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Abstract: Farmers often have to decide what to grow and how much to bring to the market without having a clear idea 

of future demand. When too much of a crop reaches the market, some of it may remain unsold and prices may fall. 

When the available quantity is too low, buyers may struggle to find the product they need. This paper proposes a 

Farmer E-Market system that brings farmers and market information together and uses past demand records to estimate 

future demand for selected crops. The proposed system allows a farmer to enter the crop name, quantity and expected 
harvest date. It then compares the farmer’s planned supply with current supply, expected future supply and predicted 

demand for the selected region and period. The first version uses a Random Forest regression model trained on 

historical crop-demand records containing year, month, region, crop and market demand. The project uses a time-based 

train-test split so that earlier records are used for training and later records are used for testing. The system is intended 

to provide a simple, understandable view of demand and supply rather than guarantee a sale or a particular price. Its 

usefulness will depend on the quality, coverage and freshness of the data available. 
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INTRODUCTION  

Agriculture is an important source of income and food, but deciding how much of a crop to produce is not always easy. 

Demand can change with the season, location, consumer needs and the quantity already available in the market. 

Farmers may rely on experience, information from other farmers or the prices they see at local markets. These sources 

can be helpful, but they may not give a complete picture of future demand. 

A digital marketplace can make market information easier to access. Instead of serving only as a place to list products, 

a Farmer E-Market can also help farmers understand the relationship between the quantity they plan to supply and the 

demand expected for that crop. Historical records can be used to estimate demand for a particular month, crop and 

region. Farmers can then compare this estimate with the supply information stored in the system. 

This project focuses on a practical, small-scale system using the agricultural demand data currently available to the 
project. The initial version covers a limited number of regions and crops. It is therefore designed as a decision-support 

tool, not as a replacement for farmers’ knowledge or local market advice. 

PROBLEM STATEMENT 

Farmers often lack accurate information about crop demand and available supply, leading to a mismatch between 

production and market needs. This project aims to develop a Farmer E-Market that predicts crop demand using 

historical data and helps farmers make better supply decisions. 

OBJECTIVES 

1. To develop a web-based marketplace where farmers can submit crop, quantity and expected harvest date. 

2. To estimate crop demand using historical records containing year, month, region, crop and market demand. 

3. To evaluate the demand prediction model using data that occurs later in time than the training data. 

4. To make the results understandable to users who may not have a technical background. 

SCOPE OF THE STUDY 

The current study uses a demand dataset with the fields Year, Month, Region, Crop and Market_Demand. After basic 

text cleaning, the dataset contains 2,280 rows, with 18 crop names and 5 regions. The current coverage is limited to the 

regions and crops represented in the dataset. The farmer form is planned to collect the crop, quantity and expected 

harvest date; location will be selected from the supported regions rather than treated as unrestricted nationwide 

coverage. 

The system’s demand estimate is based on historical patterns in the available dataset. It does not automatically know 

every transaction happening in a market. Supply comparisons will be only as complete as the supply records entered or 

imported into the system. 
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LITERATURE REVIEW 

Digital agricultural marketplaces aim to make it easier for producers and buyers to exchange product and market 

information. A marketplace can record what farmers intend to sell, while demand analysis can help users understand 

whether the expected quantity may be close to or far above the estimated requirement. These functions are related but 

different: listing a product connects users, whereas demand prediction estimates a future value from past records. 

Machine-learning methods are commonly used for prediction tasks where historical examples are available. Random 

Forest is one such method. It combines the outputs of multiple decision trees and can model relationships between input 

fields and a numeric target. For this project, the input fields are time, region and crop, while Market_Demand is the 

value to estimate. A model’s accuracy on training records alone is not enough to show how well it may work on future 
months. For that reason, evaluation should preserve time order, training on earlier records and testing on later records. 

The project’s focus is narrower than a complete national agricultural trading platform. It is a prototype built around the 

data currently available. A later version could include more regions, market arrivals, buyer orders, crop-season 

information, weather records and actual transaction outcomes. These additions should be evaluated before being used to 

make stronger claims about usefulness. 

RESEARCH METHODOLOGY 

Research approach : 

The project follows a build-and-test approach. First, the available dataset is checked and cleaned. Next, a demand 

prediction model is trained and evaluated. The trained model is then saved so the web application can load it when a 

prediction is requested. After that, the application stores farmer supply records and compares them with predicted 

demand. 
 

