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Abstract. Managing hospital waste is a major challenge due to its 

dangerous nature and the threats it poses to public health and the 

environment.Traditional disposal methods often prove insufficient in terms 
efficiency and regulatory compliance, which highlights the need for 

technological innovation. Artificial Intelligence has become a 

transformational tool in optimising waste classification, predictive 
modelling and logistics planning. This review examines the use of artificial 

intelligence in hospital waste management, evaluating its advantages, 

challenges and potential developments.By integrating AI-based automation, 

hospitals can increase efficiency, improve regulatory compliance and reduce 
environmental risks.  
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1 Introduction  

Hospitals are increasingly struggling with the effective management of medical waste in 

a manner that is environmentally friendly and preserves public health. Generation of 

hazardous, infectious, and non-hazardous waste requires science-driven solutions to reduce 

risk, rule out disease transmission, and promote the safety of healthcare workers while 

preserving ecological resources [1], [2]. Inadequate management of waste not only 

compromises the health of humans but also makes operations expensive, limits resource 

recovery and renders healthcare systems unsustainable [3]. 

Despite several decades of policy efforts and institutional rules, waste management in 

hospitals remains a persistent and challenging problem. The rise of sophistication in 

healthcare services, diversification of waste streams, and rising volumes of hazardous 

materials have added to operational complexities [4]. Traditional systems of management 

largely manual, fragmented, and reactive lack analytical and adaptive capacity to handle real-

time fluctuations in waste flows [5]. This commonly results in ineffective segregation, poor 

traceability, regulation compliance, and unsafe disposal practices. Secondly, the absence of 
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integrated digital monitoring devices and data-based decision support systems prevents 

continuous improvement and departmental transparency [6]. 

In recent times, Artificial Intelligence (AI) has emerged as a game-changing technology 

that can resolve most of these constraints. Compared to conventional systems, computerized 

solutions based on AI enable predictive, adaptive, and automated functions with the ability 

to customize every element of the waste management process from generation and 

segregation all the way to treatment and disposal [7]–[9]. Machine learning technology can 

scan large amounts of data to identify patterns of waste creation, forecast collection 

requirements, and reduce human error during categorization. Computer vision and sensor 

technology-driven systems further enhance segregation accuracy and improve on-the-job 

safety via decreased direct human contact with hazardous substances. 

Yet, the application of AI in hospitals for waste management remains limited and 

experimental. All manner of real-world limitations persists, including regulatory uncertainty, 

infrastructural constraints, data privacy issues, and ethical issues related to the automation of 

crucial healthcare processes [10]. In addition, variability in digital maturity among hospitals 

restricts high-scale deployments of smart systems, particularly in developing countries where 

there is underdeveloped waste monitoring technology. 

The remainder of this paper is organized as follows. Section three presents a 

comprehensive overview of the main categories and treatment processes of medical waste, 

providing the necessary contextual foundation for the subsequent analysis. Section four 

examines the application of various Artificial Intelligence (AI) techniques and models within 

hospital waste management systems, emphasizing their methodological diversity and 

operational relevance. Section five delivers a critical discussion supported by a SWOT 

analysis, which evaluates the strengths, weaknesses, opportunities, and challenges associated 

with AI-driven approaches. Finally, Section six concludes the study by summarizing the 

principal findings and outlining future perspectives and policy implications for the 

sustainable integration of AI into healthcare waste management frameworks. 

2 Methodology  

We followed the PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-

Analyses) methodology to guide the selection process and ensure an open, systematic 

evaluation of the scientific literature [10]. During the identification phase, we conducted a 

search using the keywords "digitalization AND waste AND management" in the Scopus 

database and retrieved 468 records; then during the filtering process, we applied language 

(English-language documents only) and publication year criteria (2019 to 2025), leaving me 

with 438 after removing 20. Next, limiting my selection to peer-reviewed conference papers, 

reviews, and articles for quality assessment reduced the pool of documents to 147 by 

eliminating 291. After screening, we eliminated 100 records not relevant to the main research 

focus and retained 47 studies for analysis. Applying PRISMA rigorously ensured that the 

final selection met. 
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Figure 1:The PRISMA methodology was used during the selection process. 

