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Abstract 

India’s transition toward a circular economy is severely hindered by the inefficiencies and occupational 

hazards of manual municipal solid waste (MSW) sorting. To overcome these bottlenecks, Material 

Recovery Facilities (MRFs) are increasingly deploying Artificial Intelligence (AI) and robotic sorting 

systems. While these technologies exponentially improve resource recovery rates, their probabilistic 

decision-making introduces a critical legal vacuum. When autonomous algorithms misclassify 

hazardous materials—such as lithium-ion batteries—resulting in environmental contamination or 

catastrophic facility fires, current Indian environmental jurisprudence struggles to attribute fault. This 

paper critically analyzes the liability gap created by AI in waste management, examining the limitations 

of traditional negligence and the doctrine of absolute liability. To resolve this, the study proposes a 

transition from singular operator blame to a Shared Responsibility Model, apportioning liability 

among hardware manufacturers, software developers, and MRF operators based on their respective 

roles in a system failure. Furthermore, this study recommends the legal implementation of mandatory 

"Confidence Thresholds," requiring human-in-the-loop interventions for uncertain algorithmic 

classifications. Ultimately, updating these liability frameworks will ensure that automated resource 

recovery accelerates India's circular economy while maintaining robust safety and accountability 

standards. 

Keywords: Artificial Intelligence Liability, Circular Economy, Solid Waste Management, Material 

Recovery Facilities (MRFs), Environmental Jurisprudence 

 

I. Introduction 

India’s rapid urbanization and industrial growth have precipitated an unprecedented crisis in 

Municipal Solid Waste (MSW) management. Currently generating over 62 million tonnes of 

waste annually, the nation is actively aligning with the global mandate for a circular 

economy—a paradigm shift moving away from the linear "take-make-dispose" model toward 

sustainable resource recovery. At the heart of this transition are Material Recovery Facilities 

(MRFs), which serve as the critical nodes where recyclable materials are separated from the 

general waste stream. However, the Indian waste management ecosystem has historically relied 

heavily on manual sorting. This reliance presents severe limitations: manual sorting is not only 

profoundly inefficient and prone to human error, but it also exposes workers to severe 

occupational health hazards, particularly when dealing with mixed streams containing 

biomedical or hazardous materials. Furthermore, manual processes are simply unable to scale 

to meet the ambitious recovery targets set by frameworks like the Swachh Bharat Mission and 

the Extended Producer Responsibility (EPR) mandates under the Plastic Waste Management 

Rules. 
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To overcome these bottlenecks, the sector is witnessing a rapid technological disruption 

through the introduction of Artificial Intelligence (AI). Advanced Material Recovery Facilities 

(MRFs) are increasingly deploying AI-powered computer vision systems and robotics to 

automate the sorting process. By utilizing deep learning algorithms trained on vast datasets of 

waste imagery, these autonomous systems can identify, categorize, and physically separate 

materials—such as specific polymers of plastic, metals, and paper—at speeds and accuracies 

far exceeding human capabilities. In the Indian context, where waste is often highly 

commingled and unsegregated at the source, AI presents a transformative solution to salvage 

valuable resources that would otherwise be destined for overwhelmed landfills. 

Problem Statement While the integration of AI significantly increases resource recovery rates 

and operational efficiency, it simultaneously creates a dangerous legal vacuum regarding 

liability. AI algorithms, despite their sophistication, are not infallible; they are susceptible to 

"false positives" caused by obscured items, degraded packaging, or edge cases not represented 

in their training data. When an autonomous system improperly sorts hazardous, highly 

flammable (e.g., lithium-ion batteries), or toxic materials into standard recycling bales, it 

introduces severe risks of secondary environmental contamination, catastrophic facility fires, 

and downstream product safety hazards. Under India's current environmental jurisprudence—

governed by the Environment (Protection) Act, 1986, and the principles of strict liability upheld 

by the National Green Tribunal (NGT)—liability typically falls upon the facility operator or 

the original polluter. However, the law remains silent on the attribution of fault when the 

proximate cause of environmental damage is an erroneous decision made by an autonomous 

"black box" algorithm. This paper analyzes this critical legal vacuum, exploring how traditional 

tort frameworks and environmental regulations must be adapted to assign liability fairly among 

software developers, hardware manufacturers, and MRF operators in the age of AI-driven 

waste management. 