Data preparation : 

The demand dataset is checked for missing values, duplicate records and inconsistent text. Spaces around crop and 

region names are removed so that entries such as 'Rice' and ' Rice ' are not treated as different categories. The cleaned 

dataset has 2,280 rows, five columns, no missing values and no exact duplicate rows. During inspection, repeated Year-

Month-Region-Crop combinations were also noticed for pea/Pea variants. These records should be reviewed to confirm 

whether they represent different crop types or inconsistent naming before they are combined or retained. 

 

Demand prediction model : 

A Random Forest regression model is used to estimate Market_Demand. Year, Month, Region and Crop are used as 

input features, and Market_Demand is the target value. The text-based fields are converted into a format the model can 
process, and the preprocessing steps are kept together with the model in a pipeline. This makes it easier to apply the 

same preparation to new farmer or marketplace queries. 

 

Model evaluation : 

To test whether the model can estimate later demand, the data is divided by time rather than randomly mixing earlier 

and later records. The model is trained on the earlier portion and evaluated on the later portion. The reported evaluation 

for the current experiment is MAE = 59.13, RMSE = 101.35 and R² = 0.995, using 1,824 training rows and 456 test 

rows. These figures describe performance on this dataset and split only. They do not guarantee the same accuracy for 

new regions, new crops or future market conditions. 

 

Mean Absolute Error (MAE) gives the average size of the prediction error. Root Mean Squared Error (RMSE) gives 

greater weight to larger errors. R² describes how much variation in the test values is accounted for by the model under 
the evaluation setup. All three measures should be considered together, and predictions should also be checked against 

actual market records as the system develops. 
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PROPOSED SYSTEM  

 

 
Example of system use : 

A farmer selects Rice, enters a planned quantity and chooses an expected harvest date in a supported region. The 

application estimates demand for the matching period. It then checks supply records for rice in that region, including 

other farmers’ expected harvests. The results page shows the predicted demand, recorded supply and the difference 
between them. This gives the farmer another source of information to consider before deciding how much to bring to 

market. 

 

Suggested technology : 

The demand model can be developed in Python using pandas and scikit-learn. The trained model can be saved as a file 

and loaded by a backend service. The web application can use a JavaScript-based frontend and backend, with 

MongoDB storing farmer supply records. The exact integration should ensure that model inputs are validated and that 

the same crop and region names are used across the dataset, form and database. 
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RESULTS AND DISCUSSION 
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The initial data preparation stage produced a consistent dataset of 2,280 rows after trimming extra spaces. The demand 

model was evaluated using a time-based split, with 1,824 rows for training and 456 rows for testing. In the current 

experiment, the model achieved MAE of 59.13, RMSE of 101.35 and R² of 0.995. These are preliminary results from 

the project’s available dataset. 

The evaluation numbers suggest that the model fitted the test records well under the chosen split. However, a high R² 
by itself does not prove that the system will make reliable decisions in every market. The dataset’s coverage is limited, 

and patterns in historical records may change. The model should therefore be checked regularly against new 

observations. The next stage is to save the model as demand_model.pkl, connect it to the application, build the 

FarmerSupply database model and form, and implement the supply-demand comparison. 

No user study or live-market trial has yet been reported in this draft. As a result, claims about reducing waste, 

increasing farmer income or improving sales should be treated as expected benefits to investigate, not as proven 

outcomes. 

 

LIMITATIONS : 
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• The demand dataset covers only five regions and the crop names present in the current records. 

• Historical demand values may not capture sudden changes caused by weather, transport issues, festivals, policy 

changes or other market events. 

• The supply comparison depends on farmers entering accurate quantities and harvest dates, as well as the 

availability of other supply records. 

• The model estimates demand; it does not guarantee a buyer, sale price or profit. 

• The system needs further testing with fresh data and real users before conclusions can be made about its practical 

impact. 

FUTURE WORK 

Future work can expand the dataset to more regions and crops, add recent market arrivals and completed transactions, 

and introduce checks for unusual or inconsistent records. The system can also show historical demand trends and 

explain the difference between predicted demand and recorded supply. Model performance should be monitored as new 

data becomes available. A pilot involving farmers and market participants would help assess whether the results are 

understandable and useful in actual planning. Any later addition of price prediction should be treated as a separate task 

and evaluated with suitable price data. 

CONCLUSION 

This paper presents a proposed Farmer E-Market that combines farmer supply entry with crop demand prediction. The 

system is intended to help farmers compare their planned quantity with demand estimated from historical records and 

with supply already recorded for the same region and period. The first model uses Random Forest regression and has 
been evaluated using a time-based split. The current results provide a starting point, but further testing with fresh and 

wider market data is needed. By presenting the estimates in clear language and showing where the data is incomplete, 

the proposed system can offer farmers an additional source of information while leaving final decisions in their hands. 
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