3 Overview 

3.1 Medical waste 

Hospital waste includes all residues generated by healthcare establishments, particularly 

hospitals, clinics, medical analysis laboratories, care centers, nursing homes, pharmacies, and 

veterinary establishments. This waste, produced by various medical, surgical, diagnostic, 

research, pharmaceutical, and patient care activities, poses a significant public health and 

environmental protection challenge. Due to its variety and potential hazards, hospital waste 

requires careful collection, sorting, storage, transportation, and treatment. in accordance with 

strict protocols outlined by national and international regulations [11]. 

3.2 Types of Medical Waste 

Table 1:Classification and Sources of Hospital Waste 

 Waste 

Categories 

Descriptions Sources Examples Reference 
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Health

care 

Waste 

dange

rous  

Pharmace

utical 

waste 

Unused or 

expired 

medicines 

with past use 

by date or 

expiration date 

or expiration 

dates have 

passed, 

contaminated 

vaccines and 

drugs  

Hospitals, 

Laboratories, 

Nursing 

facilities, 

home 

healthcare 

services, 

medical 

offices, dental 

practices, 

psychiatric 

centers, and 

institutions for 

individuals 

with 

disabilities 

Antibiotics, 

Antivirals, 

Anti-

inflammatorie

s, Analgesics  

, Sedatives 

and 

psychotropics 

[3], [12], 

[13], [14], 

[15] 

Pathologic

al waste 

Refers to 

waste of 

human or 

animal origin 

from medical 

procedures, 

surgical 

operations, 

autopsies or 

research 

activities. 

Hospitals, 

Laboratories, 

Research 

centers, 

Mortuary, 

Autopsy 

centers, 

Paramedic and 

ambulance 

services, 

Animal 

research. 

Tissues, 

organs, body 

parts, and 

bodily fluids, 

fetuses, 

placentas, 

unused blood 

products, 

contaminated 

animal 

carcasses 

Infectious 

waste 

Infectious 

waste includes 

all biomedical 

waste and 

activities 

recognized or 

clinically 

demonstrated 

by medical 

professionals 

as having the 

potential to 

transmit 

infectious 

agents to 

humans. 

Hospitals, 

Laboratories, 

Research 

Centers, 

Mortuary, 

Autopsy, 

Blood 

donation 

centers, 

nursing 

facilities, 

home 

healthcare 

services, 

acupuncture 

clinics, 

emergency 

medical 

responders, 

and veterinary 

research 

institutions, 

Physicians’ 

Emptied blood 

bags, 

transfusers, 

dressings, 

compresses or 

absorbent 

cotton, gloves, 

teeth, surgical 

parts 
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offices, Dental 

clinics. 

Sharps 

waste 

This includes 

all sharps 

waste with or 

without 

contact with a 

biological 

fluid. 

Autopsy 

facilities, 

blood 

donation 

centers, long-

term care 

homes, home 

healthcare 

services, 

acupuncture 

clinics, 

emergency 

medical 

teams, and 

ambulance 

services. 

Needles, 

syringes with 

attached 

needles, 

autodisble, 

Syringes, 

infusion kits, 

scalpels, 

knives, blades, 

pipettes, and 

shattered glass 

Cytotoxic 

waste 

Cytotoxic 

waste is the 

medical waste 

containing 

cytotoxic or 

cytostatic 

substances, 

which are used 

primarily in 

chemotherapy, 

immunosuppre

ssive therapy 

and cancer 

therapy. 

Hospitals, 

Research 

center, 

medical 

facilities, 

retirement 

homes, home-

based 

healthcare, 

and veterinary 

research 

institutions. 

Chemotherapy 

drugs, 

Immunosuppr

essive… 

Chemical 

waste 

Waste 

containing 

chemical 

substances. 

Not all of 

them are 

dangerous but 

some have 

toxic, 

corrosive, 

flammable, 

reactive, 

explosive or 

shock-

sensitive 

properties. 

