing and 
experimentation using large datasets (Ihsanullah et al. 2022).

Artificial intelligence has been increasingly implemented 
in waste management, but researchers often rely on preex-
isting models like faster regions with convolutional neural 
network features or convolutional neural networks. However, 
a lack of customized artificial intelligence models designed 
specifically for waste management exists. This requires col-
laboration between waste management and computational 
technology teams to develop tailored models (Abdallah et al. 
2020).

It can be concluded that implementing artificial intelli-
gence in waste management has the potential to enhance 
efficiency and decrease costs. However, challenges like black 
box problems, inadequate data, and a lack of customized 
artificial intelligence models for waste management still 
exist. Figure 6 illustrates three potential obstacles that may 
arise in the application of artificial intelligence in waste 
management.

Limitation and prospects 

In terms of artificial intelligence to optimize waste logistics 
and transportation, Zhang et al. (2020) pointed out that when 
the back-off algorithm optimizes the path of garbage collec-
tion vehicles, there is a limitation that the collection vehicles 
are at a fixed speed, which is impossible in real life.

In terms of artificial intelligence to identify illegal dump-
ing, Takahashi et al. (2022) proposed that the faster regions 
with convolutional neural network features model can only 
be used to identify waste near rivers and cannot be used to 
identify waste in other complex areas such as cities. Moreo-
ver, there are also certain limitations in using the single-shot 
detector algorithm to identify waste in drone images. The 
algorithm cannot identify waste in covered areas such as 
woods (Youme et al. 2021). Additionally, Padubidri et al. 
(2022) proposed a method using a deep learning model 
to identify illegal dumping sites in high-resolution aerial 
images, which may suffer from identification errors and is 
not suitable for identifying low-resolution aerial images.

Regarding the use of artificial intelligence for waste 
identification and sorting, the waste images used to train 
transfer learning and convolutional neural network mod-
els for waste classification are much less complex than 
real-world waste, leading to reduced accuracy rates in 
practical applications (Zhang et al. 2021a). Additionally, 
researchers have explored using image data augmentation 
and transfer learning to identify and classify construction 
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waste. Increasing the amount of data reduces the quality 
of the model. Considering the picture quality, it is best to 
avoid sunrise and sunset when collecting pictures. In addi-
tion, waste detection and classification systems based on 
convolutional neural networks have high hardware costs 
and energy consumption limitations (Ziouzios et al. 2022).

Learn more about the mechanics of artificial intelli-
gence models. Because of the black box characteristics of 
artificial intelligence models, it is difficult for people to 
understand the mechanism of artificial intelligence mod-
els (Guo et al. 2021). Now, there are some methods to 
explain the influence of input variables on artificial intel-
ligence models, such as using visualization technology; 
Selvaraju et al. (2020) use class activation mapping to 
explain the mechanism of convolutional neural network. 
However, only a few methods have been applied to explain 
the mechanisms of artificial intelligence models. In the 
future, researchers could develop more ways to interpret 
artificial intelligence models for greater understanding 
(Lin et al. 2022).

Combine artificial intelligence models with other tech-
nologies (Guo et al. 2021). For example, combining artificial 
intelligence models and Internet of things (IoT) technology 
allows artificial intelligence to be better applied to waste 
management (Guo et al. 2021). In addition, it is also possible 
to combine artificial intelligence models and data science. 
This can provide more high-quality data for training artificial 
intelligence models to improve the quality of the model (Lin 
et al. 2022).

The combined use of multiple artificial intelligence 
models is an inevitable trend. Artificial intelligence mod-
els include but are not limited to convolutional neural net-
works, residual network models, and gradient enhancement 

regression models. Most existing research focuses on a 
single artificial intelligence model for waste management. 
Using a combination of multiple models for waste manage-
ment has better accuracy than a single model and effectively 
prevents overfitting (Guo et al. 2021). This can better solve 
the service management problem.

In summary, the limitations of artificial intelligence in 
waste management are primarily related to its difficulty in 
practical operation compared to theory, the limited scope of 
application, and lower efficiency in practical use. The poten-
tial for future progress lies in comprehensively  understand-
ing the mechanisms behind artificial intelligence models, 
combining artificial intelligence with other technologies, 
and using multiple models, such as convolutional neural 
network, residual network model, and gradient enhancement 
regression model .

Conclusion

Waste disposal is inefficient, leading to severe environmental 
pollution, high costs, and a lack of leadership in the dis-
posal process. Waste management is a challenge for both 
developed and developing countries. However, artificial 
intelligence can improve treatment efficiency, reduce envi-
ronmental damage, and provide computational solutions for 
smarter waste management. This review is divided into nine 
sections, including definitions and the application of arti-
ficial intelligence in waste management. It highlights the 
potential impact of artificial intelligence on waste manage-
ment, with practical applications such as smart bin systems, 
waste-sorting robots, and predictive waste tracking models. 
Artificial intelligence can also assist in managing hazardous 

Fig. 6  Three challenges of artificial intelligence in waste manage-
ment. Implementing artificial intelligence in waste management can 
be summarized as black box problems, a lack of data, and a shortage 
of suitable models. Black boxes refer to the complexity of artificial 
intelligence models, which makes it difficult for researchers to under-
stand their mechanisms. Lack of data refers to the scarcity and unreli-

ability of data in the waste management industry, making it challeng-
ing to train artificial intelligence models. Finally, the lack of suitable 
models means that most existing applications of artificial intelligence 
in waste management rely on preexisting models rather than custom 
models explicitly developed for waste management
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waste, reducing illegal dumping, and recovering valuable 
resources from the waste stream. Additionally, artificial 
intelligence can aid public health interventions, including 
medical waste disposal and pandemic response.

The paper examines the impact of artificial intelligence 
on waste logistics and transportation, including reducing 
distance, cost, and collection time and improving collection 
efficiency. Although some algorithms have limitations, artifi-
cial intelligence can optimize waste treatment methods such 
as recycling, composting, landfill, and incineration. Machine 
learning, artificial intelligence, and deep learning techniques 
can improve waste classification, predict heavy metal levels 
in compost, and model waste incineration processes. Envi-
ronmental variables such as temperature, humidity, and light 
can affect waste management artificial intelligence systems, 
causing fluctuations. Despite these challenges, artificial 
intelligence can change how people deal with waste, lead-
ing to a more sustainable future with efficient, economic, 
ecological, and intelligent waste management systems.

Acknowledgements Dr. Ahmed I. Osman and Prof. David W. Rooney 
wish to acknowledge the support of The Bryden Centre project (Project 
ID VA5048), which was awarded by The European Union’s INTER-
REG VA Programme, managed by the Special EU Programmes Body 
(SEUPB), with match funding provided by the Department for the 
Economy in Northern Ireland and the Department of Business, Enter-
prise and Innovation in the Republic of Ireland.

Declarations 

Conflict of interest The authors have not disclosed any competing in-
terests.

Open Access This article is licensed under a Creative Commons Attri-
bution 4.0 International License, which permits use, sharing, adapta-
tion, distribution and reproduction in any medium or format, as long 
as you give appropriate credit to the original author(s) and the source, 
provide a link to the Creative Commons licence, and indicate if changes 
were made. The images or other third party material in this article are 
included in the article's Creative Commons licence, unless indicated 
otherwise in a credit line to the material. If material is not included in 
the article's Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will 
need to obtain permission directly from the copyright holder. To view a 
copy of this licence, visit http:// creat iveco mmons. org/ licen ses/ by/4. 0/.

References

Abbasi M, El Hanandeh A (2016) Forecasting municipal solid waste 
generation using artificial intelligence modelling approaches. 
Waste Manag 56:13–22. https:// doi. org/ 10. 1016/j. wasman. 2016. 
05. 018

Abdallah M, Abu Talib M, Feroz S, Nasir Q, Abdalla H, Mahfood B 
(2020) Artificial intelligence applications in solid waste manage-
ment: a systematic research review. Waste Manag 109:231–246. 
https:// doi. org/ 10. 1016/j. wasman. 2020. 04. 057

Abou Baker N, Szabo-Müller P, Handmann U (2021) Transfer learn-
ing-based method for automated e-waste recycling in smart 

cities. EAI Endorsed Trans Smart Cities 5:e1–e1. https:// doi. 
org/ 10. 4108/ eai. 16-4- 2021. 169337

Abunama T, Othman F, Ansari M, El-Shafie A (2019) Leachate gen-
eration rate modeling using artificial intelligence algorithms 
aided by input optimization method for an msw landfill. Envi-
ron Sci Pollut Res 26:3368–3381. https:// doi. org/ 10. 1007/ 
s11356- 018- 3749-5

Adnan RM, Yuan X, Kisi O, Yuan Y (2017) Streamflow forecasting 
using artificial neural network and support vector machine mod-
els. Am Sci Res J Eng, Technol, Sci (ASRJETS) 29:286–294. 
Available at: https:// core. ac. uk/ downl oad/ pdf/ 23505 0225. pdf

Ahmad I, Khan MI, Khan H, Ishaq M, Tariq R, Gul K, Ahmad W 
(2015) Pyrolysis study of polypropylene and polyethylene into 
premium oil products. Int J Green Energy 12:663–671. https:// 
doi. org/ 10. 1080/ 15435 075. 2014. 880146

Akdaş HŞ, Ö D, Doğan B, Bas A, Uslu BÇ (2021) Vehicle route opti-
mization for solid waste management: a case study of maltepe, 
Istanbul. In: 2021 13th International Conference on Electronics, 
Computers and Artificial Intelligence (ECAI): 1–6. https:// doi. 
org/ 10. 1109/ ECAI5 2376. 2021. 95151 29

Akhtar M, Hannan MA, Begum RA, Basri H, Scavino E (2017) 
Backtracking search algorithm in cvrp models for efficient 
solid waste collection and route optimization. Waste Manag 
61:117–128. https:// doi. org/ 10. 1016/j. wasman. 2017. 01. 022

Akpan VE, Olukanni DO (2020) Hazardous waste management: an 
African overview. Recycling 5:15. https:// doi. org/ 10. 3390/ 
recyc ling5 030015

Alqahtani F, Al-Makhadmeh Z, Tolba A, Said W (2020) Internet of 
things-based urban waste management system for smart cities 
using a cuckoo search algorithm. Clust Comput 23:1769–1780. 
https:// doi. org/ 10. 1007/ s10586- 020- 03126-x

Amal L, Son LH, Chabchoub H (2018) SGA: spatial gis-based 
genetic algorithm for route optimization of municipal solid 
waste collection. Environ Sci Pollut Res 25:27569–27582. 
https:// doi. org/ 10. 1007/ s11356- 018- 2826-0

Andeobu L, Wibowo S, Grandhi S (2022) Artificial intelligence 
applications for sustainable solid waste management prac-
tices in Australia: a systematic review. Sci Total Environ 
834:155389. https:// doi. org/ 10. 1016/j. scito tenv. 2022. 155389

Ascher S, Watson I, You S (2022) Machine learning methods for 
modelling the gasification and pyrolysis of biomass and waste. 
Renew Sustain Energy Rev 155:111902. https:// doi. org/ 10. 
1016/j. rser. 2021. 111902

Aydın Temel F, Cagcag Yolcu O, Turan NG (2023) Artificial intel-
ligence and machine learning approaches in composting pro-
cess: a review. Biores Technol 370:128539. https:// doi. org/ 10. 
1016/j. biort ech. 2022. 128539

Babaee Tirkolaee E, Abbasian P, Soltani M, Ghaffarian SA (2019) 
Developing an applied algorithm for multi-trip vehicle rout-
ing problem with time windows in urban waste collection: a 
case study. Waste Manag Res 37:4–13. https:// doi. org/ 10. 1177/ 
07342 42X18 807001

