
 

        

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 7, Issue 06 June 2025,  pp: 70-86  www.ijaem.net  ISSN: 2395-5252 

      

 

 

 

DOI: 10.35629/5252-07067086  |Impact Factorvalue 6.18| ISO 9001: 2008 Certified Journal   Page 70 

Harvest Helper: A Farmer’s Companion 

Portal 
 

Abhishek Somnath Bhosale[1], Siddhant Abhinandan Burle[1], 

Shivam Prashant Bagade[1] , Chaitanya Ganesh Suryavanshi[1],  

Mrs.S.A.Limkar[2] 

1.Department of Computer Engineering VPKBIET, Baramati, India  

1.Department of Computer Engineering VPKBIET, Baramati, India  

1.Department of Computer Engineering VPKBIET, Baramati, India  

1.Department of Computer Engineering VPKBIET, Baramati, India  

2.Mentor, Department of Computer Engineering, VPKBIET, Baramati, India 

 

----------------------------------------------------------------------------------------------------------------------------- ---------- 

Date of Submission: 28-05-2025                                                                           Date of Acceptance: 08-06-2025 

----------------------------------------------------------------------------------------------------------------------------- ---------- 

ABSTRACT: 

Agriculture is fundamental to food security and 

economic stability, yet it faces challenges such as 

unpredictable weather, resource limitations, and 

market volatility. The "Harvest Helper: A Farmer’s 

Companion Portal" addresses these issues by 

leveraging machine learning (ML) models to 

provide farmers with yield predictions, fertilizer 

recommendations, and crop selection guidance. 

The portal integrates ML algorithms like Decision 

Trees, Random Forest, and K-Nearest Neighbor 

(KNN) to analyze environmental data, soil 

characteristics, crop types, and historical yields, 

enabling farmers to make data-driven decisions. 

Key features include weather forecasts, soil health 

analysis, and real-time market trends, creating a 

holistic support system for agricultural planning. 

Results demonstrate high accuracy in predictions 

and recommendations, helping farmers optimize 

resource use and maximize productivity. 

Key Words: Crop Yield Prediction, Fertilizer 

Recommendation, Crop Recommendation System, 

Decision Tree, Random Forest, K-Nearest 

Neighbor (KNN), Agricultural Data Analytics, 

Precision Farming, Predictive Analytics in 

Agriculture,FarmerAssistanceTools,SustainableAgr

iculture Practices,SVM(Support Vector Machine). 

 

I. INTRODUCTION: 
1.1. BackgroundandMotivation: 

1.1.1. Agricultural Challenges in the Modern 

World:  Agriculture is critical to global food 

security andsustains billions of livelihoods, yet it 

faces severe challenges in an increasingly complex 

world. Climate change, unpredictable weather 

patterns, resource shortages, and pest outbreaks 

disrupt traditional farming methods and reduce 

yield reliability. As populations grow, the demand 

for agricultural productivity and efficiency 

intensifies, compelling the sector to adopt 

innovative solutions. These global challenges 

underscore the need for smart, data-driven tools 

that assist farmers in managing risks, optimizing 

resources, and improving crop productivity. 

 

1.1.2. Technology and Data in Agriculture: 

Recent advances in technology, especially in data 

science and machine learning (ML), have 

revolutionized industries worldwide, including 

agriculture. Data-driven solutions can analyze vast 

amounts of agricultural information, such as soil 

health, weather patterns, crop growth stages, and 

market trends. This data, when effectively 

harnessed, enables precision agriculture, which 

tailors farming practices to specific needs. ML 

models can provide highly accurate predictions and 

recommendations, helping farmers make informed 

decisions that enhance yield, reduce waste, and 

improve sustainability. 

 

1.1.3. Project Vision: Harvest Helper: 

"Harvest Helper: A Farmer’s Companion Portal" 

aims to leverage ML to deliver crucial insights 

directly to farmers, empowering them to make 

proactive choices. This project envisions a platform 

where farmers can access yield predictions, 

fertilizer recommendations, and crop selection 

guidance. These features are designed to support 

better crop planning, resource management, and 

risk mitigation. Harvest Helper is built to be 
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accessible and user-friendly, aiming to bridge the 

technology gap for farmers by offering a simple yet 

powerful tool that can adapt to their unique 

agricultural needs. 