− Hospitals, 

Laboratories, 

Research 

centers, 

Mortuary 

− , Autopsy, 

centers Blood 

banks, Nursing 

homes, Home 

Health care, 

Acupuncturist, 

Paramedic and 

ambulance 

services, 

Animal 

research, 

Physicians’ 

offices, Dental 

clinics, 

solvents, 

anesthetics, 

Laboratory 

reagents, 

Mercury 

waste. 
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− Chiropractors, 

Psychiatric 

hospitals, 

Cosmetic 

piercing and 

tattooing, 

Institutions for 

disabled people 

Radioactiv

e waste 

Radioactive 

waste is 

material that 

has been 

contaminated 

with 

radioactive 

elements. 

They can be 

harmful to 
both human 

health and the 

environment 

of their ability 

to emit 

ionising 

radiation, 

which, if 

exposed for 

long periods 

of time, may 

cause cellular 

damage, 

genetic 

mutations and 

tumours. 

Hospitals, 

Research 

facilities 

Unused 

radiotherapy 

liquids, 

radioactive 

diagnostic 

materials, 

contaminated 

packaging, 

soiled 

absorbent 
Glassware or 

paper, as well 

as urine and 

bodily excreta 

from patients 

undergoing 

tests or 

treatments 

involving 

radionuclides, 

as well as 

sealed 

radioactive 

sources 

Non-dangerous 

waste 

Waste does 

not present 

any specific 

biological, 

chemical, 

physical, or 

radioactive 

risk. 

Hospitals, 

Laboratories, 

Research 

centers, 

Mortuary 

, Autopsy, 

Blood 

donation 

centers, long-

term care 

facilities, 

home 

healthcare 

services, 

acupuncture 

clinics, 

emergency 

Paper, 

cardboard, 

glass bottles, 

wrappers. 
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medical 

responders, 

and 

ambulance 

services. 

 

3.3 Steps in hospital waste management 

Inadequate hospital waste management endangers public health and the environment. To 

mitigate these risks, implementing effective waste management strategies is importante to 

ensure safe disposal and minimize potential harm [16]. 

 
Figure 2: Hospital waste management Steps 

1. Waste generation: Public health and the environment are endangered by the poor 

management of hospital waste. Effective waste management strategies are needed to 

reduce these risks, ensure safe disposal and minimise potential damage [17]. 

2. Waste segregation/separation: Waste separation involves sorting waste at the place 

of origin as a first step of management. Dangerous waste must be kept separate from 

non-dangerous waste in order to avoid contamination. Proper disposal requires the 

disposal of waste in separate, clearly marked containers or bags with clearly marked 

colours. Specific colour codes differ from hospital to hospital and from country to 

country. The assignment of standardised colour codes for segregation of hospital waste 

ensures an effective and organised waste management system [17], [18]. 

3. Waste collection: During collection, hospital waste shall be properly sorted and 

collected separately by kind. The collection should be carried out by a designated team 

of hygienists wearing appropriate protective equipment to ensure safety. The waste 

containers should not be overfilled, their contents should be limited to three quarters 

of the capacity, and the collection bags should be securely fastened to the neck. 

Handling procedures such as throwing, pulling or lifting the container from the bottom 

should be avoided to avoid spillage and contamination [17], [18], [19].  

4. Waste storage: The health care facility should have a dedicated waste storage area, 

defined according to the volume and type of waste generated and the frequency of 

collection. To avoid contamination and health risks, the area must be secured and 

inaccessible to animals, insects and birds. In addition, it should be located away from 

water sources, food storage areas and food preparation zones. As a standard precaution, 

waste should not be kept for more than 24 hours in order to minimise the risk of leakage 

and contamination [17], [18], [20]. 

5. Waste transportation: The next stage in hospital waste management is the transport 

of waste from the collection point to the temporary storage facility. The procedure 

should be carried out by means of a designated trolley along a pre-defined route, 

according to a timetable laid down by the managing authority. To reduce the risk of 

contamination, hospitals should provide separate corridors or lifts exclusively for 
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waste shipments. Waste must be placed in closed containers to avoid leakage and to 

ensure safety and hygiene throughout the process. In addition, transport vehicles 

should be cleaned thoroughly and disinfected daily with an appropriate disinfectant to 

maintain hygiene standards [17], [20], [21]. 

