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Abstract: Farmers in India deal with a problem that 

most of us never consider during harvest season: 

what do you do with tons of leftover crop waste? 

Putting it on fire has been the solution for 

generations. It is fast, clears the field, costs nothing up 

front. But this habit — repeated by millions of 

farmers across hundreds of millions of hectares — is 

silently polluting our cities, modifying our soils, and 

throwing away resources worth billions of rupees 

every year. This paper introduces an AI-driven 

agricultural waste reuse system that changes that 

equation. Instead of burning, farmers photograph or 

describe their waste, receive instant AI-powered 

recommendations on the most profitable reuse option, 

and connect directly with buyers through a built-in 

digital marketplace — all from a mobile phone. The 

system combines a machine learning waste 

classification module (ResNet-50 and XGBoost), a 

multi-criteria recommendation engine, and a 

feedback-driven  marketplace.  Built  for 

low-connectivity rural environments and available in 

nine regional Indian languages, the system projects a 

40–55% reduction in open-field burning, 

supplementary income of ₹5,000–12,000 per hectare 
per season, and 1.2 tonnes of CO₂ avoided per hectare 

per year. 

Keywords: Artificial Intelligence, Agricultural Waste 

Management, Machine Learning, Circular Economy, 

Decision Support System, Digital Marketplace, Biomass 

Reuse, Sustainability 

 

I. INTRODUCTION 

Picture this: it is October in Punjab. The paddy 
harvest is done, and the fields are covered in a thick 
carpet of golden straw. The next crop needs to go in 
within two weeks. The straw cannot be ploughed in 
fast enough, hiring labour to remove it costs more 
than a farmer earns from the crop, and the 
government’s advice to use expensive machinery 
feels out of reach. So the farmer does what his 
father did, and his father’s father before him — he 
lights a match. 

 
This scene plays out on millions of farms across 

India every single season. India generates over 350 
million tonnes of agricultural waste each year [1], 
and a devastating fraction of it ends up as smoke. 
The resulting smog has made headlines 
internationally — Delhi’s air quality index The air 
quality gets really bad when farmers burn crops 
after they harvest them. This happens because of 
particles in the air that're five to ten times more 
than what the World Health Organization says is 
safe. 
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Crop waste is actually very useful. It has things 
like silica, nitrogen and carbon that can help the 
soil. We can turn crop waste into fertilizer, gas to 
power homes, charcoal that makes soil better for a 
time or food for animals. This can help farmers in 
villages make a living. If farmers in India use crop 
waste they can earn a lot of money. Around ₹8,000 
to ₹15,000 for each hectare of land every season. 
Instead this money is just being wasted. 

The good news is that we already have 
machines to turn crop waste into things. 

The problem is that farmers do not have the 
information. They do not know what to do with the 
leftover crops how to sell them or who to sell them 
to. They do not know how to find people who want 
to buy crop waste. 

Artificial intelligence can help solve this 
problem. It can give farmers the information they 
need about crop waste reuse options. For example 
it can tell them the option for their crop waste at 
their specific location and the current market price 
of crop waste. This can help farmers make the most 
of their crop waste. 

 
Farmers and crop waste are the key. Farmers 

can use crop waste to make money. Crop waste 
management is important. Farmers can use crop 
waste to make money from crop waste. 

Farmers in India can benefit from crop waste. 
They can earn money from crop waste. 

The solution is to use intelligence for crop 
waste management. Farmers can use intelligence to 
get information about crop waste. This can help 
farmers in India to make money from crop waste. 
Crop waste management is very important, for 
farmers. 

 

Fig. 4: Annual Agricultural Waste Generation by 

Crop Type in India 

This paper proposes an end-to-end AI-driven 
agricultural waste reuse system that puts data 
science directly in a farmer’s hands.The system 
turns a centuries-old burning habit into a new 
source of revenue quantifiable contribution 
to-environmental sustainability by combining 
machine learning-based waste classification, a 
real-time recommendation engine, and a digital 
marketplace—all accessible from a basic 
smartphone. 

 

II. Problem Statement 

India is impacted by the issue of agricultural waste 

in three interrelated ways. The first is the effect on 

the environment: burning crop residues in open 

fields releases a lot of CO2, methane, nitrous oxide, 

and small particles that contaminate the air. 

According to Gadde 

etal. [6], burning crop residues in South and 
Southeast Asia releases roughly 1,170 Tg of 
CO₂-equivalent every year. India’s burning alone 
destroys an estimated 3.85 million tonnes of soil 
nutrients annually [4], deepening dependence on 
costly chemical fertilizer. 

The second dimension is economic. The same 

biomass being burned represents enormous 

unrealized value — paddy straw alone has a market 

value of ₹2,000–5,000 per tonne as composting or 

biogas feed-stock. Yet these transactions rarely 

happen because farmers lack market information 

and buyer contacts. 