 

1.1.4. Motivation: Supporting Farmers’ 

Decision-Making: Farmers, especially those in 

rural areas, often lack timely access to information 

and resources for making data- driven decisions. 

Many still rely on traditional methods and 

experience-based approaches, which may not 

always align with modern environmental and 

market dynamics. The motivation behind this 

project is to democratize access to predictive 

insights, enabling farmers to make decisions based 

on real-time data rather than guesswork. By 

providing accurate yield forecasts, fertilizer 

recommendations, and crop advisories, Harvest 

Helper aims to reduce uncertainty and improve 

farmers' productivity and profitability. 

 

1.1.5. Socio-Economic Impact and 

Sustainable Farming: Beyond individual farms, 

the adoption of technology- driven tools like 

Harvest Helper holds broader socio- economic 

significance. Increased agricultural efficiency 

directly contributes to food security and sustainable 

development, especially in emerging economies 

where agriculture is a primary livelihood. By 

fostering resource- efficient and climate-resilient 

farming practices, this project also aligns with 

sustainable agricultural goals, minimizing 

environmental impact while maximizing output. 

Harvest Helper’s potential impact extends to the 

entire agricultural supply chain, benefiting not just 

farmers but also consumers and the environment, 

fostering a more resilient agricultural ecosystem. 

 

1.2. Traditional Methods and Limitations: 

1.2.1. Overview of Conventional Agricultural 

Methods: Traditional approaches in agriculture, 

such as intuition- based farming and experience-

driven decisions, have been the cornerstone of crop 

selection, yield estimation, and resource 

management. These methods rely heavily on 

historical practices, manual observations, and 

generalized recommendations. Farmers often make 

decisions based on weather forecasts, soil 

assessments, and crop calendars, but these 

approaches lack the precision needed to adapt to 

sudden environmental or market changes. Despite 

the value of traditional practices, they can fall short 

in terms of accuracy and adaptability to modern 

agricultural demands. 

1.2.2. Challenges in Data Collection and 

Analysis: One primary challenge with 

conventional methods is the limited ability to 

collect and process detailed data on soil health, 

crop behavior, and weather patterns. Without 

advanced data analytics, farmers often base 

decisions on incomplete or outdated information. 

This can lead to inefficiencies, such as overuse or 

underuse of fertilizers, misaligned planting 

schedules, and suboptimal crop choices. Gathering 

and processing relevant agricultural data manually 

is time- intensive, costly, and often lacks the 

accuracy needed for modern precision farming 

practices. 

1.2.3. Scalability Issues in Decision-Making: 
Applying traditional methods to large-scale or 

highly diverse farms is challenging due to 

scalability limitations. While small farms might 

manage with intuition and local expertise, scaling 

these practices across larger agricultural operations 

becomes inefficient and inconsistent. The lack of 

systematic data collection and analysis restricts 

scalability and makes it difficult to standardize 

practices across different crops, soil types, and 

climate zones. This limitation hinders real-time, 

farm-specific decision-making and reduces the 

ability to adapt to varying conditions in larger 

farming contexts. 

1.2.4. Simplified Models and Their 

Shortcomings: To support traditional farming 

practices, some farmers rely onbasic tools such as 

weather apps, general-purpose soil testing kits, and 

standard crop calendars. Although these tools offer 

some level of guidance, they are often too 

generalized and lack the precision to meet specific 

farm requirements. For instance, generic 

cropcalendars may not account for regional climate 

variations, while basic soil kits do not provide in-

depth nutrient analysis. These simplified tools can 

lead to suboptimal decisions, affecting crop yields 

andresource efficiency. 

1.2.5. Limitations in Predictive Capabilities: 

Traditional methods are also limited in their ability 

to predict crop yields, optimize fertilizer usage, or 

recommend crops based on soil and weather 

conditions. The lack of advanced predictive tools 

means farmers often rely on experience or general 

guidelines, which may not align with current data 

on climate or soil health. Without predictive 

models, farmers are unable to anticipate yield 

fluctuations or adjust farming practices proactively. 