II. Aim and Objectives: 

Aim 

The primary aim of this study is to critically analyze the legal challenges and liability gaps 

created by the use of Artificial Intelligence in India’s waste management sector and to propose 

a balanced regulatory framework that ensures safety while promoting a circular economy. 

Objectives 

To achieve this aim, the study sets the following specific objectives: 

1. To evaluate the technical mechanics of AI in Indian MRFs: To investigate how 

computer vision and robotics handle the unique challenges of unsegregated and 

contaminated Indian waste streams. 

2. To identify the "Legal Vacuum": To examine why existing Indian laws, such as the 

Environment (Protection) Act and Solid Waste Management Rules, are insufficient for 

dealing with autonomous sorting errors. 

3. To analyze Liability Doctrines: To assess the applicability of "Absolute Liability" (for 

hardware manufacturers) versus "Fault-Based Liability" (for software developers) in the 

context of Indian environmental jurisprudence. 

4. To determine Shared Responsibility: To define how blame and financial costs should be 

divided among tech developers, hardware builders, and facility operators when an AI 

makes a dangerous mistake. 
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5. To propose Regulatory Safeguards: To formulate practical policy recommendations, 

such as mandatory "Confidence Thresholds" and human-in-the-loop requirements, to 

minimize risks in automated resource recovery. 

III. The Mechanics of AI in Indian MRFs 

To understand the legal liabilities that arise from automated waste management, one must first 

comprehend the technical architecture of how Artificial Intelligence operationalizes Material 

Recovery Facilities (MRFs). Unlike traditional mechanical sorting—which relies on 

rudimentary physics via density screens, trommels, and magnets—AI systems mimic human 

cognitive sorting, albeit at a hyper-accelerated scale. This architecture is fundamentally built 

upon three integrated pillars: Perception, Decision-Making, and Actuation.  

1. Perception, Processing, and Actuation 

● Perception (The "Eyes"): High-resolution multi-angle cameras, frequently coupled with 

Near-Infrared (NIR) or hyperspectral sensors, are positioned directly over high-speed 

conveyor belts. These sensors capture thousands of frames per minute, gathering both 

visual and spectral data on the fast-moving waste stream.  

● Decision-Making (The "Brain"): The captured telemetry is fed into Edge AI computing 

systems running deep Convolutional Neural Networks (CNNs). These machine learning 

algorithms are trained on vast datasets of waste imagery to classify materials based on 

shape, branding, and polymer type (e.g., distinguishing high-value PET plastics from low-

value PVC), all in fractions of a second.  

● Actuation (The "Hands"): Once the AI classifies an object and calculates its precise 

spatial coordinates on the moving belt, it triggers mechanical actuators. Depending on the 

facility's design, this is executed by highly articulate robotic arms (gantry pickers) or high-

speed pneumatic air jets that blast specific items into designated recovery bins.  

2. The Unique Complexities of the Indian Waste Stream 

The application of this technology in India presents distinct operational hurdles that directly 

impact algorithmic accuracy. In Western nations, AI models operate on waste streams that have 

undergone strict multi-bin source segregation. Conversely, Indian Municipal Solid Waste 

(MSW) typically arrives at MRFs highly commingled. 

The defining characteristics of Indian waste are its extreme variability, high moisture content, 

and severe organic contamination. A piece of recyclable cardboard in an Indian MRF is often 

soaked in organic refuse, fundamentally altering its visual and spectral signature. 

Consequently, "off-the-shelf" AI models trained on Western datasets frequently fail in the 

subcontinent. To bridge this gap, indigenous tech startups are pioneering localized solutions. 

Companies like Ahmedabad-based Ishitva Robotic Systems are developing proprietary 

algorithms trained specifically on the highly contaminated profiles of Indian waste. 