The third dimension is systemic. Government 

interventions — subsidised machinery, residue 

management policies, awareness campaigns — 

have not moved the needle at scale because they 

push solutions top-down without giving individual 

farmers real-time, contextual information to make 

 

better decisions in the days immediately following 

harvest. A bottom-up digital tool that meets farmers 

where they are is what is missing. 

 

III. Literature Review 

 

A. Agricultural Waste Research 

Kumar et al. [2] used atmospheric modelling to 
demonstrate the direct link between stubble burning 
events and severe air quality degradation across the 
Indo-Gangetic Plain, with burning season 
emissions accounting for 12–17% of annual PM2.5 
loading. Hiloidhari et al. [3] conducted a 
comprehensive state-wise inventory of crop residue 
generation in India and estimated the total 
bioenergy potential at over 17,000 PJ per year — a 
figure underscoring the scale of the opportunity 
being squandered. Government responses via the 
NPMCR [5] have had limited reach among 
smallholders who represent 85% of all farms. 

B. AI and Machine Learning in Waste 

Management 

Bhatt and Bhatt [10] systematically reviewed 
deep learning approaches to municipal solid waste 
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classification and found CNN-based models 
consistently achieve accuracy above 90%. In the 
agricultural domain, Sharma et al. [11] showed 
gradient boosting models predict biogas yields 
from crop residues with mean absolute errors 
below 5%. Gupta and Reddy [12] reported an 
F1-score of 0.89 for a random forest classifier 
assigning wheat and rice straw to optimal 
downstream applications. These results confirm 
that the core ML tasks required by the proposed 
system are technically feasible. 

C. Digital Platforms and Market Access 

Singh et al. [13] evaluated India’s eNAM 
platform and found average price improvements of 
2.7–6.4% for farmers using it compared to 
traditional mandi channels. The income benefits 
were largest in regions with previously thin markets 
— precisely the conditions that characterise the 
agricultural residue trade. No existing published 
system, however, combines waste classification, 
personalised reuse recommendations, and 
marketplace functionality in a single integrated 
platform for Indian smallholders. 

 

 

 

Fig. 7: Circular Economy Model Enabled by the 

Proposed System 

 

IV. PROPOSED SYSTEM 

A. Design Philosophy 

Radical simplicity for the farmer is the driving 

force behind the suggested system.Every design 

choice is based on the premise that the main user 

has a simple Android smartphone, has poor data 

connectivity, and may have completed secondary 

school. 

A second principle is trust through transparency. 
The system explains its recommendations in plain 
language not just ‘compost this straw’ but 
‘composting this 20-quintal pile of paddy straw at 
your location in Guntur could earn you 
approximately ₹8,400, save 0.3 tonnes of CO₂, and 
take about 3 months with basic equipment.’ When 

farmers understand why a recommendation is 

made, they’re far more likely to put it into practice 

 

 

Fig. 1: End-to-End System Workflow 

Fig. 1: End-to-End System Workflow 

 

B. Module 1 — Waste Classification 

The classification module accepts two types of 

input. The structured path prompts the farmer to 

specify crop type, estimated quantity, and moisture 

condition via a short form. The image path allows 

the farmer to photograph the waste, processed by a 

fine-tuned ResNet-50 CNN. When both inputs are 

available, their outputs are combined using 

soft-voting ensemble to produce a single 

classification with a confidence score. The module 

outputs a waste category, quality grade (A, B, or 

C), and predicted dry-weight tonnage. Target 

accuracy: ≥92% weighted F1-score. 
 

 

Fig. 10: Waste Classification Decision Flowchart 
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Fig. 3: Waste Classification Pipeline 
 

 

 

 

 

C. Module 2 Recommendation Engine 

The recommendation system looks at six ways to 
reuse each type of waste: composting, biogas, bio 

char, biomass fuel, animal feed or bedding, and 
industrial use. Each option is scored based on 

economic return (60%), environmental benefit 

(30%), and ease of use (10%). Commodity prices 
are updated every six hours. The system then 

shows the top three options, along with estimated 
revenue, CO₂ savings, and step-by-step 

instructions. 

 

 

 

 

Fig. 11: Recommendation Engine Internal Logic 

Fig. 5: Recommendation Engine Scoring Weights 

 

 

 

D. Module 3 — Digital Marketplace 

The marketplace connects farmers with over 
2,000 verified buyers including biogas plants, 
composting cooperatives, paper mills, and feed 
manufacturers. When a farmer selects an option, 
the system pre-populates a listing with 
classification results and recommended price. 
Matching buyers receive push notifications 
instantly. Negotiation happens through an in-app 
chat interface with voice message support. After 
each transaction, both parties submit structured 
feedback that feeds back into monthly model 
retraining. 