Bhatt AK, Bhatia RK, Thakur S, Rana N, Sharma V, Rathour RK 
(2018) Fuel from waste: a review on scientific solution for 
waste management and environment onservation. In: Singh AP, 
Agarwal RA, Agarwal AK, Dhar A, Shukla MK (eds) Pros-
pects of alternative transportation fuels. Springer, Singapore, 
pp 205–233. https:// doi. org/ 10. 1007/ 978- 981- 10- 7518-6_ 10

Bobulski J, Kubanek M (2021b) Vehicle for plastic garbage gath-
ering. In: 2021b International Conference on Electrical, 
Computer, Communications and Mechatronics Engineering 
(ICECCME): 1–5. https:// doi. org/ 10. 1109/ ICECC ME522 00. 
2021. 95910 96

Bobulski J, Kubanek M (2021a) Deep learning for plastic waste classi-
fication system. Appl Comput Intell Soft Comput 2021:6626948. 
https:// doi. org/ 10. 1155/ 2021/ 66269 48

http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.wasman.2016.05.018
https://doi.org/10.1016/j.wasman.2016.05.018
https://doi.org/10.1016/j.wasman.2020.04.057
https://doi.org/10.4108/eai.16-4-2021.169337
https://doi.org/10.4108/eai.16-4-2021.169337
https://doi.org/10.1007/s11356-018-3749-5
https://doi.org/10.1007/s11356-018-3749-5
https://core.ac.uk/download/pdf/235050225.pdf
https://doi.org/10.1080/15435075.2014.880146
https://doi.org/10.1080/15435075.2014.880146
https://doi.org/10.1109/ECAI52376.2021.9515129
https://doi.org/10.1109/ECAI52376.2021.9515129
https://doi.org/10.1016/j.wasman.2017.01.022
https://doi.org/10.3390/recycling5030015
https://doi.org/10.3390/recycling5030015
https://doi.org/10.1007/s10586-020-03126-x
https://doi.org/10.1007/s11356-018-2826-0
https://doi.org/10.1016/j.scitotenv.2022.155389
https://doi.org/10.1016/j.rser.2021.111902
https://doi.org/10.1016/j.rser.2021.111902
https://doi.org/10.1016/j.biortech.2022.128539
https://doi.org/10.1016/j.biortech.2022.128539
https://doi.org/10.1177/0734242X18807001
https://doi.org/10.1177/0734242X18807001
https://doi.org/10.1007/978-981-10-7518-6_10
https://doi.org/10.1109/ICECCME52200.2021.9591096
https://doi.org/10.1109/ICECCME52200.2021.9591096
https://doi.org/10.1155/2021/6626948


1983Environmental Chemistry Letters (2023) 21:1959–1989 

1 3

Bouktif S, Fiaz A, Ouni A, Serhani MA (2018) Optimal deep learning 
LSTM model for electric load forecasting using feature selec-
tion and genetic algorithm: comparison with machine learning 
approaches †. Energies 11:1–20. https:// doi. org/ 10. 3390/ en110 
71636

Brancoli P, Bolton K, Eriksson M (2020) Environmental impacts of 
waste management and valorisation pathways for surplus bread 
in Sweden. Waste Manag 117:136–145. https:// doi. org/ 10. 1016/j. 
wasman. 2020. 07. 043

Brynjolfsson E, Mcafee A (2017) Artificial intelligence, for real. Har-
vard business review 1: 1–31. Available at:https:// starl ab- allia 
nce. com/ wp- conte nt/ uploa ds/ 2017/ 09/ AI- Artic le. pdf

Burgués J, Esclapez MD, Doñate S, Marco S (2021) RHINOS: A light-
weight portable electronic nose for real-time odor quantification 
in wastewater treatment plants. iScience 24:103371. https:// doi. 
org/ 10. 1016/j. isci. 2021. 103371

Cao H, Xin Y, Yuan Q (2016) Prediction of biochar yield from cattle 
manure pyrolysis via least squares support vector machine intel-
ligent approach. Biores Technol 202:158–164. https:// doi. org/ 10. 
1016/j. biort ech. 2015. 12. 024

Cha GW, Kim YC, Moon HJ, Hong WH (2017) New approach for fore-
casting demolition waste generation using chi-squared automatic 
interaction detection (CHAID) method. J Clean Prod 168:375–
385. https:// doi. org/ 10. 1016/j. jclep ro. 2017. 09. 025

Cha G-W, Moon HJ, Kim Y-M, Hong W-H, Hwang J-H, Park W-J, Kim 
Y-C (2020) Development of a prediction model for demolition 
waste generation using a random forest algorithm based on small 
datasets. Int J Environ Res Public Health 17:6997. https:// doi. org/ 
10. 3390/ ijerp h1719 6997

Cha G-W, Moon H-J, Kim Y-C (2021) Comparison of random forest 
and gradient boosting machine models for predicting demoli-
tion waste based on small datasets and categorical variables. Int 
J Environ Res Public Health 18:8530. https:// doi. org/ 10. 3390/ 
ijerp h1816 8530

Cha G-W, Moon HJ, Kim Y-C (2022) A hybrid machine-learning 
model for predicting the waste generation rate of building dem-
olition projects. J Clean Prod 375:134096. https:// doi. org/ 10. 
1016/j. jclep ro. 2022. 134096

Cha G-W, Choi S-H, Hong W-H, Park C-W (2023) Developing a pre-
diction model of demolition-waste generation-rate via principal 
component analysis. Int J Environ Res Public Health 20:3159. 
https:// doi. org/ 10. 3390/ ijerp h2004 3159

Chadegani AA, Salehi H, Yunus MM, Farhadi H, Fooladi M, Farhadi 
M, Ebrahim NA (2013) A comparison between two main aca-
demic literature collections: web of Science and Scopus data-
bases. Asian Soc Sci 9:18–26. https:// doi. org/ 10. 48550/ arXiv. 
1305. 0377

Chang Z, Hao L, Tan H, Li W (2020) Design of mobile garbage col-
lection robot based on visual recognition. In: 2020 IEEE 3rd 
International Conference on Automation, Electronics and Electri-
cal Engineering (AUTEEE): 448–451. https:// doi. org/ 10. 1109/ 
AUTEE E50969. 2020. 93155 45

Chen X (2022) Machine learning approach for a circular economy with 
waste recycling in smart cities. Energy Rep 8:3127–3140. https:// 
doi. org/ 10. 1016/j. egyr. 2022. 01. 193

Chen J, Liu J, He Y, Huang L, Sun S, Sun J, Chang K, Kuo J, Huang S, 
Ning X (2017) Investigation of co-combustion characteristics of 
sewage sludge and coffee grounds mixtures using thermogravi-
metric analysis coupled to artificial neural networks modeling. 
Biores Technol 225:234–245. https:// doi. org/ 10. 1016/j. biort ech. 
2016. 11. 069

Chen S, Huang J, Xiao T, Gao J, Bai J, Luo W, Dong B (2020) Car-
bon emissions under different domestic waste treatment modes 
induced by garbage classification: case study in pilot communi-
ties in Shanghai, China. Sci Total Environ 717:137193. https:// 
doi. org/ 10. 1016/j. scito tenv. 2020. 137193

Chen L, Wang C, Zhong R, Wang J, Zhao Z (2022a) Intelligent mod-
eling of the incineration process in waste incineration power 
plant based on deep learning. Energies 15:4285. https:// doi. org/ 
10. 3390/ en151 24285

Chen X, Huang H, Liu Y, Li J, Liu M (2022b) Robot for automatic 
waste sorting on construction sites. Autom Constr 141:104387. 
https:// doi. org/ 10. 1016/j. autcon. 2022. 104387

Chen L, Huang L, Hua J, Chen Z, Wei L, Osman AI, Fawzy S, Rooney 
DW, Dong L, Yap P-S (2023) Green construction for low-carbon 
cities: a review. Environ Chem Lett. https:// doi. org/ 10. 1007/ 
s10311- 022- 01544-4

Cheng F, Luo H, Colosi LM (2020) Slow pyrolysis as a platform for 
negative emissions technology: an integration of machine learn-
ing models, life cycle assessment, and economic analysis. Energy 
Convers Manag 223:113258. https:// doi. org/ 10. 1016/j. encon man. 
2020. 113258

Cheng Y, Ekici E, Yildiz G, Yang Y, Coward B, Wang J (2023) 
Applied machine learning for prediction of waste plastic pyroly-
sis towards valuable fuel and chemicals production. J Anal Appl 
Pyrol 169:105857. https:// doi. org/ 10. 1016/j. jaap. 2023. 105857

Chiu M-C, Wen C-Y, Hsu H-W, Wang W-C (2022) Key wastes selec-
tion and prediction improvement for biogas production through 
hybrid machine learning methods. Sustain Energy Technol 
Assess 52:102223. https:// doi. org/ 10. 1016/j. seta. 2022. 102223

Cho S, Kim M, Lyu B, Moon I (2021) Optimization of an explosive 
waste incinerator via an artificial neural network surrogate 
model. Chem Eng J 407:126659. https:// doi. org/ 10. 1016/j. cej. 
2020. 126659

Coskuner G, Jassim MS, Zontul M, Karateke S (2020) Application 
of artificial intelligence neural network modeling to predict the 
generation of domestic, commercial and construction wastes. 
Waste Manag Res 39:499–507. https:// doi. org/ 10. 1177/ 07342 
42X20 935181

de Souza V, Melaré A, Montenegro González S, Faceli K, Casadei V 
(2017) Technologies and decision support systems to aid solid-
waste management: a systematic review. Waste Manag 59:567–
584. https:// doi. org/ 10. 1016/j. wasman. 2016. 10. 045

Devesa MR, Brust AV (2021) Mapping illegal waste dumping sites 
with neural-network classification of satellite imagery. arXiv 
Preprint. https:// doi. org/ 10. 48550/ arXiv. 2110. 08599

Du X (2020) Application of traceability system for dumping garbage 
of north canal embankment based on ai artificial intelligence 
recognition. IOP Conf Ser: Mater Sci Eng 740:012121. https:// 
doi. org/ 10. 1088/ 1757- 899X/ 740/1/ 012121

Du L, Xu H, Zuo J (2021) Status quo of illegal dumping research: Way 
forward. J Environ Manag 290:112601. https:// doi. org/ 10. 1016/j. 
jenvm an. 2021. 112601

Du W, Zheng J, Li W, Liu Z, Wang H, Han X (2022) Efficient recogni-
tion and automatic sorting technology of waste textiles based 
on online near infrared spectroscopy and convolutional neural 
network. Resour Conserv Recycl 180:106157. https:// doi. org/ 10. 
1016/j. resco nrec. 2022. 106157

Dubdub I, Al-Yaari M (2021) Pyrolysis of mixed plastic waste: II. Arti-
ficial neural networks prediction and sensitivity analysis. Appl 
Sci 11:8456. https:// doi. org/ 10. 3390/ app11 188456

Erkinay Ozdemir M, Ali Z, Subeshan B, Asmatulu E (2021) Applying 
machine learning approach in recycling. J Mater Cycles Waste 
Manag 23:855–871. https:// doi. org/ 10. 1007/ s10163- 021- 01182-y

Fahmi F, Lubis BP (2022) Identification and Sorting of waste using 
artificial intelligence based on convolutional neural network. In: 
2022 6th International Conference on Electrical, Telecommuni-
cation and Computer Engineering (ELTICOM): 222–226. https:// 
doi. org/ 10. 1109/ ELTIC OM577 47. 2022. 10038 044