6. Waste treatment: Treatment of waste involves a series of processes to manage, reduce 

or eliminate waste before disposal to reduce environmental and health risks. Primary 

methods include physical treatments such as shredding and compacting to reduce the 

volume, chemical treatments such as neutralisation and oxidation to de-activate 

dangerous substances, bio-based treatments such as composting and anaerobic 

digestion to decompose organic waste, and thermal treatments such as combustion and 

pyrolysis to recover energy and reduce waste. In addition, dangerous waste can be 

safely contained by encapsulation or disposal in a reputable waste disposal unit. 

Together, these strategies help to reduce waste, eliminate harmful effects, recover 

valuable resources and ensure compliance with environmental legislation [13], [17], 

[18], [20], [21]. 

3.4 Waste management using artificial intelligence. 

Artificial intelligence models fall into different categories according to their learning 

approach and their area of specialization. Rule-based models, such as expert systems, use 

predefined knowledge to create a consistent decision-pattern. Machine learning (ML) allows 

models to evolve by analysing data using different approaches: linear regression establishes 

relationships between variables, support vector machines (SVMs) classify and identify 

patterns, and decision trees organize decisions by ranking criteria. Artificial neural networks 

(ANNs) power deep learning (DL), enabling the processing of complex data, particularly in 

computer vision and natural language processing. Moreover, genetic algorithms mimic 

natural selection by testing different combinations to optimize a solution [22], [23]. Finally, 

hybrid models combine multiple techniques to increase efficiency and accuracy in a variety 

of areas, from healthcare to industrial optimization. 

4 Application of different models of Artificial intelligence 
techniques in waste management. 

 
Table 2:Application of various artificial intelligence models in waste management 

 Models  Description  

AI in 

waste 

collection 

Smart bin 

systems  

These systems use artificial intelligence algorithms to 

analyse real-time sensor data and continuously monitor the 

level of the container's fill. Processing this data improves 

the collection efficiency by optimising routes and 

schedules, reducing operational costs and improving the 

overall management of waste [24]. Advances in machine 

learning further improve the accuracy of forecasts at the 

level of the customer, which allows for more accurate 

demand forecasts [25]. In addition, AI will automate waste 

management strategies, making it easier to plan for 

predictive maintenance and adaptive collection, ensuring a 
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more effective and data-driven approach to waste 

collection [26]. 

Route 

optimization 

Recent progress in route optimization harnesses artificial 

intelligence (AI), particularly machine learning and 

optimization algorithms, to improve efficiency. These 

systems process real-time data from GPS tracking, traffic 

patterns, historical collection logs, and weather forecasts to 

facilitate adaptive routing [27]. Machine learning models, 

including deep learning, analyze traffic patterns, optimize 

routes in real time, and adapt to evolving conditions. AI-

powered systems dynamically modify collection routes to 

manage congestion or unforeseen waste surges, ensuring 

uninterrupted operations [28]. By incorporating AI with 

real-time data on population density, traffic patterns, and 

waste generation rates, waste management systems 

enhance collection scheduling and resource distribution. 

AI-driven optimization algorithms analyze critical factors 

such as congestion levels, waste site proximity, and 

historical collection data to identify the most efficient 

routes [29]. Predictive analytics enhances this process by 

estimating waste generation, allowing authorities to 

anticipate needs and adapt schedules accordingly. 

Dynamic 

scheduling 

Dynamic scheduling adjusts waste collection timelines 

based on real-time data and evolving conditions. Advances 

in this field emphasize the integration of real-time analytics 

to enhance efficiency. Waste management companies are 

increasingly using artificial intelligence to analyse data 

from smart waste systems, transport networks and weather 

forecasts. Algorithms in artificial intelligence optimise 

collection schedules, allocate resources efficiently, and 

adapt to changing patterns of waste generation [28]. 