Furthermore, advanced Indian MRFs are beginning to utilize sensor fusion—integrating 

moisture detection and ultrasonic sensors alongside cameras—to help the AI cross-reference 

visual data with physical moisture levels, improving its ability to separate wet biodegradable 

waste from dry recyclables.  

3. Probabilistic Sorting and the Genesis of Liability 

For legal scholars and policymakers, the most critical aspect of this technological architecture 

is that AI does not possess absolute knowledge; it operates entirely on probabilistic inference. 

When an AI agent identifies an object on the conveyor belt, it assigns a "confidence threshold" 
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(e.g., predicting an 89% probability that an obscured item is an aluminum can). If the threshold 

meets the facility's programmed policy, the actuation system fires. 

However, due to the chaotic nature of the Indian waste stream—crushed packaging, torn labels, 

and mud-obscured materials—the algorithm is frequently forced to make rapid decisions on 

visual "edge cases." This probabilistic nature is the genesis of the liability vacuum. When the 

AI incorrectly classifies a volatile, hazardous item—such as a lithium-ion battery concealed 

inside a crushed cardboard box—and routes it into a highly combustible paper baler, the result 

can be a catastrophic facility fire. In this scenario, the system has not "malfunctioned" in the 

traditional mechanical sense; it has simply made a statistically logical, yet factually incorrect, 

prediction based on incomplete data. Because the deep neural network functions as a complex 

"black box," tracing the precise rationale for the erroneous classification becomes a forensic 

impossibility, leaving traditional fault-based tort law paralyzed. 

IV. Sharing the Blame: Identifying Legal Responsibility for Errors in AI Waste Systems 

When an AI-driven Material Recovery Facility (MRF) incorrectly sorts a hazardous item—

such as routing a volatile lithium-ion battery into a highly combustible paper bale, resulting in 

a catastrophic facility fire—the immediate legal question becomes: Who is responsible? 

  Traditional environmental jurisprudence assumes human agency or mechanical failure. 

However, when the proximate cause of an environmental disaster is an autonomous decision 

made by a machine learning algorithm, the law faces a profound gap. To resolve this, courts 

and policymakers must evaluate liability across two distinct frameworks: the strict liability of 

hardware manufacturers, and the shared fault between software developers and facility 

operators. 

1. The Case for Strict Liability: AI Hardware Manufacturers 

In the realm of physical machinery, the law is relatively well-established. When dealing with 

the physical components of AI systems—specifically the optical sensors, hyperspectral 

cameras, and robotic actuators—the legal focus shifts toward product liability and the doctrine 

of strict (or absolute) liability. 

In India, the doctrine of Absolute Liability, established by the Supreme Court in the landmark 

case of M.C. Mehta v. Union of India, mandates that an enterprise engaged in a hazardous or 

inherently dangerous activity is strictly and absolutely liable for any harm that results, with no 

exceptions for an "Act of God" or third-party sabotage. While an AI camera itself is not a 

"hazardous substance," its deployment in the high-risk environment of an MRF elevates its 

legal status. 

If a facility fire occurs not because the AI's "brain" made a bad decision, but because the 

hardware physically failed—for example, a thermal sensor malfunctioned, or a robotic arm's 

pneumatic valve jammed and crushed a battery—the hardware manufacturer can be held 

strictly liable. Under frameworks like the Indian Consumer Protection Act, 2019, which 

recognizes "product liability," manufacturers owe a strict duty of care to ensure their machinery 

is free from manufacturing and design defects. 

For AI hardware in waste management, this means manufacturers could be held strictly liable 

if they fail to install necessary physical fail-safes. For instance, if a robotic sorting arm is sold 

without emergency automatic shut-off triggers for extreme temperature spikes, the 

manufacturer could be held liable for the resulting fire, regardless of how advanced the AI 

software was. 
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2. Shared Liability: The MRF Operator and the Software Developer 

The legal landscape becomes far more complex when the hardware functions perfectly, but the 

algorithm makes a probabilistic error. If the AI "looks" at a crushed battery and legally, but 

incorrectly, classifies it as "cardboard" with 85% confidence, strict liability is difficult to apply. 

Instead, a framework of Shared (or Apportioned) Liability must be constructed between the 

software developer who trained the AI and the MRF operator who deployed it. 