Farghali M, Osman AI, Umetsu K, Rooney DW (2022) Integration 
of biogas systems into a carbon zero and hydrogen economy: 

https://doi.org/10.3390/en11071636
https://doi.org/10.3390/en11071636
https://doi.org/10.1016/j.wasman.2020.07.043
https://doi.org/10.1016/j.wasman.2020.07.043
https://starlab-alliance.com/wp-content/uploads/2017/09/AI-Article.pdf
https://starlab-alliance.com/wp-content/uploads/2017/09/AI-Article.pdf
https://doi.org/10.1016/j.isci.2021.103371
https://doi.org/10.1016/j.isci.2021.103371
https://doi.org/10.1016/j.biortech.2015.12.024
https://doi.org/10.1016/j.biortech.2015.12.024
https://doi.org/10.1016/j.jclepro.2017.09.025
https://doi.org/10.3390/ijerph17196997
https://doi.org/10.3390/ijerph17196997
https://doi.org/10.3390/ijerph18168530
https://doi.org/10.3390/ijerph18168530
https://doi.org/10.1016/j.jclepro.2022.134096
https://doi.org/10.1016/j.jclepro.2022.134096
https://doi.org/10.3390/ijerph20043159
https://doi.org/10.48550/arXiv.1305.0377
https://doi.org/10.48550/arXiv.1305.0377
https://doi.org/10.1109/AUTEEE50969.2020.9315545
https://doi.org/10.1109/AUTEEE50969.2020.9315545
https://doi.org/10.1016/j.egyr.2022.01.193
https://doi.org/10.1016/j.egyr.2022.01.193
https://doi.org/10.1016/j.biortech.2016.11.069
https://doi.org/10.1016/j.biortech.2016.11.069
https://doi.org/10.1016/j.scitotenv.2020.137193
https://doi.org/10.1016/j.scitotenv.2020.137193
https://doi.org/10.3390/en15124285
https://doi.org/10.3390/en15124285
https://doi.org/10.1016/j.autcon.2022.104387
https://doi.org/10.1007/s10311-022-01544-4
https://doi.org/10.1007/s10311-022-01544-4
https://doi.org/10.1016/j.enconman.2020.113258
https://doi.org/10.1016/j.enconman.2020.113258
https://doi.org/10.1016/j.jaap.2023.105857
https://doi.org/10.1016/j.seta.2022.102223
https://doi.org/10.1016/j.cej.2020.126659
https://doi.org/10.1016/j.cej.2020.126659
https://doi.org/10.1177/0734242X20935181
https://doi.org/10.1177/0734242X20935181
https://doi.org/10.1016/j.wasman.2016.10.045
https://doi.org/10.48550/arXiv.2110.08599
https://doi.org/10.1088/1757-899X/740/1/012121
https://doi.org/10.1088/1757-899X/740/1/012121
https://doi.org/10.1016/j.jenvman.2021.112601
https://doi.org/10.1016/j.jenvman.2021.112601
https://doi.org/10.1016/j.resconrec.2022.106157
https://doi.org/10.1016/j.resconrec.2022.106157
https://doi.org/10.3390/app11188456
https://doi.org/10.1007/s10163-021-01182-y
https://doi.org/10.1109/ELTICOM57747.2022.10038044
https://doi.org/10.1109/ELTICOM57747.2022.10038044


1984 Environmental Chemistry Letters (2023) 21:1959–1989

1 3

a review. Environ Chem Lett 20:2853–2927. https:// doi. org/ 10. 
1007/ s10311- 022- 01468-z

Farghali M, Osman AI, Mohamed IMA, Chen Z, Chen L, Ihara I, Yap 
P-S, Rooney DW (2023) Strategies to save energy in the context 
of the energy crisis: a review. Environ Chem Lett. https:// doi. org/ 
10. 1007/ s10311- 023- 01591-5

Feng C, Nie G, Naveed QN, Potrich E, Sankaran KS, Kaur A, 
Sammy F (2022) Optimization of sorting robot control system 
based on deep learning and machine vision. Math Probl Eng 
2022:5458703. https:// doi. org/ 10. 1155/ 2022/ 54587 03

Fenta BA (2017) Waste management in the case of Bahir dar city near 
lake Tana shore in northwestern Ethiopia: a review. Afr J Environ 
Sci Technol 11:393–412. https:// doi. org/ 10. 5897/ AJEST 2017. 
2340

Ferronato N, Torretta V (2019) Waste mismanagement in developing 
countries: a review of global issues. Int J Environ Res Public 
Health 16:3038. https:// doi. org/ 10. 3390/ ijerp h1606 1060

Fózer D, Tóth AJ, Varbanov PS, Klemeš JJ, Mizsey P (2021) Sustain-
ability assessment of biomethanol production via hydrothermal 
gasification supported by artificial neural network. J Clean Prod 
318:128606. https:// doi. org/ 10. 1016/j. jclep ro. 2021. 128606

Gaur VK, Sharma P, Sirohi R, Awasthi MK, Dussap C-G, Pandey 
A (2020) Assessing the impact of industrial waste on environ-
ment and mitigation strategies: a comprehensive review. J Haz-
ard Mater 398:123019. https:// doi. org/ 10. 1016/j. jhazm at. 2020. 
123019

Ghanbari F, Kamalan H, Sarraf A (2023) Predicting solid waste genera-
tion based on the ensemble artificial intelligence models under 
uncertainty analysis. J Mater Cycles Waste Manag. https:// doi. 
org/ 10. 1007/ s10163- 023- 01589-9

Ghatak MD, Ghatak A (2018) Artificial neural network model to pre-
dict behavior of biogas production curve from mixed lignocellu-
losic co-substrates. Fuel 232:178–189. https:// doi. org/ 10. 1016/j. 
fuel. 2018. 05. 051

Golbaz S, Nabizadeh R, Sajadi HS (2019) Comparative study of pre-
dicting hospital solid waste generation using multiple linear 
regression and artificial intelligence. J Environ Health Sci Eng 
17:41–51. https:// doi. org/ 10. 1007/ s40201- 018- 00324-z

Gondal AU, Sadiq MI, Ali T, Irfan M, Shaf A, Aamir M, Shoaib M, 
Glowacz A, Tadeusiewicz R, Kantoch E (2021) Real time mul-
tipurpose smart waste classification model for efficient recycling 
in smart cities using multilayer convolutional neural network and 
perceptron. Sensors 21:4916. https:// doi. org/ 10. 3390/ s2114 4916

Gopirajan PV, Gopinath KP, Sivaranjani G, Arun J (2021) Optimi-
zation of hydrothermal gasification process through machine 
learning approach: experimental conditions, product yield and 
pollution. J Clean Prod 306:127302. https:// doi. org/ 10. 1016/j. 
jclep ro. 2021. 127302

Goutam Mukherjee A, Ramesh Wanjari U, Chakraborty R, Renu 
K, Vellingiri B, George A, Sundara Rajan CR, Valsala 
Gopalakrishnan A (2021) A review on modern and smart tech-
nologies for efficient waste disposal and management. J Environ 
Manag 297:113347. https:// doi. org/ 10. 1016/j. jenvm an. 2021. 
113347

Gundupalli SP, Hait S, Thakur A (2017) A review on automated sorting 
of source-separated municipal solid waste for recycling. Waste 
Manag 60:56–74. https:// doi. org/ 10. 1016/j. wasman. 2016. 09. 015

Guo H-N, Wu S-B, Tian Y-J, Zhang J, Liu H-T (2021) Application 
of machine learning methods for the prediction of organic solid 
waste treatment and recycling processes: a review. Biores Tech-
nol 319:124114. https:// doi. org/ 10. 1016/j. biort ech. 2020. 124114

Guo H-N, Liu H-T, Wu S (2022) Simulation, prediction and optimiza-
tion of typical heavy metals immobilization in swine manure 
composting by using machine learning models and genetic algo-
rithm. J Environ Manag 323:116266. https:// doi. org/ 10. 1016/j. 
jenvm an. 2022. 116266

Gurram GV, Shariff NC, Biradar RL (2022) A secure energy aware 
meta-heuristic routing protocol (SEAMHR) for sustainable IoT-
wireless sensor network (WSN). Theoret Comput Sci 930:63–76. 
https:// doi. org/ 10. 1016/j. tcs. 2022. 07. 011

He L, Bai L, Dionysiou DD, Wei Z, Spinney R, Chu C, Lin Z, Xiao R 
(2021) Applications of computational chemistry, artificial intelli-
gence, and machine learning in aquatic chemistry research. Chem 
Eng J 426:131810. https:// doi. org/ 10. 1016/j. cej. 2021. 131810

Herath HMKKMB, Mittal M (2022) Adoption of artificial intelligence 
in smart cities: a comprehensive review. Int J Inf Manag Data 
Insights 2:100076. https:// doi. org/ 10. 1016/j. jjimei. 2022. 100076

Hidalgo-Crespo J, Álvarez-Mendoza CI, Soto M, Amaya-Rivas JL 
(2022) Quantification and mapping of domestic plastic waste 
using GIS/GPS approach at the city of Guayaquil. Procedia CIRP 
105:86–91. https:// doi. org/ 10. 1016/j. procir. 2022. 02. 015

Ho C-C, Chen M-S (2018) Risk assessment and quality improvement 
of liquid waste management in Taiwan University chemical lab-
oratories. Waste Manag 71:578–588. https:// doi. org/ 10. 1016/j. 
wasman. 2017. 09. 029

Hoque MM, Rahman MTU (2020) Landfill area estimation based on 
solid waste collection prediction using ANN model and final 
waste disposal options. J Clean Prod 256:120387. https:// doi. 
org/ 10. 1016/j. jclep ro. 2020. 120387

Huang J, Koroteev DD (2021) Artificial intelligence for planning of 
energy and waste management. Sustain Energy Technol Assess 
47:101426. https:// doi. org/ 10. 1016/j. seta. 2021. 101426

Ihsanullah I, Alam G, Jamal A, Shaik F (2022) Recent advances in 
applications of artificial intelligence in solid waste manage-
ment: a review. Chemosphere 309:136631. https:// doi. org/ 10. 
1016/j. chemo sphere. 2022. 136631

Ijemaru GK, Ang LM, Seng KP (2022) Transformation from IoT 
to IoV for waste management in smart cities. J Netw Comput 
Appl 204:103393. https:// doi. org/ 10. 1016/j. jnca. 2022. 103393

Jha R, Dwivedi S, Modhera B (2022) Measurement and practices for 
hazardous waste management. In: Yadav D, Kumar P, Singh 
P, Vallero DA (eds) Hazardous waste management. Elsevier, 
Amsterdam, pp 89–115. https:// doi. org/ 10. 1016/ B978-0- 12- 
824344- 2. 00011-2

Jino Ramson S, Jackuline Moni D, Alfred Kirubaraj A, Senith S 
(2017) Self-powered wireless sensor network framework to 
monitor bin level. J Solid Waste Technol Manag 43:295–304. 
https:// doi. org/ 10. 5276/ JSWTM. 2017. 295

Johnson NE, Ianiuk O, Cazap D, Liu L, Starobin D, Dobler G, 
Ghandehari M (2017) Patterns of waste generation: a gradient 
boosting model for short-term waste prediction in New York 
City. Waste Manag 62:3–11. https:// doi. org/ 10. 1016/j. wasman. 
2017. 01. 037

Joshi LM, Bharti RK, Singh R, Malik PK (2022) Real time monitoring 
of solid waste with customized hardware and Internet of Things. 
Comput Electr Eng 102:108262. https:// doi. org/ 10. 1016/j. compe 
leceng. 2022. 108262

Kabirifar K, Mojtahedi M, Wang CC (2021) A gystematic review of 
construction and demolition waste management in Australia: cur-
rent practices and challenges. Recycling 6:34. https:// doi. org/ 10. 
3390/ recyc ling6 020034

Kalhor P, Ghandi K (2019) Deep eutectic solvents for pretreatment, 
extraction, and catalysis of biomass and food waste. Molecules 
24:4012. https:// doi. org/ 10. 3390/ molec ules2 42240 12