Predictive modelling and data mining identify trends and 

correlations, allowing more accurate planning. Mobile 

applications and communication systems provide real-time 

updates to waste collection teams, increasing coordination 

and efficiency [30]. AI enhances real-time decision-making 

by analyzing historical data, bin capacity, traffic patterns, 

weather conditions, and population distribution. Waste 

management authorities use AI to continuously adjust 

routes and optimize resource allocation for greater 

efficiency [31]. In the event of unexpected waste surges or 

congestion, AI redirects collection vehicles to ensure 

continuity of service. 

Demand 

prediction 

Demand prediction models powered by artificial 

intelligence improve waste management by analysing 

multiple data sources and by using advanced machine 

learning techniques [28]. Waste management companies 

continuously gather and analyze data from social media, 

online platforms, and IoT sensors to track waste generation 

in real time. By predicting fluctuations in waste production, 

machine learning models, including deep learning and 
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ensemble learning, evaluate key factors such as population 

density, demographics, historical waste trends, and external 

influences like events or holidays. This data-driven 

approach enhances forecasting accuracy and optimizes 

operational planning [32]. These models improve 

collection efficiency, reduce waste and increase 

responsiveness to changing demand patterns. Predictability 

will further support targeted waste reduction initiatives, 

optimise recycling processes and drive cost-effective 

sustainability. Integrating AI into waste management 

requires strategic planning to ensure compatibility with 

existing infrastructure [33].  

AI in 

waste 

sorting 

Automated 

sorting 

technologies 

Artificial intelligence-driven sorting technologies improve 

waste management by accurately identifying and sorting 

waste. These systems analyze the physical and chemical 

characteristics of waste using advanced technologies, 

including near-infrared spectroscopy (NIR), X-ray 

fluorescence (XRF), and hyperspectral imaging (HISH) 

[34]. Algorithms in artificial intelligence process this data 

to identify material types and categorize waste accordingly. 

Recent developments incorporate machine learning 

approaches, including deep learning and neural networks, 

to enhance accuracy and broaden the scope of material 

sorting [28]. By analyzing large datasets, artificial 

intelligence systems develop the ability to recognize and 

distinguish glass, organic waste, plastics, metals, and 

paper. Automated processes enhance recycling efficiency 

by refining the separation of recyclables, organic materials, 

and contaminants [35]. 

Image 

recognition 

and machine 

vision 

Image recognition and machine vision technologies are 

transforming waste sorting by enabling the accurate 

identification of waste streams. Algorithms in artificial 

intelligence analyze images and video clips in real time to 

determine the sacredness of the material [22]. Recent 

developments incorporate high-resolution cameras, 

sophisticated image processing techniques, and deep 

learning models to enhance classification precision [26]. 

Deep learning models and convolutional neural networks 

extract complex information from discarded images and 

increase the accuracy of classification. Machine vision 

systems on conveyor belts quickly identify and classify 

waste, which improves its processing efficiency. Artificial 

intelligence-driven automation optimizes waste 

management operations, increasing efficiency and 

simplifying recycling processes [36]. 

Robotic 

sorting 

systems 

Robot sorting systems combine artificial intelligence and 

robotics to improve the classification of waste. Robot arms, 

equipped with sensors and cameras, quickly identify and 

sort waste according to its material composition [28]. 

Advances in grip technology, sensor accuracy and artificial 

intelligence are further improving the sorting efficiency of 
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robots, while reinforcement learning is improving sorting 

strategies and adaptability. Adaptive grippers with tactile 

sensors allow robots to handle different materials [37].  

Sensor-based 

sorting 

techniques 

Artificial intelligence-driven sensor-based sorting 

streamlines waste classification by automating and refining 

the classification of materials. These systems rely on 

advanced sensors, Including optical sensors, X-ray, and 

near-infrared (NIR) technology to analyze the properties of 

the material [28], [38]. By minimizing contamination in 

recycling streams and enhancing the performance of 

sorting systems like conveyor belts and robotic arms, 

artificial intelligence increases efficiency and enhances the 

quality of recycled materials by processing sensor data in 

real time and by continuously improving the accuracy of 

classification and error reduction [39]. Recent advances 

include the integration of multiple sensors and real-time 

feedback mechanisms, which will allow grading systems to 

adapt dynamically to changes in waste composition. 