A. The Liability of the Software Developer (Defective Design & Training) Software 

developers frequently argue that AI is a "black box" and that they cannot foresee or control 

every decision the algorithm makes once deployed. However, in a legal context, developers 

can still be held liable for negligence in the design and training phases. 

● Algorithmic Bias and Training Negligence: As noted earlier, Indian waste is highly 

contaminated. If a software developer licenses an AI system in India that was trained 

exclusively on clean, segregated datasets from Western nations, they have committed a 

fundamental breach of their duty of care. Selling an algorithm unsuited for the local 

environment is a design defect. 

● Failure to Warn: Developers have a legal obligation to clearly communicate the 

"confidence thresholds" and limitations of their software. If a developer fails to warn the 

MRF operator that the AI's accuracy drops significantly when the waste belt moves faster 

than 3 meters per second, the developer shares a heavy portion of the liability for any 

resulting errors. 

B. The Liability of the MRF Operator (Operational Negligence) Even with a defective 

algorithm, the MRF operator cannot simply shift all blame to the tech companies. As the 

ultimate custodians of the waste and the physical premises, operators bear vicarious and 

occupier’s liability. 

● The "Human-in-the-Loop" Requirement: The most significant source of operator 

liability is the removal of human oversight. AI is designed to augment, not entirely replace, 

safety protocols. If an operator relies 100% on the AI and fires all human quality-control 

inspectors to cut costs, a court would likely find the operator highly negligent. 

● Ignoring Operational Parameters: If the software developer explicitly mandated that the 

AI requires daily lens cleaning and a maximum belt speed to function safely, and the MRF 

operator ignores these parameters to process more waste quickly, the operator absorbs the 

primary liability. 

The Path Forward: Proportional Apportionment 

In future litigation, courts will likely refuse to place the blame entirely on one party. Instead, 

they will use the legal concept of comparative negligence to apportion financial liability. 

During discovery, forensic audits of the AI's system logs will be necessary to determine the 

split. 

For example, if a court finds that the software developer used inadequate training data 

(contributing 40% to the failure), but the MRF operator simultaneously ran the conveyor belt 

too fast and removed human oversight (contributing 60% to the failure), the financial damages 

of a toxic fire would be shared accordingly. This shared liability framework is crucial: it forces 

software developers to build safer, localized algorithms, while ensuring waste operators do not 

view AI as a legal shield against basic environmental safety standards. 
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V. Proposing Regulatory Safeguards-Legal Rules for Managing Responsibility in 

Automated Waste Sorting 

As Material Recovery Facilities (MRFs) rely more on artificial intelligence to sort waste, the 

law must evolve to keep up. Current laws were written for human workers and simple 

machines, not for software that "thinks" and makes its own decisions. To solve the legal 

vacuum of who is to blame when an AI makes a dangerous mistake, this paper proposes three 

new legal frameworks. 

1. Strict Liability vs. Fault-Based Liability: Should Developers Share the Blame? 

In law, there are generally two ways to assign blame for an accident: Strict Liability and Fault-

Based Liability. 

● Strict Liability means that if your product causes harm, you are automatically responsible, 

even if you were extremely careful. This usually applies to highly dangerous activities. 

● Fault-Based Liability (or negligence) means you are only responsible if someone can 

prove you were careless or failed to do your job properly. 

When an AI waste sorter makes a mistake—like putting a battery into a paper shredder—should 

the software developers be held strictly liable? This paper argues no. If we apply strict liability 

to software developers, the financial risk would be too high. Tech companies would stop 

creating AI for waste management, which would hurt our goals for a circular economy. 

Instead, the law should apply Fault-Based Liability to AI developers. Developers should only 

be blamed if they were negligent in how they built or trained the AI. For example, if a developer 

sells an AI system in India but only trained it using pictures of clean, perfectly sorted American 

trash, that is a careless mistake. If that badly trained AI causes a fire, the developer should be 

held liable because they failed to provide a safe, well-tested product. 

2. Shared Responsibility Models: Splitting the Blame 

Currently, when an accident happens at a waste facility, the facility operator usually takes 

100% of the blame. However, AI systems are built and run by multiple different groups. 