Karnalim O, Wongso O, Budiman VE, Jonathan FC, Manuel BA, Mar-
lina M (2020) A persuasive technology for managing waste dis-
posal through smart trash bin and waste disposal tracker. Int J Inf 
Commun Technol (IJoICT) 6:41–51. https:// doi. org/ 10. 21108/ 
IJOICT. 2020. 61. 117

Karthikeyan S, Rani GS, Sridevi M, Bhuvaneswari PTV (2017) IoT 
enabled waste management system using ZigBee network. In: 
2017 2nd IEEE International Conference on Recent Trends 

https://doi.org/10.1007/s10311-022-01468-z
https://doi.org/10.1007/s10311-022-01468-z
https://doi.org/10.1007/s10311-023-01591-5
https://doi.org/10.1007/s10311-023-01591-5
https://doi.org/10.1155/2022/5458703
https://doi.org/10.5897/AJEST2017.2340
https://doi.org/10.5897/AJEST2017.2340
https://doi.org/10.3390/ijerph16061060
https://doi.org/10.1016/j.jclepro.2021.128606
https://doi.org/10.1016/j.jhazmat.2020.123019
https://doi.org/10.1016/j.jhazmat.2020.123019
https://doi.org/10.1007/s10163-023-01589-9
https://doi.org/10.1007/s10163-023-01589-9
https://doi.org/10.1016/j.fuel.2018.05.051
https://doi.org/10.1016/j.fuel.2018.05.051
https://doi.org/10.1007/s40201-018-00324-z
https://doi.org/10.3390/s21144916
https://doi.org/10.1016/j.jclepro.2021.127302
https://doi.org/10.1016/j.jclepro.2021.127302
https://doi.org/10.1016/j.jenvman.2021.113347
https://doi.org/10.1016/j.jenvman.2021.113347
https://doi.org/10.1016/j.wasman.2016.09.015
https://doi.org/10.1016/j.biortech.2020.124114
https://doi.org/10.1016/j.jenvman.2022.116266
https://doi.org/10.1016/j.jenvman.2022.116266
https://doi.org/10.1016/j.tcs.2022.07.011
https://doi.org/10.1016/j.cej.2021.131810
https://doi.org/10.1016/j.jjimei.2022.100076
https://doi.org/10.1016/j.procir.2022.02.015
https://doi.org/10.1016/j.wasman.2017.09.029
https://doi.org/10.1016/j.wasman.2017.09.029
https://doi.org/10.1016/j.jclepro.2020.120387
https://doi.org/10.1016/j.jclepro.2020.120387
https://doi.org/10.1016/j.seta.2021.101426
https://doi.org/10.1016/j.chemosphere.2022.136631
https://doi.org/10.1016/j.chemosphere.2022.136631
https://doi.org/10.1016/j.jnca.2022.103393
https://doi.org/10.1016/B978-0-12-824344-2.00011-2
https://doi.org/10.1016/B978-0-12-824344-2.00011-2
https://doi.org/10.5276/JSWTM.2017.295
https://doi.org/10.1016/j.wasman.2017.01.037
https://doi.org/10.1016/j.wasman.2017.01.037
https://doi.org/10.1016/j.compeleceng.2022.108262
https://doi.org/10.1016/j.compeleceng.2022.108262
https://doi.org/10.3390/recycling6020034
https://doi.org/10.3390/recycling6020034
https://doi.org/10.3390/molecules24224012
https://doi.org/10.21108/IJOICT.2020.61.117
https://doi.org/10.21108/IJOICT.2020.61.117


1985Environmental Chemistry Letters (2023) 21:1959–1989 

1 3

in Electronics, Information & Communication Technology 
(RTEICT): 2182–2187. https:// doi. org/ 10. 1109/ RTEICT. 2017. 
82569 87

Kaza S, Yao L, Bhada-Tata P, Van Woerden F (2018) What a waste 2.0: 
a global snapshot of solid waste management to 2050. Available 
at: http:// datat opics. world bank. org/ what-a- waste/

Khan AA, Sajib AA, Shetu F, Bari S, Zishan MSR, Shikder K (2021) 
Smart waste management system for bangladesh. In: 2021 2nd 
International Conference on Robotics, Electrical and Signal Pro-
cessing Techniques (ICREST): 659–663. https:// doi. org/ 10. 1109/ 
ICRES T51555. 2021. 93311 59

Khudyakova T, Lyaskovskaya E (2021) Improving the sustainability 
of regional development in the context of waste management. 
Sustainability 13:1755. https:// doi. org/ 10. 3390/ su130 41755

Kim Y, Cho J (2022) AIDM-Strat: augmented illegal dumping monitor-
ing strategy through deep neural network-based spatial separation 
attention of garbage. Sensors 22:8819. https:// doi. org/ 10. 3390/ 
s2222 8819

Kolekar KA, Hazra T, Chakrabarty SN (2016) A review on prediction 
of municipal solid waste generation models. Procedia Environ 
Sci 35:238–244. https:// doi. org/ 10. 1016/j. proenv. 2016. 07. 087

Kontokosta CE, Hong B, Johnson NE, Starobin D (2018) Using 
machine learning and small area estimation to predict building-
level municipal solid waste generation in cities. Comput Envi-
ron Urban Syst 70:151–162. https:// doi. org/ 10. 1016/j. compe 
nvurb sys. 2018. 03. 004

Koskinopoulou M, Raptopoulos F, Papadopoulos G, Mavrakis N, 
Maniadakis M (2021) Robotic waste sorting technology: 
toward a vision-based categorization system for the industrial 
robotic separation of recyclable waste. Robot Autom Mag 
28:50–60. https:// doi. org/ 10. 1109/ MRA. 2021. 30660 40

Kshirsagar PR, Kumar N, Almulihi AH, Alassery F, Khan AI, Islam 
S, Rothe JP, Jagannadham DBV, Dekeba K (2022) Artificial 
intelligence-based robotic technique for reusable waste mate-
rials. Comput Intell Neurosci. https:// doi. org/ 10. 1155/ 2022/ 
20734 82

Kumar A, Samadder SR, Kumar N, Singh C (2018) Estimation of the 
generation rate of different types of plastic wastes and possible 
revenue recovery from informal recycling. Waste Manag 79:781–
790. https:// doi. org/ 10. 1016/j. wasman. 2018. 08. 045

Lakshmi, Refonaa J, Vivek J (2015) Tracking of bio medical waste 
using global positioning system. In: 2015 International Con-
ference on Circuits, Power and Computing Technologies 
[ICCPCT-2015]: 1–5. https:// doi. org/ 10. 1109/ ICCPCT. 2015. 
71595 16

Lau WWY, Shiran Y, Bailey RM, Cook E, Stuchtey MR, Koskella 
J, Velis CA, Godfrey L, Boucher J, Murphy MB, Thompson 
RC, Jankowska E, Castillo Castillo A, Pilditch TD, Dixon B, 
Koerselman L, Kosior E, Favoino E, Gutberlet J, Baulch S, 
Atreya ME, Fischer D, He KK, Petit MM, Sumaila UR, Neil 
E, Bernhofen MV, Lawrence K, Palardy JE (2020) Evaluating 
scenarios toward zero plastic pollution. Science 369:1455–1461. 
https:// doi. org/ 10. 1126/ scien ce. aba94 75

Lee RP, Seidl LG, Huang Q-l, Meyer B (2021) An analysis of waste 
gasification and its contribution to China’s transition towards 
carbon neutrality and zero waste cities. J Fuel Chem Technol 
49:1057–1076. https:// doi. org/ 10. 1016/ S1872- 5813(21) 60093-2

Leveziel M, Laurent GJ, Haouas W, Gauthier M, Dahmouche R (2022) 
A 4-DoF parallel robot with a built-in gripper for waste sorting. 
Robot Autom Lett 7:9834–9841. https:// doi. org/ 10. 1109/ LRA. 
2022. 31925 82

Li J, Pan L, Suvarna M, Wang X (2021a) Machine learning aided 
supercritical water gasification for H2-rich syngas production 
with process optimization and catalyst screening. Chem Eng J 
426:131285. https:// doi. org/ 10. 1016/j. cej. 2021. 131285

Li J, Suvarna M, Pan L, Zhao Y, Wang X (2021b) A hybrid data-driven 
and mechanistic modelling approach for hydrothermal gasifica-
tion. Appl Energy 304:117674. https:// doi. org/ 10. 1016/j. apene 
rgy. 2021. 117674

Li Y, Li S, Sun X, Hao D (2022) Prediction of carbon dioxide pro-
duction from green waste composting and identification of criti-
cal factors using machine learning algorithms. Biores Technol 
360:127587. https:// doi. org/ 10. 1016/j. biort ech. 2022. 127587

Liamputtong P (2009) Qualitative data analysis: conceptual and practi-
cal considerations. Health Promot J Austr 20:133–139. https:// 
doi. org/ 10. 1071/ HE091 33

Lin K, Zhao Y, Kuo J-H, Deng H, Cui F, Zhang Z, Zhang M, Zhao C, 
Gao X, Zhou T, Wang T (2022) Toward smarter management 
and recovery of municipal solid waste: a critical review on deep 
learning approaches. J Clean Prod 346:130943. https:// doi. org/ 
10. 1016/j. jclep ro. 2022. 130943

Liu Z, Karimi IA (2020) Gas turbine performance prediction via 
machine learning. Energy 192:116627. https:// doi. org/ 10. 1016/j. 
energy. 2019. 116627

Liu Y, Kong F, Santibanez Gonzalez EDR (2017) Dumping, waste 
management and ecological security: evidence from England. 
J Clean Prod 167:1425–1437. https:// doi. org/ 10. 1016/j. jclep ro. 
2016. 12. 097

Liu W, Xu Y, Fan D, Li Y, Shao X-F, Zheng J (2021b) Alleviating cor-
porate environmental pollution threats toward public health and 
safety: the role of smart city and artificial intelligence. Saf Sci 
143:105433. https:// doi. org/ 10. 1016/j. ssci. 2021. 105433

Liu J, Balatti P, Ellis K, Hadjivelichkov D, Stoyanov D, Ajoudani 
A, Kanoulas D (2021a) Garbage collection and sorting with a 
mobile manipulator using deep learning and whole-body control. 
In: 2020 IEEE-RAS 20th International Conference on Humanoid 
Robots (Humanoids): 408–414. https:// doi. org/ 10. 1109/ HUMAN 
OIDS4 7582. 2021. 95558 00

Lu W (2019) Big data analytics to identify illegal construction waste 
dumping: a hong kong study. Resour Conserv Recycl 141:264–
272. https:// doi. org/ 10. 1016/j. resco nrec. 2018. 10. 039

Mao W-L, Chen W-C, Fathurrahman HIK, Lin Y-H (2022) Deep learn-
ing networks for real-time regional domestic waste detection. J 
Clean Prod 344:131096. https:// doi. org/ 10. 1016/j. jclep ro. 2022. 
131096

Mbom H, Raji A, Omiyale A (2022) Design and implementation of 
an IoT based smart waste bin for fill level and biodegradabil-
ity monitoring. J Eng Res 25:84–95. https://ir.unilag.edu.ng/
handle/123456789/10910"

McKinnon D, Fazakerley J, Hultermans R (2017) Waste sorting 
plants—extracting value from waste. ISWA: Vienna, Austria. 
Available at: https:// smart net. niua. org/ conte nt/ b2c60 cb7- 82f2- 
4a91- ae76- ebcf9 29b20 07

Mehrdad SM, Abbasi M, Yeganeh B, Kamalan H (2021) Prediction of 
methane emission from landfills using machine learning models. 
Environ Prog Sustain Energy 40:e13629. https:// doi. org/ 10. 1002/ 
ep. 13629

Mekonnen FH (2012) Liquid waste management: the case of Bahir Dar, 
Ethiopia. Ethiopian J Health Develop 26:49–53. https:// www. 
ajol. info/ index. php/ ejhd/ artic le/ view/ 83828