AI in 

waste 

recycling 

Material 

identification 

and sorting 

Recent advancements in AI-powered recycling integrate 

high-resolution cameras, hyperspectral imaging, and 

sophisticated sensors to enhance material detection, 

especially in complex waste streams [28]. These 

technologies allow artificial intelligence to analyse the 

composition of waste with greater accuracy, ensuring that 

recyclables are effectively separated from contaminants. 

Machine learning models, including convolutional neural 

networks, can extract detailed visual information to classify 

materials accurately [28], [40], [40]. By automating 

material identification, artificial intelligence improves 

sorting accuracy, speeds up processing and improves the 

purity of recycled products. As artificial intelligence 

continues to evolve, its capacity to improve the recovery of 

materials It will strengthen the circular economy, reduce 

waste, and optimize resource utilization [28], [41]. 

Process 

optimization 

The AI improves recycling by optimising each phase to 

maximise reuse of resources and reduce wasteful practices. 

It improves operational efficiency and simplifies workload 

management Drawing data-driven insights and adaptive 

algorithms, recent developments integrate artificial 

intelligence with real-time data tracking, machine learning 

techniques, and predictive analysis to create a more 

responsive recycling system [42]. By analysing operational 

metrics such as energy consumption, energy consumption 

and material flow, artificial intelligence can identify 

inefficiencies and optimise processes. Machine learning 

models adapt to both historical and real-time data, enabling 

real-time adjustments and predictive management [28]. An 

artificial intelligence driven optimization adjusts critical 

parameters such as temperature, pressure and treatment 

time to increase the recovery efficiency of materials, 
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improving quality and increasing the sustainability of waste 

management [43]. 

Quality 

control and 

inspection 

Securing the purity of recycled materials preserves their 

market value. Quality control systems driven by artificial 

intelligence increase the accuracy of classification by using 

advanced sensors, computer vision and machine learning to 

detect and eliminate contaminants. High resolution 

cameras and spectroscopic analysis enable the exact 

identification of impurities, which improves the overall 

quality of the material. Near-infrared spectroscopy and 

computer vision allow real-time monitoring of waste 

streams, enabling immediate disposal of waste that cannot 

be recycled [28]. Deepening awareness continuously 

improves classification accuracy, reduces errors, and 

optimizes the effectiveness of differentiation. 

Misconception initialization continues to improve the 

efficiency of classification. Misconception initialization 

continues to improve the efficiency of classification. 

Recent advances in machine learning have improved the 

ability to process large data sets and to distinguish between 

recyclables and waste more accurately [28], [44]. 

AI in 

waste 

monitoring 

Predictive 

analytics 

Artificial intelligence-driven predictive analytics improve 

waste management by accurately predicting the trends in 

the production of waste. These models process historical 

and real-time data, and consider factors such as population 

density, weather conditions and waste flow patterns. 

Processing this information optimizes collection routes, 

resource allocation and operational efficiency, and 

continuously improves predictive accuracy [28], [45]. 

Waste management bodies are using artificial intelligence 

to assess how climate change is affecting waste generation 

and recycling processes. By analysing environmental and 

historical data, artificial intelligence detects changes in 

consumption patterns, impacts of population growth, and 

evolving waste streams. It also identifies high-waste areas 

during extreme weather events, allowing targeted 

initiatives to reduce waste and regenerate vegetation [46]. 

Data-driven 

decision 

making 

Artificial intelligence improves waste management by 

analysing large datasets from multiple sources to generate 

actionable insights. Algorithms analyzed by artificial 

intelligence analyze waste generation patterns, recycling 

trends, and disposal costs, allowing policy makers to 

develop regulations, prioritise infrastructure investment, 

and optimize the allocation of resources [47]. Unlike 

traditional methods, artificial intelligence detects hidden 

patterns and correlations that human operators may miss, 

allowing waste managers to make informed and evidence-

based decisions that increase efficiency [28], [48]. 
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4.1 SWOT Analysis of AI Models in Hospital Waste Management 

Table 3: Analysis SWOT 

AI Model Strengths Weaknesses Opportunities Threats 

Linear 

Regression 

Simple, 

interpretable, 

effective for 

identifying 

trends in 

waste 

generation 

Limited in 

handling non-

linear 

relationships, less 

effective for 

complex waste 

data. 