This can result in missed opportunities for 

optimizing yield, managing costs, and improving 

sustainability in farming practices.[1] 
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Figure 1.Architecture Diagram 

 
1. Input Data Collection: 

Data attributes like temperature, rainfall, 

humidity, pH value of the soil, and crop name are 

collected. This serves as the input for building and 

utilizing the machine learning model. 

 

2. Data Preprocessing: 

This step cleans and formats raw data, 

addressing missing values, normalizing numerical 

attributes, encoding categorical variables (e.g., crop 

names), and splitting the dataset into training and 

testing data. 

 

3. Dataset Handling: 

The processed dataset is divided into two 

parts: training data for training the machine 

learning model and testing data for evaluating its 

accuracy and performance. 

 

4. Model Training and Validation: 

A machine learning algorithm is applied to 

training data to create a trained model, which is 

then validated using testing data to ensure 

robustness. Adjustments are made to enhance 

performance if necessary. 

 

5. Prediction and Integration: 

The validated model is deployed for 

predictions. Users provide real-time input via the 

website's frontend, which is processed by the 

backend prediction model for accurate results. 

 

6. Result Display: 

The system displays prediction results 

(e.g., crop suitability or yield estimates) in an 

intuitive format via the frontend, ensuring smooth 

interaction between users and the backend model. 

 

II. LITERATURE REVIEW WITH 

BENEFITS AND LIMITATIONS : 
This section provides an over view of 

various machine learning (ML) techniques applied 

in harvest helper research. The benefits, limitations, 

and challenges associated with these techniques are 

summarized in Table I.[1][2][5] 

 

Table 1Summary of ML techniques with benefits, limitations 

 

ModelUsed Year Author(s) Advantages Limitations Refere

nce(s) 

RandomForest 2020 Y. Jeevan 

NagendraKumar et al. 

Highaccuracyforcrop 

yield prediction; 

minimizes 

overfitting 

issuesassociatedwith 

decision trees. 

Limitedaccuracy 

improvementsfor

unseen 

data,reliesonhigh-

quality 

inputfeatures. 

[2] 



 

        

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 7, Issue 06 June 2025,  pp: 70-86  www.ijaem.net  ISSN: 2395-5252 

      

 

 

 

DOI: 10.35629/5252-07067086  |Impact Factorvalue 6.18| ISO 9001: 2008 Certified Journal   Page 73 

 

III. SYSTEM DESIGN: 
To systematically represent and analyze 

the architecture and workflow of the "Harvest 

Helper" portal, a comprehensive set of Unified 

Modeling Language (UML) diagrams has been 

developed. These diagrams provide a detailed and 

structured view of the system’s functionality, 

interactions, and underlying design principles, 

ensuring clarity and consistency in implementation. 

The key UML diagrams included are as follows:[1] 

 
Figure 2 System Architecture of Harvest Helper 

 

Decision Tree, 

RandomForest, 

XGBoost 

2022 Prameya R 

Hegde,Ashok Kumar 

A R 

Efficient for crop 

yield, price 

prediction; 

RandomForestachiev

es 

~92%accuracyforcro

p yield. 

Limitedtostructur

eddata inputs; 

manual entry for 

variableslimitsfle

xibility. 

[3] 

FuzzyInference 

System(FIS) 

2015 SanjayKhajurea et al. Betterresultsinhandli

ng weather 

variability and 

providing reliable 

weather forecasts for 

agriculture. 

Doesnotaccountf

orall climatic 

unpredictability’s; 

requires accurate 

historical data. 

[5] 

NeuralNetworks, SVM 2022 ShivaniTuramari etal. Effective in 

predicting weather 

conditions, 

aidingfarmersinbette

r planning for crop 

cultivation. 

Computationally 

intensive, 

potentially 

overfitting in 

smallerdatasets. 

[5] 

XGBoost,Decision Tree 2022 PrameyaR 

Hegde,AshokKumar 

AR 

Highaccuracyforcrop 

recommendation and 

yieldprediction,upto 

95% with XGBoost. 

Computationally 

intensive;requires 

high-qualitydata 

toachieveoptimal 

performance. 

[3] 

Support Vector 

Machine(SVM), Naive 

Bayes 

2020 Y. Jeevan 

NagendraKumar et al. 

High accuracy in 

predictingcroptypes 

based on historical 

climateandsoildata. 