Melinte DO, Travediu A-M, Dumitriu DN (2020) Deep convolutional 
neural networks object detector for real-time waste identification. 
Appl Sci 10:7301. https:// doi. org/ 10. 3390/ app10 207301

Minoglou M, Komilis D (2018) Describing health care waste genera-
tion rates using regression modeling and principal component 
analysis. Waste Manag 78:811–818. https:// doi. org/ 10. 1016/j. 
wasman. 2018. 06. 053

Mohsin M, Ali SA, Shamim SK, Ahmad A (2022) A gis-based novel 
approach for suitable sanitary landfill site selection using inte-
grated fuzzy analytic hierarchy process and machine learning 

https://doi.org/10.1109/RTEICT.2017.8256987
https://doi.org/10.1109/RTEICT.2017.8256987
http://datatopics.worldbank.org/what-a-waste/
https://doi.org/10.1109/ICREST51555.2021.9331159
https://doi.org/10.1109/ICREST51555.2021.9331159
https://doi.org/10.3390/su13041755
https://doi.org/10.3390/s22228819
https://doi.org/10.3390/s22228819
https://doi.org/10.1016/j.proenv.2016.07.087
https://doi.org/10.1016/j.compenvurbsys.2018.03.004
https://doi.org/10.1016/j.compenvurbsys.2018.03.004
https://doi.org/10.1109/MRA.2021.3066040
https://doi.org/10.1155/2022/2073482
https://doi.org/10.1155/2022/2073482
https://doi.org/10.1016/j.wasman.2018.08.045
https://doi.org/10.1109/ICCPCT.2015.7159516
https://doi.org/10.1109/ICCPCT.2015.7159516
https://doi.org/10.1126/science.aba9475
https://doi.org/10.1016/S1872-5813(21)60093-2
https://doi.org/10.1109/LRA.2022.3192582
https://doi.org/10.1109/LRA.2022.3192582
https://doi.org/10.1016/j.cej.2021.131285
https://doi.org/10.1016/j.apenergy.2021.117674
https://doi.org/10.1016/j.apenergy.2021.117674
https://doi.org/10.1016/j.biortech.2022.127587
https://doi.org/10.1071/HE09133
https://doi.org/10.1071/HE09133
https://doi.org/10.1016/j.jclepro.2022.130943
https://doi.org/10.1016/j.jclepro.2022.130943
https://doi.org/10.1016/j.energy.2019.116627
https://doi.org/10.1016/j.energy.2019.116627
https://doi.org/10.1016/j.jclepro.2016.12.097
https://doi.org/10.1016/j.jclepro.2016.12.097
https://doi.org/10.1016/j.ssci.2021.105433
https://doi.org/10.1109/HUMANOIDS47582.2021.9555800
https://doi.org/10.1109/HUMANOIDS47582.2021.9555800
https://doi.org/10.1016/j.resconrec.2018.10.039
https://doi.org/10.1016/j.jclepro.2022.131096
https://doi.org/10.1016/j.jclepro.2022.131096
https://smartnet.niua.org/content/b2c60cb7-82f2-4a91-ae76-ebcf929b2007
https://smartnet.niua.org/content/b2c60cb7-82f2-4a91-ae76-ebcf929b2007
https://doi.org/10.1002/ep.13629
https://doi.org/10.1002/ep.13629
https://www.ajol.info/index.php/ejhd/article/view/83828
https://www.ajol.info/index.php/ejhd/article/view/83828
https://doi.org/10.3390/app10207301
https://doi.org/10.1016/j.wasman.2018.06.053
https://doi.org/10.1016/j.wasman.2018.06.053


1986 Environmental Chemistry Letters (2023) 21:1959–1989

1 3

algorithms. Environ Sci Pollut Res 29:31511–31540. https:// doi. 
org/ 10. 1007/ s11356- 021- 17961-x

Mustafa M, Azir KK (2017) Smart bin: internet-of-things garbage 
monitoring system. MATEC Web of Conf 140:01030. https:// 
doi. org/ 10. 1051/ matec conf/ 20171 40010 30

Mutlu AY, Yucel O (2018) An artificial intelligence based approach 
to predicting syngas composition for downdraft biomass gasi-
fication. Energy 165:895–901. https:// doi. org/ 10. 1016/j. energy. 
2018. 09. 131

Muyunda N, Ibrahim M (2017) Arduino-based smart garbage monitor-
ing system: Analysis requirement and implementation. In: 2017 
International Conference on Computer and Drone Applications 
(IConDA): 28–32. https:// doi. org/ 10. 1109/ ICONDA. 2017. 82703 
94

Na S, Heo S, Han S, Shin Y, Lee M (2022) Development of an artificial 
intelligence model to recognise construction waste by applying 
image data augmentation and transfer learning. Buildings 12:175. 
https:// doi. org/ 10. 3390/ build ings1 20201 75

Nabavi-Pelesaraei A, Bayat R, Hosseinzadeh-Bandbafha H, Afrasyabi 
H, Berrada A (2017) Prognostication of energy use and environ-
mental impacts for recycle system of municipal solid waste man-
agement. J Clean Prod 154:602–613. https:// doi. org/ 10. 1016/j. 
jclep ro. 2017. 04. 033

Neetha, Sharma S, Vaishnavi V, Bedhi V (2017) Smart bin—An “Inter-
net of Things” approach to clean and safe public space. In: 2017 
International Conference on I-SMAC (IoT in Social, Mobile, 
Analytics and Cloud) (I-SMAC): 652–657. https:// doi. org/ 10. 
1109/I- SMAC. 2017. 80582 60

Niyobuhungiro RV, Schenck CJ (2021) The dynamics of indiscrimi-
nate/illegal dumping of waste in fisantekraal, cape town, south 
africa. J Environ Manag 293:112954. https:// doi. org/ 10. 1016/j. 
jenvm an. 2021. 112954

Niyobuhungiro RV, Schenck CJ (2022) A global literature review of 
the drivers of indiscriminate dumping of waste: guiding future 
research in south africa. Dev South Afr 39:321–337. https:// doi. 
org/ 10. 1080/ 03768 35X. 2020. 18540 86

Noiki A, Afolalu SA, Abioye AA, Bolu CA, Emetere ME (2021) Smart 
waste bin system: a review. IOP Conf Ser: Earth Environ Sci 
655:012036. https:// doi. org/ 10. 1088/ 1755- 1315/ 655/1/ 012036

Nowakowski P, Szwarc K, Boryczka U (2020) Combining an artifi-
cial intelligence algorithm and a novel vehicle for sustainable 
e-waste collection. Sci Total Environ 730:138726. https:// doi. 
org/ 10. 1016/j. scito tenv. 2020. 138726

Oliveira V, Sousa V, Dias-Ferreira C (2019) Artificial neural network 
modelling of the amount of separately-collected household 
packaging waste. J Clean Prod 210:401–409. https:// doi. org/ 10. 
1016/j. jclep ro. 2018. 11. 063

Olugboja A, Wang Z (2019) Intelligent waste classification system 
using deep learning convolutional neural network. Procedia 
Manuf 35:607–612. https:// doi. org/ 10. 1016/j. promfg. 2019. 05. 
086

Oralhan Z, Oralhan B, Yiğit Y (2017) Smart city application: internet 
of things technologies based smart waste collection using data 
mining approach and ant colony optimization. Internet Things 
14:5. Available at: https:// iajit. org/ PDF/% 20Vol% 2014,% 20No.% 
204/ 14969. pdf

Ortega-Fernández A, Martín-Rojas R, García-Morales VJ (2020) Arti-
ficial intelligence in the urban environment: smart cities as mod-
els for developing innovation and sustainability. Sustainability 
12:7860. https:// doi. org/ 10. 3390/ su121 97860

Osman AI, Chen L, Yang M, Msigwa G, Farghali M, Fawzy S, Rooney 
DW, Yap P-S (2022) Cost, environmental impact, and resilience 
of renewable energy under a changing climate: a review. Environ 
Chem Lett. https:// doi. org/ 10. 1007/ s10311- 022- 01532-8

Osman AI, Hosny M, Eltaweil AS, Omar S, Elgarahy AM, Farghali 
M, Yap P-S, Wu Y-S, Nagandran S, Batumalaie K, Gopinath 
SCB, John OD, Sekar M, Saikia T, Karunanithi P, Hatta MHM, 
Akinyede KA (2023) Microplastic sources, formation, toxicity 
and remediation: a review. Environ Chem Lett. https:// doi. org/ 
10. 1007/ s10311- 023- 01593-3

Padubidri C, Kamilaris A, Karatsiolis S (2022) Accurate detection of 
illegal dumping sites using high resolution aerial photography 
and deep learning. In: 2022 IEEE International Conference on 
Pervasive Computing and Communications Workshops and other 
Affiliated Events (PerCom Workshops): 451–456. https:// doi. org/ 
10. 1109/ PerCo mWork shops 53856. 2022. 97674 51

Pan P, Lai J, Chen G, Li J, Zhou M, Ren H (2018) An Intelligent gar-
bage bin based on NB-IoT research mode. In: 2018 IEEE Inter-
national Conference of Safety Produce Informatization (IICSPI): 
113–117. https:// doi. org/ 10. 1109/ IICSPI. 2018. 86904 08

Patel AK, Singhania RR, Albarico FPJB, Pandey A, Chen C-W, Dong 
C-D (2022) Organic wastes bioremediation and its changing 
prospects. Sci Total Environ 824:153889. https:// doi. org/ 10. 
1016/j. scito tenv. 2022. 153889

Pawar SS, Pise S, Walke K, Mohite R (2018) Smart garbage monitor-
ing system using AVR microcontroller. In: 2018 Fourth Interna-
tional Conference on Computing Communication Control and 
Automation (ICCUBEA). 1–4. https:// doi. org/ 10. 1109/ ICCUB 
EA. 2018. 86975 85

Pence I, Kumaş K, Siseci MC, Akyüz A (2023) Modeling of energy 
and emissions from animal manure using machine learning 
methods: the case of the Western Mediterranean Region, Tur-
key. Environ Sci Pollut Res 30:22631–22652. https:// doi. org/ 10. 
1007/ s11356- 022- 23780-5

Peng X, Jiang Y, Chen Z, Osman AI, Farghali M, Rooney DW, Yap 
P-S (2023) Recycling municipal, agricultural and industrial waste 
into energy, fertilizers, food and construction materials, and eco-
nomic feasibility: a review. Environ Chem Lett. https:// doi. org/ 
10. 1007/ s10311- 022- 01551-5

Ponis S, Plakas G, Aretoulaki E, Tzanetou D, Maroutas TN (2023) 
LoRaWAN for tracking inland routes of plastic waste: introduc-
ing the smart TRACKPLAST bottle. Clean Waste Syst 4:100068. 
https:// doi. org/ 10. 1016/j. clwas. 2022. 100068

Popa CL, Carutasu G, Cotet CE, Carutasu NL, Dobrescu T (2017) 
Smart city platform development for an automated waste col-
lection system. Sustainability 9:2064. https:// doi. org/ 10. 3390/ 
su911 2064

Pouyanfar N, Harofte SZ, Soltani M, Siavashy S, Asadian E, Ghor-
bani-Bidkorbeh F, Keçili R, Hussain CM (2022) Artificial intelli-
gence-based microfluidic platforms for the sensitive detection of 
environmental pollutants: recent advances and prospects. Trends 
Environ Anal Chem 34:e00160. https:// doi. org/ 10. 1016/j. teac. 
2022. e00160

Praveen A, Radhika R, Rammohan MU, Sidharth D, Ambat S, Anjali 
T (2020b) IoT based smart bin: a swachh-bharat initiative. In: 
2020b International Conference on Electronics and Sustainable 
Communication Systems (ICESC): 783–786. https:// doi. org/ 10. 
1109/ ICESC 48915. 2020. 91556 26