Can improve 

waste 

prediction 

models for 

better resource 

planning 

Accuracy drops 

with complex 

datasets, leading 

to unreliable 

predictions. 

Support 

Vector 

Machine 

High accuracy 

in classifying 

complex data, 

effective for 

detecting 

dangerous 

waste 

Requires 

significant 

computational 

resources, 

sensitive to data 

imbalance 

Enhances real-

time 

classification of 

biomedical 

waste, 

improving 

disposal 

efficiency 

Overfitting may 

lead to 

misclassification, 

increasing 

dangerous waste 

risks 

Decision 

Tree 

Easy to 

interpret, fast 

in decision-

making, 

useful for 

structured 

waste 

classification 

Subject to 

overfitting, less 

efficient for 

handling large 

and complex 

datasets 

It can be 

integrated with 

automation 

systems for 

optimized 

waste sorting. 

Decisions may 

become unreliable 

in dynamic 

environments 

with fluctuating 

waste streams. 

Artificial 

Neural 

Network 

(ANN) 

High 

adaptability, 

effective for 

detecting 

patterns in 

waste sorting 

and prediction 

Computationally 

expensive, 

requires large 

datasets for 

training. 

Advances in 

computing 

power and 

datasets can 

improve model 

performance in 

waste tracking 

Requires large, 

high-quality 

datasets, which 

may not always be 

available. 

Genetic 

Algorithm 

Optimizes 

resource 

allocation, 

effective for 

solving 

complex 

waste 

management 

challenges 

Slow 

convergence, 

computationally 

intensive, and 

dependent on 

parameter tuning 

Can enhance 

predictive 

maintenance 

and 

optimization in 

waste treatment 

facilities 

May struggle with 

real-time 

applications due 

to computational 

demands 

 

5 Discussion 

Artificial Intelligence (AI), when applied as a systematic and scalable solution, significantly 

enhances hospital waste management by addressing the inherent limitations of conventional 

methods. Various AI models, selected for their predictive, analytical, and optimization 
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capabilities, have demonstrated potential across all stages of the waste management process, 

from waste classification and segregation to treatment logistics and disposal [49]. Early in 

the sorting of waste, models like decision trees and convolutional neural networks increase 

classification accuracy by defining the type and level of risk incurred through medical 

waste[50]. These systems improve source-level separation and reduce human error, making 

for safer handling and more uniform treatment pathways. In intensive hospital settings with 

high flow, CNNs and sensor vision systems can process image information in real time to 

accurately identify and sort fairly stable [51]. 

But in more dynamic hospital settings, the models need to be able to identify non-linear 

patterns. Both Support Vector Machines (SVMs) and Artificial Neural Networks (ANNs) 

perform better in such scenarios, enabling adaptive deployment of infrastructure and 

optimized waste collection schedules [52]. Genetic algorithms as well as reinforcement 

learning techniques also introduce flexibility through adapting routes, collection frequencies, 

or the use of resources in real time with respect to various objectives and operating constraints 

[53]. 

A comprehensive comparison reveals that all models have their own strengths and 

weaknesses. Linear models are fast computationally but insufficient for dealing with 

complicated, non-linear relations. SVMs have good classification performance but are prone 

to requiring heavy data preprocessing and class-balanced data. ANNs can deal well with 

complicated data structures but are computationally intensive. Genetic algorithms are 

excellent in optimization tasks but suffer from slow convergence in real-time problems [52]. 

These differences emphasize that one model is never best for all; the true potential of AI is 

in mixing complementary approaches with hybrid architectures that integrate predictive 

learning, optimization, and decision-making into synergistic systems. This integration results 

in the highest potential for adaptability, accuracy, and resilience across diverse hospital waste 

management scenarios [54], [55]. 