 

 

 

 

 

Fig. 12: Marketplace Transaction Flow (Swim 

Lane Diagram) 
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Fig. 8: Mobile App UI Wireframe 

 

 

 

 

V. SYSTEM ARCHITECTURE 

The platform follows a three-tier microservices 
architecture deployed on cloud infrastructure.The 
algorithms, not the interface, are where complexity 
resides. Given the 
highly seasonal nature of agricultural waste 
generation, where demand peaks sharply in the two 
to four weeks following each major harvest, each 
service's independent scalability is essential. 

 

 

 

Fig. 2: Three-Tier System Architecture 

Fig. 13: Data Flow Diagram (DFD Level 1) 

 
 

 

 

A. Presentation Tier 

Farmers utilize a small iOS or Android app. 

that operates on a slow internet and offline 

places. Additionally,it supports nine Indian 

tongues. 

B. Application Tier 

With a smaller model for extremely slow 

connections, the app's recommendations operate on 

the cloud. Access is secure, and everything is 

recorded. 

C. Data Tier 

All structured transaction data is managed by 

PostgreSQL. For quick nearest-neighbor matching, 

embedding representations of waste profiles and 

buyer procurement requirements are stored in a 

vector database called Pine cone. Redis handles 

frequently repeated queries such as commodity 

price lookups. All data is encrypted at rest 

(AES-256) and in transit (TLS 1.3), compliant with 

India’s DPDPA 2023. 

 

VI. HOW THE MODEL WORKS 

 

To understand why this system can give us good 

ideas we need to know how the machine learning 

models are made, tested and made better all the 

time. This part will show us how the model is made 

from the beginning with data to when it is used. 

 

A. Training Pipeline 

 

We get the training data from three places: the 

ICAR crop residue composition datasets, our own 
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field survey data from 1,200 farmers in Andhra 

Pradesh, Telangana and Punjab and things that 

other people have written about biomass. The 

Model uses a lot of pictures. 14,000 Labelled 

photographs of waste from all the major areas in 

India with different weather. Before we use the data 

we do a things to it: we make sure the numbers are 

all, on the same scale we make categories into 

simple yes or no answers and we add more 

examples of the kinds of waste that we do not have 

a lot of so the model can learn about them too. 

 

 

 

Fig. 9: Machine Learning Model Training Pipeline 

B. Model Evaluation 

 
Stratified 10-fold cross-validation is used to 
validate all models to make sure that performance 
is consistent across various crop types and 
geographical areas. The main metric is the 
weighted F1-score, which was selected due to the 
waste category distribution's inherent 
imbalance—plantation and spice crop residues are 
uncommon, while cereal straws predominate. 
Per-class precision, recall, and a confusion matrix 
analysis—which finds systematic misclassification 
between visually similar categories like wheat and 
rice straw—are examples of secondary metrics. 

 

 

 

C. Continuous Learning Loop 

 

The system is constantly learning. Even after being 

used for the first time, it continues to improve.The 

system receives data to learn from each time a 

transaction takes place on the marketplace and each 

time farmers and buyers provide feedback. 

 

This new information is added to the systems 

training pool. 

 

Every month, the system uses all of the feedback it 

receives to improve itself. It modifies its 

classification system in order to fix previous errors. 

In order to provide farmers with options, it also 

updates its recommendations. 

The system considers whether farmers were 

satisfied with the options it suggested and whether 

they achieved the desired outcomes. 

This implies that with each transaction, the system 

becomes more intelligent. It is able to rectify errors 

and adjust to shifting waste types and market 

conditions in various locations and throughout the 

year. 

The Continuous Learning Loop is very important 

because it helps the system to keep getting better 

and better. 
 

 

Fig. 14: Continuous Learning and Feedback Loop 

 

 

 

VII. RESULTS 

 

A. Classification Performance 

 

When we first tested our model on a set of 2,800 

labeled waste samples from five Indian states the 

classification performance was very good. The 

model got it most of the time with a weighted 

F1-score of 93.4% for the ensemble classifier. If we 

look at the performance for each type of waste we 

can see the details in Table I. Cereal straws were 

the easiest to classify correctly because they look 

and are made up differently from types of waste. 

On the hand vegetable waste was the hardest to get 

right, with an accuracy of 88.1%. This is because 

vegetable waste can vary a lot depending on the 
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type of crop and the time of year which made it 

harder for the model to classify correctly. 

 

Waste 

Category 

Precision Recall F1-Score 

Cereal 

Straws 

95.2% 94.8% 95.0% 

Sugarcane 

Bagasse 

94.1% 93.6% 93.8% 

Legume 

Residues 

91.7% 90.9% 91.3% 

Woody 

Biomass 

92.4% 91.2% 91.8% 

Vegetable 

Waste 

89.3% 87.0% 88.1% 

Overall 

(weighted) 
93.6% 93.2% 93.4% 

Table I. Classification Performance by Waste 

Category 

 

 

B. Recommendation Relevance 

 

 

We worked with 87 farmers in three districts of 

Andhra Pradesh for four weeks to see how easy our 

system is to use. 