Praveen A, Radhika R, Rammohan MU, Sidharth D, Ambat S, Anjali 
T (2020a) IoT based Smart Bin: a Swachh-Bharat Initiative. In: 
2020a International Conference on Electronics and Sustainable 
Communication Systems (ICESC). https:// doi. org/ 10. 1109/ 
ICESC 48915. 2020. 91556 26

Qi C, Fourie A, Chen Q, Zhang Q (2018) A strength prediction 
model using artificial intelligence for recycling waste tailings as 
cemented paste backfill. J Clean Prod 183:566–578. https:// doi. 
org/ 10. 1016/j. jclep ro. 2018. 02. 154

Raaju VA, Meeran JM, Sasidharan M, Premkumar K (2019) IoT based 
smart garbage monitoring system using ZigBee. In: 2019 IEEE 

https://doi.org/10.1007/s11356-021-17961-x
https://doi.org/10.1007/s11356-021-17961-x
https://doi.org/10.1051/matecconf/201714001030
https://doi.org/10.1051/matecconf/201714001030
https://doi.org/10.1016/j.energy.2018.09.131
https://doi.org/10.1016/j.energy.2018.09.131
https://doi.org/10.1109/ICONDA.2017.8270394
https://doi.org/10.1109/ICONDA.2017.8270394
https://doi.org/10.3390/buildings12020175
https://doi.org/10.1016/j.jclepro.2017.04.033
https://doi.org/10.1016/j.jclepro.2017.04.033
https://doi.org/10.1109/I-SMAC.2017.8058260
https://doi.org/10.1109/I-SMAC.2017.8058260
https://doi.org/10.1016/j.jenvman.2021.112954
https://doi.org/10.1016/j.jenvman.2021.112954
https://doi.org/10.1080/0376835X.2020.1854086
https://doi.org/10.1080/0376835X.2020.1854086
https://doi.org/10.1088/1755-1315/655/1/012036
https://doi.org/10.1016/j.scitotenv.2020.138726
https://doi.org/10.1016/j.scitotenv.2020.138726
https://doi.org/10.1016/j.jclepro.2018.11.063
https://doi.org/10.1016/j.jclepro.2018.11.063
https://doi.org/10.1016/j.promfg.2019.05.086
https://doi.org/10.1016/j.promfg.2019.05.086
https://iajit.org/PDF/%20Vol%2014,%20No.%204/14969.pdf
https://iajit.org/PDF/%20Vol%2014,%20No.%204/14969.pdf
https://doi.org/10.3390/su12197860
https://doi.org/10.1007/s10311-022-01532-8
https://doi.org/10.1007/s10311-023-01593-3
https://doi.org/10.1007/s10311-023-01593-3
https://doi.org/10.1109/PerComWorkshops53856.2022.9767451
https://doi.org/10.1109/PerComWorkshops53856.2022.9767451
https://doi.org/10.1109/IICSPI.2018.8690408
https://doi.org/10.1016/j.scitotenv.2022.153889
https://doi.org/10.1016/j.scitotenv.2022.153889
https://doi.org/10.1109/ICCUBEA.2018.8697585
https://doi.org/10.1109/ICCUBEA.2018.8697585
https://doi.org/10.1007/s11356-022-23780-5
https://doi.org/10.1007/s11356-022-23780-5
https://doi.org/10.1007/s10311-022-01551-5
https://doi.org/10.1007/s10311-022-01551-5
https://doi.org/10.1016/j.clwas.2022.100068
https://doi.org/10.3390/su9112064
https://doi.org/10.3390/su9112064
https://doi.org/10.1016/j.teac.2022.e00160
https://doi.org/10.1016/j.teac.2022.e00160
https://doi.org/10.1109/ICESC48915.2020.9155626
https://doi.org/10.1109/ICESC48915.2020.9155626
https://doi.org/10.1109/ICESC48915.2020.9155626
https://doi.org/10.1109/ICESC48915.2020.9155626
https://doi.org/10.1016/j.jclepro.2018.02.154
https://doi.org/10.1016/j.jclepro.2018.02.154


1987Environmental Chemistry Letters (2023) 21:1959–1989 

1 3

International Conference on System, Computation, Automation 
and Networking (ICSCAN): 1–7. https:// doi. org/ 10. 1109/ ICS-
CAN. 2019. 88787 42

Rabano SL, Cabatuan MK, Sybingco E, Dadios EP, Calilung EJ (2018) 
Common garbage classification using mobile net. In: 2018 IEEE 
10th International Conference on Humanoid, Nanotechnology, 
Information Technology,Communication and Control, Environ-
ment and Management (HNICEM): 1–4. https:// doi. org/ 10. 1109/ 
HNICEM. 2018. 86663 00

Rajathi G I, Rajamani V, Priya L (2020) Robotic dustbin on wheels. 
International Journal of Innovative Technology and Exploring 
Engineering 9: 1990–1993. Available at: https:// www. ijitee. org/ 
wp- conte nt/ uploa ds/ papers/ v9i1/ L3021 10812 19. pdf

Ramson SJ, Moni DJ, Vishnu S, Anagnostopoulos T, Kirubaraj AA, 
Fan X (2021) An IoT-based bin level monitoring system for solid 
waste management. J Mater Cycles Waste Manag 23:516–525. 
https:// doi. org/ 10. 1007/ s10163- 020- 01137-9

Ren X, Zeng G, Tang L, Wang J, Wan J, Liu Y, Yu J, Yi H, Ye S, Deng 
R (2018) Sorption, transport and biodegradation—An insight 
into bioavailability of persistent organic pollutants in soil. Sci 
Total Environ 610–611:1154–1163. https:// doi. org/ 10. 1016/j. 
scito tenv. 2017. 08. 089

Rızvanoğlu O, Kaya S, Ulukavak M, Yeşilnacar Mİ (2019) Optimiza-
tion of municipal solid waste collection and transportation routes, 
through linear programming and geographic information system: 
a case study from sanlıurfa, turkey. Environ Monit Assess 192:9. 
https:// doi. org/ 10. 1007/ s10661- 019- 7975-1

Rubab S, Khan MM, Uddin F, Abbas Bangash Y, Taqvi SAA (2022) A 
study on AI-based waste management strategies for the COVID-
19 pandemic. ChemBioEng Rev 9:212–226. https:// doi. org/ 10. 
1002/ cben. 20210 0044

Salguero-Puerta L, Leyva-Díaz JC, Cortés-García FJ, Molina-Moreno 
V (2019) Sustainability indicators concerning waste management 
for implementation of the circular economy model on the Uni-
versity of Lome (Togo) campus. Int J Environ Res Public Health 
16:2234. https:// doi. org/ 10. 3390/ ijerp h1612 2234

Samann FEF (2017) The design and implementation of smart trash 
bin. Acad J Nawroz Univ 6:141–148. https:// doi. org/ 10. 25007/ 
ajnu. v6n3a 103

Saranya K, Sujan V, Abivishaq B, Nithish Kanna K (2020) Smart bin 
with automated metal segregation and optimal distribution of the 
bins. In: Subramanian B, Chen SS, Reddy KR (eds) Emerging 
technologies for agriculture and environment: select proceedings 
of ITsFEW 2018. Springer, Berlin, pp 115–125. https:// doi. org/ 
10. 1007/ 978- 981- 13- 7968-0_9

Schwarzböck T, Aschenbrenner P, Spacek S, Szidat S, Rechberger H, 
Fellner J (2018) An alternative method to determine the share 
of fossil carbon in solid refuse-derived fuels—Validation and 
comparison with three standardized methods. Fuel 220:916–930. 
https:// doi. org/ 10. 1016/j. fuel. 2017. 12. 076

Selvakumar P, Sivashanmugam P (2018) Multi-hydrolytic biocatalyst 
from organic solid waste and its application in municipal waste 
activated sludge pre-treatment towards energy recovery. Process 
Saf Environ Prot 117:1–10. https:// doi. org/ 10. 1016/j. psep. 2018. 
03. 036

Selvaraju RR, Cogswell M, Das A, Vedantam R, Parikh D, Batra D 
(2020) Grad-cam: visual explanations from deep networks via 
gradient-based localization. Int J Comput Vision 128:336–359. 
https:// doi. org/ 10. 1007/ s11263- 019- 01228-7

Shahab S, Anjum M (2022) Solid waste management scenario in india 
and illegal dump detection using deep learning: an AI approach 
towards the sustainable waste management. Sustainability 
14:15896. https:// doi. org/ 10. 3390/ su142 315896

Sharma B, Vaish B, Monika SUK, Singh P, Singh RP (2019) Recy-
cling of organic wastes in agriculture: an environmental 

perspective. Int J Environ Res 13:409–429. https:// doi. org/ 10. 
1007/ s41742- 019- 00175-y

Sharma D, Pandey AK, Yadav KD, Kumar S (2021) Response surface 
methodology and artificial neural network modelling for enhanc-
ing maturity parameters during vermicomposting of floral waste. 
Biores Technol 324:124672. https:// doi. org/ 10. 1016/j. biort ech. 
2021. 124672

Shi C, Tan C, Wang T, Wang L (2021) A waste classification method 
based on a multilayer hybrid convolution neural network. Appl 
Sci 11:8572. https:// doi. org/ 10. 3390/ app11 188572

Shreyas Madhav A, Rajaraman R, Harini S, Kiliroor CC (2022) Appli-
cation of artificial intelligence to enhance collection of w-waste: 
a potential solution for household weee collection and segrega-
tion in india. Waste Manag Res 40:1047–1053. https:// doi. org/ 
10. 1177/ 07342 42X21 10528

Shukla S, Hait S (2022) Smart waste management practices in smart 
cities: current trends and future perspectives. In: Hussain C, Hait 
S (eds) Advanced organic waste management. Elsevier, Amster-
dam, pp 407–424. https:// doi. org/ 10. 1016/ B978-0- 323- 85792-5. 
00011-3

Sivaprakasam BT, Sugilal G, Shah JG, Kaushik CP, Krishnamurthy 
CV, Arunachalam K (2020) In situ process monitoring of nuclear 
waste glass melts using non-contact microwave sensor. Measure-
ment 160:107793. https:// doi. org/ 10. 1016/j. measu rement. 2020. 
107793

Soni U, Roy A, Verma A, Jain V (2019) Forecasting municipal solid 
waste generation using artificial intelligence models—a case 
study in India. SN Appl Sci 1:1–10. https:// doi. org/ 10. 1007/ 
s42452- 018- 0157-x

Sousa J, Rebelo A, Cardoso JS (2019) Automation of waste sorting 
with deep learning. In: 2019 XV Workshop de Visão Computa-
cional (WVC): 43–48. https:// doi. org/ 10. 1109/ WVC. 2019. 88769 
24

Sulemana A, Donkor EA, Forkuo EK, Oduro-Kwarteng S (2018) Opti-
mal routing of solid waste collection trucks: a review of methods. 
J Eng 2018:4586376. https:// doi. org/ 10. 1155/ 2018/ 45863 76

Sunayana KS, Kumar R (2021) Forecasting of municipal solid waste 
generation using non-linear autoregressive (NAR) neural models. 
Waste Manag 121:206–214. https:// doi. org/ 10. 1016/j. wasman. 
2020. 12. 011

Takahashi Y, Fujii J, Amakata M (2022) Training a robust uav river 
patrol ai for different river and an analysis of the training data-
set. In: Proceedings of the National Congress of the Society for 
Artificial Knowledge. JSAI2022: 3S3IS2e01–3S3IS2e01. https:// 
doi. org/ 10. 11517/ pjsai. JSAI2 022.0_ 3S3IS 2e01

Tanveer M, Hassan S, Bhaumik A (2020) Academic policy regard-
ing sustainability and artificial intelligence (AI). Sustainability 
12:9435. https:// doi. org/ 10. 3390/ su122 29435