While stimulating initial experimental results, actual application of AI in hospital waste 

management is at present limited. Successful implementation in actual environments is often 

inhibited by a variety of structural barriers, including the lack of standardized data sets, 

incomplete digital infrastructure in less advanced regions, and doubt concerning certification 

of AI and data control [56]. Ethical challenges, particularly regarding privacy and algorithmic 

decision-making, also constrain integration into vulnerable healthcare environments [57]. 

Secondly, the high price of sensors, data labelling, and computing capabilities further restrict 

scalability to rich institutions. These are the primary reasons why technology-friendly 

policies on transfer, infrastructure growth, and capacity building among healthcare 

professionals are earnestly called for. Legal and regulatory studies have charted similar 

roadblocks in AI uptake of medical waste based on cost, infrastructure, and absence of 

expertise as primary barriers [57]. 

Aside from technical effectiveness, AI deployment also has major strategic and 

sustainability benefits. Predictive analytics can reduce waste storage excess capacity, reduce 

exposure risks for healthcare workers, and enhance regulatory compliance [58]. As a result 

of the integration of AI and Lean Management and traceability systems, hospitals can monitor 

waste creation in real time and perform continuous improvement cycles [59]. This 

convergence of AI and green management not only promotes safer practices but also assures 

that the hospital functions converge with global environmental and public health objectives 

[60]. New models such as the AI-powered circular waste management model have 

demonstrated the way in which regulatory compliance, environmental performance, and 

operational decision-making can be combined within integrated models [9]. Yet, in the 

absence of sound institutional backing and multidisciplinary collaboration, even highly 

developed AI instruments are unlikely to see lasting success. 

 

 
E3S Web of Conferences 680, 00022 (2025) https://doi.org/10.1051/e3sconf/202568000022

ICEGC'2025

14



Future research must bridge the gap between algorithm design and real-world execution. 

Pilot trials and multi-center trials must empirically validate the performance, reliability, and 

cost-effectiveness of AI systems under real-world hospital conditions [9]. Comparative 

benchmarking of different AI architectures across identical evaluation platforms would 

provide transparency, replicability, and worldwide comparability [61]. Finally, cross-

disciplinary interactions among data analysts, engineers, and healthcare policymakers are 

necessary to ensure that the introduction of AI in biomedical waste management is 

technically appropriate, ethically justifiable, and socio-economically viable [61]. 

Overall, AI can be a powerful tool to enhance the effectiveness, safety, and sustainability 

of biomedical waste management. But only if it happens is reliant on the ability to align 

technological innovation with institutional readiness and ethical regulation such that digital 

transformation of healthcare waste systems becomes a real contribution to public health and 

the preservation of the environment [9]. 

6 Conclusion  

The dangerous nature of waste and the risks it poses for the environment and public health 

make it a major challenge for hospitals, which can deal with it. Traditional disposal methods 

are struggling to meet growing demands for efficiency and regulatory compliance, which 

highlights the need for innovation [1]. Other than these functional limitations, typical waste 

management systems also lack the precision, flexibility, and traceability level required in 

today's healthcare setting; as hospitals generate increasing volumes of high-risk, 

heterogeneous waste, their inability to be linked to dynamic, real-time monitoring tools 

translates into unreliable sorting, inefficient use of resources, and slippage on regulatory 

compliance [62]. This raises exposure to contamination, inefficient logistics, as well as 

increased treatment labor costs. Organizations need smart automated systems to save the 

waste life cycle and make predictive choices [63]. AI improves hospital waste management 

by automating classification, refining predictive modelling, and optimizing logistics. 

Systems driven by artificial intelligence improve waste segregation, anticipate production 

pathways and streamline collection and disposal, thereby reducing risks and operational 

inefficiencies. Using artificial intelligence, hospitals can create a more precision , efficient 

and sustainable waste management framework [20]. Artificial intelligence enhances 

transparency, improves traceability and provides stakeholders with data-driven insights to 

ensure a safer treatment of waste. However, problems remain in terms of development, 

interactivity and legislation convergence [25]. Future research must improve artificial 

intelligence models and develop adaptive frameworks that will seamlessly integrate with 

hospital waste management systems. 
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