The farmers told us how relevant our top 

suggestion was, using a scale of 1 to 5. 

On average they gave it a score of 4.31 which's 

really close, to 4.42 but actually exceeded the target 

of 4.2. 

We also found that 14 percent of the farmers had 

never heard of making bio char which shows that 

our system can help people learn new things and 

make good decisions. 

Farmers liked our recommendation. It helped them 

learn about bio char production as a new reuse 

option. 

 

 

C. Environmental and Economic Projections 

 
The proposed system projects a 40–55% 

reduction in open-field burning among active users 
within two crop cycles — approximately 1.2 tonnes 
of CO₂-equivalent avoided per hectare per year. For 
the planned 500-farmer pilot, this represents a 
projected total of 1,800 tonnes of CO₂-equivalent 
per year. Pilot-phase transaction data from 34 
completed marketplace deals showed an average 
waste sale price of ₹3,840 per tonne, representing 
₹15,000–23,000 in supplementary seasonal income 
for a typical 2-hectare smallholder. 

 

 

Fig. 6: Projected Impact — With vs. Without 

Proposed System 

D. System Performance 

 

Metric Target Achieved 

Classification 

Accuracy (F1) 

≥ 92% 93.4% 

Recommendation 

Rating 

≥ 4.2 / 5.0 4.31 / 5.0 

API Response 

Latency (4G) 

< 2 sec 1.4 sec 

Platform Uptime 

(peak) 

≥ 99.5% 99.7% 

7-day Marketplace 

Match 

≥ 75% 78.2% 

Offline Sync Success ≥ 98% 99.1% 

Table II. System Performance Against Targets 

 

VIII. COMPARATIVE ANALYSIS 

Table III compares the proposed system against 
the two most prevalent existing approaches to 
agricultural waste management in India: informal 
manual methods and government-sponsored 
mechanization schemes. 

The proposed system’s primary advantage lies not 
in any single feature but in their integration. 
Government schemes provide machinery access 
without market linkage. Informal buyers provide 
market access without price transparency. The 
proposed system is the first to combine knowledge, 
market, and feedback in a single farmer-facing 
interface. 

 

IX. Future WORK 

 

 

The current system has some limitations. First the 

waste classification model only supports twenty 

three crop types. This means it leaves out a lot of 

crops like coffee and tea and rubber plantations. It 

also leaves out spice crops like turmeric and chilli 

and cardamom. It leaves out crops that are special 

to certain regions. 
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Second the recommendation engine uses API price 

data to figure out the economic score. How ever 

this data may not show the prices that farmers get 

for their crops in their local area. 

Third we only checked the system in three states in 

India. This is a part of the country and does not 

show the whole picture of farming in India. 

Future development will focus on four things. 

 

 

1. We will try to use satellite images from 

Sentinel-2 to guess how crop residue there will be 

before it is harvested. 

 

 

2. We will make a cost kit with sensors that farmers 

can use to measure the moisture and composition of 

their crops. 

 

 

3. We will make an open data API to share 

information about waste trends, with people who 

study farming and make policies. 

 

 

4. We will look into the carbon credit market so 

that farmers can get money for reducing emissions. 

The waste classification model and the 

recommendation engine and the satellite-based 

crop residue estimation will all be used to help the 

farmers and to help the system get better. The 

current system and the future development will all 

focus on the waste classification model and the 

recommendation engine and the satellite-based 

crop residue estimation. 

 

X. CONCLUSION 

At its heart, India's agricultural waste problem is a 
market failure: every year, millions of tons of 
valuable resources are wasted.Every year because 
farmers don't have the right information or people 
to help them do better things with them. The 
AI-driven agricultural waste reuse system in this 
paper fixes this problem directly by putting 
together machine learning-based waste 
classification, a multi-criteria recommendation 
engine, and a digital marketplace for farmers and 
businesses on a mobile-first, offline-capable, 
multilingual platform. 

Our validation results are promising: a 
classification accuracy of 93.4%, a user-rated 
recommendation relevance of 4.31 out of 5, a 
78.2% seven-day marketplace match rate, and API 
response times below 

1.5 seconds all together point to the fact that the 
system is both technically sound and useful in real 
life.The expected effects on the environment and 

the economy are important for each farm and could 
have a big effect on a larger scale. 

The planned pilot project with 500 farmers in three 

states will give us real-world proof that these 

predictions are correct. We can't wait to tell you 

about those results. We hope that, in some small 

way, we can help make the future a time when 

harvest season in India is remembered for its 

abundance instead of its smoke. 
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