Tawfik A, Mohsen M, Ismail S, Alhajeri NS, Osman AI, Rooney DW 
(2022) Methods to alleviate the inhibition of sludge anaerobic 
digestion by emerging contaminants: a review. Environ Chem 
Lett 20:3811–3836. https:// doi. org/ 10. 1007/ s10311- 022- 01465-2

Thotapally S (2022) Smart street an (AI) artificial powered street gar-
bage detection and alert system. TIJER-Int Res J 9:103–106. 
https:// doi. org/ 10. 1088/ 1742- 6596/ 1069/1/ 012032

Thumiki M, Khandelwal A (2022) Real-time mobile application for 
classifying solid waste material into recyclable and non-recycla-
ble using Image recognition and convolutional neural network. 
2022 IEEE International Students’ Conference on Electrical, 
Electronics and Computer Science (SCEECS). 1–6. https:// doi. 
org/ 10. 1109/ SCEEC S54111. 2022. 97408 63

Toğaçar M, Ergen B, Cömert Z (2020) Waste classification using 
autoEncoder network with integrated feature selection method in 
convolutional neural network models. Measurement 153:107459. 
https:// doi. org/ 10. 1016/j. measu rement. 2019. 107459

https://doi.org/10.1109/ICSCAN.2019.8878742
https://doi.org/10.1109/ICSCAN.2019.8878742
https://doi.org/10.1109/HNICEM.2018.8666300
https://doi.org/10.1109/HNICEM.2018.8666300
https://www.ijitee.org/wp-content/uploads/papers/v9i1/L30211081219.pdf
https://www.ijitee.org/wp-content/uploads/papers/v9i1/L30211081219.pdf
https://doi.org/10.1007/s10163-020-01137-9
https://doi.org/10.1016/j.scitotenv.2017.08.089
https://doi.org/10.1016/j.scitotenv.2017.08.089
https://doi.org/10.1007/s10661-019-7975-1
https://doi.org/10.1002/cben.202100044
https://doi.org/10.1002/cben.202100044
https://doi.org/10.3390/ijerph16122234
https://doi.org/10.25007/ajnu.v6n3a103
https://doi.org/10.25007/ajnu.v6n3a103
https://doi.org/10.1007/978-981-13-7968-0_9
https://doi.org/10.1007/978-981-13-7968-0_9
https://doi.org/10.1016/j.fuel.2017.12.076
https://doi.org/10.1016/j.psep.2018.03.036
https://doi.org/10.1016/j.psep.2018.03.036
https://doi.org/10.1007/s11263-019-01228-7
https://doi.org/10.3390/su142315896
https://doi.org/10.1007/s41742-019-00175-y
https://doi.org/10.1007/s41742-019-00175-y
https://doi.org/10.1016/j.biortech.2021.124672
https://doi.org/10.1016/j.biortech.2021.124672
https://doi.org/10.3390/app11188572
https://doi.org/10.1177/0734242X2110528
https://doi.org/10.1177/0734242X2110528
https://doi.org/10.1016/B978-0-323-85792-5.00011-3
https://doi.org/10.1016/B978-0-323-85792-5.00011-3
https://doi.org/10.1016/j.measurement.2020.107793
https://doi.org/10.1016/j.measurement.2020.107793
https://doi.org/10.1007/s42452-018-0157-x
https://doi.org/10.1007/s42452-018-0157-x
https://doi.org/10.1109/WVC.2019.8876924
https://doi.org/10.1109/WVC.2019.8876924
https://doi.org/10.1155/2018/4586376
https://doi.org/10.1016/j.wasman.2020.12.011
https://doi.org/10.1016/j.wasman.2020.12.011
https://doi.org/10.11517/pjsai.JSAI2022.0_3S3IS2e01
https://doi.org/10.11517/pjsai.JSAI2022.0_3S3IS2e01
https://doi.org/10.3390/su12229435
https://doi.org/10.1007/s10311-022-01465-2
https://doi.org/10.1088/1742-6596/1069/1/012032
https://doi.org/10.1109/SCEECS54111.2022.9740863
https://doi.org/10.1109/SCEECS54111.2022.9740863
https://doi.org/10.1016/j.measurement.2019.107459


1988 Environmental Chemistry Letters (2023) 21:1959–1989

1 3

Tong T, Elimelech M (2016) The global rise of zero liquid discharge 
for wastewater management: drivers, technologies, and future 
directions. Environ Sci Technol 50:6846–6855. https:// doi. org/ 
10. 1021/ acs. est. 6b010 00

Torres RN, Fraternali P (2021) Learning to identify illegal landfills 
through scene classification in aerial images. Remote Sens 
13:4520. https:// doi. org/ 10. 3390/ rs132 24520

Triassi M, Alfano R, Illario M, Nardone A, Caporale O, Montuori P 
(2015) Environmental pollution from illegal waste disposal and 
health effects: a review on the “Triangle of Death.” Int J Environ 
Res Public Health 12:1216–1236. https:// doi. org/ 10. 3390/ ijerp 
h1202 01216

Ukaogo PO, Ewuzie U, Onwuka CV (2020) 21—Environmental pollu-
tion: causes, effects, and the remedies. In: Chowdhary P, Raj A, 
Verma D, Akhter Y (eds) Microorganisms for sustainable envi-
ronment and health. Elsevier, Amsterdam, pp 419–429. https:// 
doi. org/ 10. 1016/ B978-0- 12- 819001- 2. 00021-8

Ulloa-Torrealba YZ, Schmitt A, Wurm M, Taubenböck H (2023) Lit-
ter on the streets—solid waste detection using VHR images. Eur 
J Remote Sens 56:2176006. https:// doi. org/ 10. 1080/ 22797 254. 
2023. 21760 06

Visser H, Evers N, Bontsema A, Rost J, de Niet A, Vethman P, Mylius 
S, van der Linden A, van den Roovaart J, van Gaalen F, Knoben 
R, de Lange HJ (2022) What drives the ecological quality of 
surface waters? A review of 11 predictive modeling tools. Water 
Res 208:117851. https:// doi. org/ 10. 1016/j. watres. 2021. 117851

Vyas S, Prajapati P, Shah AV, Kumar Srivastava V, Varjani S (2022) 
Opportunities and knowledge gaps in biochemical interventions 
for mining of resources from solid waste: a special focus on 
anaerobic digestion. Fuel 311:122625. https:// doi. org/ 10. 1016/j. 
fuel. 2021. 122625

Waheeg SA, Adesola RO, Garba SM (2022) Biochemistry of wastes 
recycling. World News of Natural Sciences 42: 169–188. 
Available at: http:// psjd. icm. edu. pl/ psjd/ eleme nt/ bwmet a1. 
eleme nt. psjd- 4459b 38e- f0f3- 4357- ad2e- f1657 dc130 34

Wajda A, Jaworski T (2021) Optimization and security of hazardous 
waste incineration plants with the use of a heuristic algorithm. 
Sensors 21:7247. https:// doi. org/ 10. 3390/ s2121 7247

Wang Z, Li H, Yang X (2020) Vision-based robotic system for on-
site construction and demolition waste sorting and recycling. 
J Build Eng 32:101769. https:// doi. org/ 10. 1016/j. jobe. 2020. 
101769

Wang D, Tang Y-T, He J, Yang F, Robinson D (2021) Generalized mod-
els to predict the lower heating value (LHV) of municipal solid 
waste (MSW). Energy 216:119279. https:// doi. org/ 10. 1016/j. 
energy. 2020. 119279

Wath SB, Vaidya AN, Dutt PS, Chakrabarti T (2010) A roadmap for 
development of sustainable E-waste management system in 
India. Sci Total Environ 409:19–32. https:// doi. org/ 10. 1016/j. 
scito tenv. 2010. 09. 030

Wei Y, Liang Z, Zhang Y (2022) Evolution of physicochemical 
properties and bacterial community in aerobic composting of 
swine manure based on a patent compost tray. Biores Technol 
343:126136. https:// doi. org/ 10. 1016/j. biort ech. 2021. 126136

Wijaya AS, Zainuddin Z, Niswar M (2017) Design a smart waste bin 
for smart waste management. In: 2017 5th International Confer-
ence on Instrumentation, Control, and Automation (ICA): 62–66. 
https:// doi. org/ 10. 1109/ ICA. 2017. 80684 14

Williams M-A (2019) The artificial intelligence race: will Australia 
lead or lose? J Proc Royal Soc New South Wales 152:105–114. 
https:// doi. org/ 10. 3316/ infor mit. 63907 93530 30330

Wilts H, Garcia BR, Garlito RG, Gómez LS, Prieto EG (2021) Artifi-
cial intelligence in the sorting of municipal waste as an enabler of 
the circular economy. Resources 10:28. https:// doi. org/ 10. 3390/ 
resou rces1 00400 28

Wirtz BW, Weyerer JC, Geyer C (2019) Artificial intelligence and the 
public sector—Applications and challenges. Int J Public Adm 
42:596–615. https:// doi. org/ 10. 1080/ 01900 692. 2018. 14981 03

Wu F, Niu D, Dai S, Wu B (2020) New insights into regional differ-
ences of the predictions of municipal solid waste generation rates 
using artificial neural networks. Waste Manag 107:182–190. 
https:// doi. org/ 10. 1016/j. wasman. 2020. 04. 015

Xia W, Jiang Y, Chen X, Zhao R (2022) Application of machine learn-
ing algorithms in municipal solid waste management: a mini 
review. Waste Manag Res 40:609–624. https:// doi. org/ 10. 1177/ 
07342 42x21 10337 16

Xiao W, Yang J, Fang H, Zhuang J, Ku Y, Zhang X (2020) Develop-
ment of an automatic sorting robot for construction and demoli-
tion waste. Clean Technol Environ Policy 22:1829–1841. https:// 
doi. org/ 10. 1007/ s10098- 020- 01922-y

Xu A, Li R, Chang H, Xu Y, Li X, Lin G, Zhao Y (2022) Artificial neu-
ral network (ann) modeling for the prediction of odor emission 
rates from landfill working surface. Waste Manag 138:158–171. 
https:// doi. org/ 10. 1016/j. wasman. 2021. 11. 045

Yaka H, Insel MA, Yucel O, Sadikoglu H (2022) A comparison of 
machine learning algorithms for estimation of higher heating 
values of biomass and fossil fuels from ultimate analysis. Fuel 
320:123971. https:// doi. org/ 10. 1016/j. fuel. 2022. 123971

Yan J, Yan X, Hu S, Zhu H, Yan B (2021) Comprehensive interro-
gation on acetylcholinesterase inhibition by ionic liquids using 
machine learning and molecular modeling. Environ Sci Technol 
55:14720–14731. https:// doi. org/ 10. 1021/ acs. est. 1c029 60

Yang M, Chen L, Msigwa G, Tang KHD, Yap P-S (2022a) Implica-
tions of COVID-19 on global environmental pollution and car-
bon emissions with strategies for sustainability in the COVID-19 
era. Sci Total Environ 809:151657. https:// doi. org/ 10. 1016/j. scito 
tenv. 2021. 151657

Yang G, Zhang Q, Zhao Z, Zhou C (2023a) How does the “Zero-waste 
City” strategy contribute to carbon footprint reduction in China? 
Waste Manag 156:227–235. https:// doi. org/ 10. 1016/j. wasman. 
2022. 11. 032

Yang J, Jiang P, Nassar R-U-D, Suhail SA, Sufian M, Deifalla AF 
(2023b) Experimental investigation and AI prediction model-
ling of ceramic waste powder concrete – An approach towards 
sustainable construction. J Mark Res. https:// doi. org/ 10. 1016/j. 
jmrt. 2023. 02. 024

Yang M, Chen L, Wang J, Msigwa G, Osman AI, Fawzy S, Rooney 
DW, Yap P-S (2023c) Circular economy strategies for combating 
climate change and other environmental issues. Environ Chem 
Lett 21:55–80. https:// doi. org/ 10. 1007/ s10311- 022- 01499-6