Therefore, the law needs a Shared Responsibility Model (also known as proportional 

liability). 

If an accident occurs, a court should look at the "pie of blame" and divide it among the three 

main players based on what went wrong: 

● The Hardware Manufacturer: These are the people who build the physical cameras, 

conveyor belts, and robotic arms. If the AI software makes the correct decision, but the 

robotic arm physically breaks or drops a dangerous chemical, the hardware manufacturer 

gets the blame. 

● The Software Developer: These are the coders. They take the blame if the AI's "brain" is 

defective because they rushed the testing process or used bad data to train the system. 

● The Waste Facility Operator: These are the managers running the recycling plant. They 

take the blame if they misuse the technology. For example, if the operator runs the conveyor 

belt twice as fast as the software allows, or if they stop cleaning the camera lenses to save 

money, the operator is at fault. 

By splitting the liability, the law ensures that every single party has a financial reason to 

prioritize safety. 
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3. Mandatory "Confidence Thresholds" and Human Review 

The most practical legal solution to prevent AI accidents is to regulate how the AI makes its 

choices. AI does not "know" what an item is with 100% certainty. Instead, it guesses using 

percentages. When an item rolls down the conveyor belt, the AI might calculate: "I am 95% 

sure this is a safe plastic bottle, but there is a 5% chance it is a dangerous chemical container." 

This percentage is called a Confidence Threshold. 

This paper proposes a new legal rule: The Mandatory Confidence Threshold Law. 

Under this proposed rule, waste management regulations would require AI systems to hit a 

specific certainty number—for example, 90%—before the robot is allowed to sort the item 

autonomously. 

● Above 90%: If the AI is highly confident (e.g., 95% sure it is a clean piece of cardboard), 

the robot arm can sort it automatically. 

● Below 90%: If an item is crushed, covered in mud, or hidden inside a bag, the AI's 

confidence will drop (e.g., 60% sure). The law would mandate that the AI must not touch 

this item. Instead, the system must automatically flag the item and let it pass down the belt 

to a human worker for manual review. 

Why this is necessary: This legal requirement creates a mandatory "safety net." It 

acknowledges that while AI is incredibly fast, it is not perfect. By legally requiring a human-

in-the-loop for uncertain items, we protect facility workers from explosions and prevent toxic 

materials from being accidentally recycled into new consumer products. It gives waste 

managers the speed of AI while keeping the safety of human judgment. 

VI. Conclusion 

As India accelerates toward a circular economy, integrating Artificial Intelligence in Material 

Recovery Facilities (MRFs) has become an environmental necessity. Addressing the first 

objective of this study, we evaluated how AI-driven robotics offer a scalable solution to 

manage the immense volume and complexity of Indian waste, succeeding where manual 

sorting fundamentally fails. 

However, technology has outpaced legislation. Fulfilling our second and third objectives, this 

paper identified a dangerous "legal vacuum" and analyzed current liability doctrines. Because 

AI algorithms make educated guesses rather than absolute choices, traditional laws based on 

human negligence or mechanical failure are ill-equipped to judge the "black box" of 

autonomous sorting errors. 

To prevent legal uncertainty from stifling innovation, our fourth objective determined the 

critical need for a Shared Responsibility Model. Courts and policymakers must move away 

from singular blame and divide liability proportionally: strict liability for hardware 

manufacturers if physical fail-safes break, fault-based liability for software developers who use 

poor training data, and operational liability for facility managers who misuse the technology. 

Finally, fulfilling our fifth objective to propose regulatory safeguards, this study strongly 

recommends the introduction of Mandatory Confidence Thresholds. By legally requiring 

autonomous systems to pass highly uncertain items to a human worker for manual review, we 

ensure that the speed of AI is always balanced by the safety of human judgment. 

Ultimately, the goal of modern environmental law should not be to punish technological 

progress, but to safely guide it. By updating liability rules to reflect the realities of automated 
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sorting, we can build a legal foundation that encourages waste management companies to adopt 

AI confidently, ensuring a safer, smarter, and truly circular economy. 
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