Yang Y, Zhu H, Liu J, Li Y, Zhou J, Ren T, Ren Y (2022b) An unteth-
ered soft robotic gripper with adjustable grasping modes and 
force feedback. In: 2022b IEEE International Conference on 
Robotics and Biomimetics (ROBIO): 1–6. https:// doi. org/ 10. 
1109/ ROBIO 55434. 2022. 10011 866

Yigitcanlar T, Cugurullo F (2020) The sustainability of srtificial intel-
ligence: an urbanistic viewpoint from the lens of smart and sus-
tainable cities. Sustainability 12:8548. https:// doi. org/ 10. 3390/ 
su122 08548

Yigitcanlar T, Mehmood R, Corchado JM (2021) Green srtificial intel-
ligence: towards an efficient, sustainable and equitable technol-
ogy for smart cities and futures. Sustainability 13:8952. https:// 
doi. org/ 10. 3390/ su131 68952

Youme O, Bayet T, Dembele JM, Cambier C (2021) Deep learning and 
remote sensing: detection of dumping waste using uav. Procedia 
Comput Sci 185:361–369. https:// doi. org/ 10. 1016/j. procs. 2021. 
05. 037

Yu KH, Zhang Y, Li D, Montenegro-Marin CE, Kumar PM (2021) 
Environmental planning based on reduce, reuse, recycle and 
recover using artificial intelligence. Environ Impact Assess Rev 
86:106492. https:// doi. org/ 10. 1016/j. eiar. 2020. 106492

https://doi.org/10.1021/acs.est.6b01000
https://doi.org/10.1021/acs.est.6b01000
https://doi.org/10.3390/rs13224520
https://doi.org/10.3390/ijerph120201216
https://doi.org/10.3390/ijerph120201216
https://doi.org/10.1016/B978-0-12-819001-2.00021-8
https://doi.org/10.1016/B978-0-12-819001-2.00021-8
https://doi.org/10.1080/22797254.2023.2176006
https://doi.org/10.1080/22797254.2023.2176006
https://doi.org/10.1016/j.watres.2021.117851
https://doi.org/10.1016/j.fuel.2021.122625
https://doi.org/10.1016/j.fuel.2021.122625
http://psjd.icm.edu.pl/psjd/element/bwmeta1.element.psjd-4459b38e-f0f3-4357-ad2e-f1657dc13034
http://psjd.icm.edu.pl/psjd/element/bwmeta1.element.psjd-4459b38e-f0f3-4357-ad2e-f1657dc13034
https://doi.org/10.3390/s21217247
https://doi.org/10.1016/j.jobe.2020.101769
https://doi.org/10.1016/j.jobe.2020.101769
https://doi.org/10.1016/j.energy.2020.119279
https://doi.org/10.1016/j.energy.2020.119279
https://doi.org/10.1016/j.scitotenv.2010.09.030
https://doi.org/10.1016/j.scitotenv.2010.09.030
https://doi.org/10.1016/j.biortech.2021.126136
https://doi.org/10.1109/ICA.2017.8068414
https://doi.org/10.3316/informit.639079353030330
https://doi.org/10.3390/resources10040028
https://doi.org/10.3390/resources10040028
https://doi.org/10.1080/01900692.2018.1498103
https://doi.org/10.1016/j.wasman.2020.04.015
https://doi.org/10.1177/0734242x211033716
https://doi.org/10.1177/0734242x211033716
https://doi.org/10.1007/s10098-020-01922-y
https://doi.org/10.1007/s10098-020-01922-y
https://doi.org/10.1016/j.wasman.2021.11.045
https://doi.org/10.1016/j.fuel.2022.123971
https://doi.org/10.1021/acs.est.1c02960
https://doi.org/10.1016/j.scitotenv.2021.151657
https://doi.org/10.1016/j.scitotenv.2021.151657
https://doi.org/10.1016/j.wasman.2022.11.032
https://doi.org/10.1016/j.wasman.2022.11.032
https://doi.org/10.1016/j.jmrt.2023.02.024
https://doi.org/10.1016/j.jmrt.2023.02.024
https://doi.org/10.1007/s10311-022-01499-6
https://doi.org/10.1109/ROBIO55434.2022.10011866
https://doi.org/10.1109/ROBIO55434.2022.10011866
https://doi.org/10.3390/su12208548
https://doi.org/10.3390/su12208548
https://doi.org/10.3390/su13168952
https://doi.org/10.3390/su13168952
https://doi.org/10.1016/j.procs.2021.05.037
https://doi.org/10.1016/j.procs.2021.05.037
https://doi.org/10.1016/j.eiar.2020.106492


1989Environmental Chemistry Letters (2023) 21:1959–1989 

1 3

Yuan X, Suvarna M, Low S, Dissanayake PD, Lee KB, Li J, Wang 
X, Ok YS (2021) Applied machine learning for prediction of 
carbon adsorption on biomass waste-derived porous carbons. 
Environ Sci Technol 55:11925–11936. https:// doi. org/ 10. 1021/ 
acs. est. 1c018 49

Yusoff S (2018) Toward integrated and sustainable waste management 
system in University of Malaya: UM zero waste campaign. E3S 
Web Conf 48:04007. https:// doi. org/ 10. 1051/ e3sco nf/ 20184 
804007

Zaied BK, Rashid M, Nasrullah M, Bari BS, Zularisam AW, Singh 
L, Kumar D, Krishnan S (2023) Prediction and optimization of 
biogas production from POME co-digestion in solar bioreactor 
using artificial neural network coupled with particle swarm opti-
mization (ANN-PSO). Biomass Convers Biorefinery 13:73–88. 
https:// doi. org/ 10. 1007/ s13399- 020- 01057-6

Zewdie MM, Yeshanew SM (2023) GIS based MCDM for waste dis-
posal site selection in Dejen town, Ethiopia. Environ Sustain 
Indic 18:100228. https:// doi. org/ 10. 1016/j. indic. 2023. 100228

Zhang J-Y, Guo Z-R, Qu S-C, Zhang Z (2012) Identification and 
molecular characterization of a class I chitinase gene (mhchit1) 
from malus hupehensis. Plant Mol Biol Report 30:760–767. 
https:// doi. org/ 10. 1007/ s11105- 011- 0387-1

Zhang A, Venkatesh VG, Liu Y, Wan M, Qu T, Huisingh D (2019) 
Barriers to smart waste management for a circular economy in 
China. J Clean Prod 240:118198. https:// doi. org/ 10. 1016/j. jclep 
ro. 2019. 118198

Zhang S, Mu D, Wang C (2020) A solution for the full-load collection 
vehicle routing problem with multiple trips and demands: an 
application in beijing. IEEE Access 8:89381–89394. https:// doi. 
org/ 10. 1109/ ACCESS. 2020. 29933 16

Zhang Q, Yang Q, Zhang X, Bao Q, Su J, Liu X (2021a) Waste image 
classification based on transfer learning and convolutional neural 
network. Waste Manag 135:150–157. https:// doi. org/ 10. 1016/j. 
wasman. 2021. 08. 038

Zhang Q, Zhang X, Mu X, Wang Z, Tian R, Wang X, Liu X (2021b) 
Recyclable waste image recognition based on deep learning. 
Resour Conserv Recycl 171:105636. https:// doi. org/ 10. 1016/j. 
resco nrec. 2021. 105636

Zhang S, Chen Y, Yang Z, Gong H (2021c) Computer vision based 
two-stage waste recognition-retrieval algorithm for waste clas-
sification. Resour Conserv Recycl 169:105543. https:// doi. org/ 
10. 1016/j. resco nrec. 2021. 105543

Zhou W, Piramuthu S (2013) Remanufacturing with RFID item-level 
information: optimization, waste reduction and quality improve-
ment. Int J Prod Econ 145:647–657. https:// doi. org/ 10. 1016/j. 
ijpe. 2013. 05. 019

Zhou W, Zhao L, Huang H, Chen Y, Xu S, Wang C (2023) Auto-
matic waste detection with few annotated samples: improving 
waste management efficiency. Eng Appl Artif Intell 120:105865. 
https:// doi. org/ 10. 1016/j. engap pai. 2023. 105865

Zhou Q, Fang Z, Mao X, Mai Q (2021) The mobile robot for garbage 
sorting and handling based on machine vision. In: 2021 IEEE 
International Conference on Artificial Intelligence, Robotics, and 
Communication (ICAIRC).37–39. https:// doi. org/ 10. 1109/ ICAIR 
C52191. 2021. 95447 68

Zhu B, Liu J, Lin J, Liu Y, Zhang D, Ren Y, Peng Q, Yang J, He H, 
Feng Q (2022) Cascade reservoirs adaptive refined simulation 
model based on the mechanism-AI coupling modeling para-
digm. J Hydrol 612:128229. https:// doi. org/ 10. 1016/j. jhydr ol. 
2022. 128229

Ziouzios D, Tsiktsiris D, Baras N, Dasygenis M (2020) A distributed 
architecture for smart recycling using machine learning. Future 
Internet. https:// doi. org/ 10. 3390/ fi120 90141

Ziouzios D, Baras N, Balafas V, Dasygenis M, Stimoniaris A (2022) 
Intelligent and real-time detection and classification algorithm 
for recycled materials using convolutional neural networks. 
ReCycling. https:// doi. org/ 10. 3390/ recyc ling7 010009

Publisher's Note Springer Nature remains neutral with regard to 
jurisdictional claims in published maps and institutional affiliations.

https://doi.org/10.1021/acs.est.1c01849
https://doi.org/10.1021/acs.est.1c01849
https://doi.org/10.1051/e3sconf/20184804007
https://doi.org/10.1051/e3sconf/20184804007
https://doi.org/10.1007/s13399-020-01057-6
https://doi.org/10.1016/j.indic.2023.100228
https://doi.org/10.1007/s11105-011-0387-1
https://doi.org/10.1016/j.jclepro.2019.118198
https://doi.org/10.1016/j.jclepro.2019.118198
https://doi.org/10.1109/ACCESS.2020.2993316
https://doi.org/10.1109/ACCESS.2020.2993316
https://doi.org/10.1016/j.wasman.2021.08.038
https://doi.org/10.1016/j.wasman.2021.08.038
https://doi.org/10.1016/j.resconrec.2021.105636
https://doi.org/10.1016/j.resconrec.2021.105636
https://doi.org/10.1016/j.resconrec.2021.105543
https://doi.org/10.1016/j.resconrec.2021.105543
https://doi.org/10.1016/j.ijpe.2013.05.019
https://doi.org/10.1016/j.ijpe.2013.05.019
https://doi.org/10.1016/j.engappai.2023.105865
https://doi.org/10.1109/ICAIRC52191.2021.9544768
https://doi.org/10.1109/ICAIRC52191.2021.9544768
https://doi.org/10.1016/j.jhydrol.2022.128229
https://doi.org/10.1016/j.jhydrol.2022.128229
https://doi.org/10.3390/fi12090141
https://doi.org/10.3390/recycling7010009

	Artificial intelligence for waste management in smart cities: a review
	Abstract
	Introduction
	Waste types and production
	Artificial intelligence in waste management 
	Smart bin systems
	Waste-sorting robots
	Sensor-based waste monitoring
	Models to predict waste generation
	Monitoring and tracking waste materials 

	Chemical analysis of waste using artificial intelligence
	Prediction of pyrolysis conditions for plastic recycling
	Identifying modern and fossil carbon
	Waste to energy 

	Logistics, transportation and recycling
	Illegal dumping and waste disposal
	Identifying and recovering valuable resources
	Improving public health and quality of life 
	Designing waste management systems for smart cities 
	Process efficiency and cost savings
	Limitation and prospects 
	Conclusion
	Acknowledgements 
	References