Prone to 

overfitting on 

smallerdatasets;re

quires balanced 

data for best 

results. 

[2] 
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3.1 Class Diagram: 

The class diagram provides a detailed 

representation of the system's static structure, 

showcasing the main classes, their attributes, 

methods, and relationships. It emphasizes 

components such as user accounts, ML model 

integration, data storage, and recommendation 

engines.[1] 

 

 
Figure 3. Class Diagram
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3.2 Use Case Diagram: 

This diagram highlights the primary actors 

interacting with the system, such as farmers, 

administrators, and the ML model backend. It 

outlines the core functionalities, including yield 

predictions, fertilizer recommendations, weather 

forecasts, and user queries. 

 

 
Figure 4. Use Case Diagram 

 

3.3 State Diagram: 

This diagram captures the various states of 

key entities within the system, such as the lifecycle 

of a user query or the state transitions of data 

processing, from input collection to ML model 

inference and result delivery.[1] 
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Figure 5. Admin State Diagram 

 

 
Figure 6. Farmer State Diagram 
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Figure 7. Customer State Diagram 

 

3.4 Sequence Diagram: 
The sequence diagram illustrates the 

dynamic flow of interactions among system 

components. It maps the step-by-step process, such 

as how a farmer's query for crop recommendations 

triggers data collection, ML processing, and the 

generation of actionable insights. 

 
Figure 8. Sequence Diagram 
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3.5 Component Diagram: 

The component diagram illustrates the 

high-level architecture of the HarvestHelper 

system, depicting the interaction between key 

functional modules. The system is modular and 

consists of five main components, each performing 

a critical role in processing user input, running 

predictions, and delivering results. 

 
Figure 9 Component Diagram 

 
3.6 Deployment Diagram: 

The Deployment Diagram represents the 

physical architecture and the hardware/software 

nodes involved in deploying the HarvestHelper 

portal. It outlines how components are distributed 

across servers and devices in a real-world 

environment. 

 
Figure 10 Deployment diagram 
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IV. METHODOLOGY: 
4.1 System Workflow: 

The workflow of the "Harvest Helper" 

portal ensures an efficient and intuitive process for 

farmers and other users, enabling seamless access 

to machine learning models for agricultural 

decision-making. The workflow is divided into 

several stages, representing the key functionalities 

and user interactions within the portal. 

 

4.1.1 User Journey: 

 User Registration and Login: 
New users register by providing basic 

details such as name, mobile number, and email 

address. For enhanced security and personalization, 

multi-factor authentication is implemented using 

OTPs.Returning users log in securely using their 

credentials or OTPs, ensuring secure access 

through protocols like OAuth 2.0. 

 

4.1.2 Model Selection and Input Data 

Submission: 

Users select specific services such as crop 

yield prediction, fertilizer recommendation, or 

weather forecast.Relevant input data, such as soil 

type, crop details, and weather conditions, is 

uploaded manually or via integrated IoT sensors. 

 

4.1.3 Processing and Results Generation: 

The portal processes the input data 

through pre-trained machine learning models, 

which generate actionable insights such as optimal 

crop recommendations, fertilizer usage, or yield 

predictions. 

 

4.1.4 Output Delivery: 

The results are displayed on the user 

dashboard in an intuitive format, including visual 

charts, graphs, and detailed textual 

recommendations. 

 

4.1.5 User Feedback: 

After using the system, users are 

encouraged to provide feedback on the quality and 

usefulness of the insights. Feedback is stored for 

future improvement of services. 

 

4.2  Data Flow: 

The data flow in "Harvest Helper" 

involves the secure and efficient exchange of 

information between users, the portal's backend, 

and integrated external systems. Key stages of data 

flow include: 

 

4.2.1 Data Collection: 

User-submitted data (e.g., soil parameters, 

weather details) is collected and validated before 

being sent to the backend. 

 

4.2.2 Data Storage: 

Verified data is securely stored in a 

structured database. Sensitive information is 

encrypted using Advanced Encryption Standard 

(AES). 

 

4.2.3 Model Processing: 

Data is processed by ML models such as 

Decision Trees, Random Forests, or K-Nearest 

Neighbor, generating predictions or 

recommendations. 

 

4.2.4 Result Delivery: 

The output is formatted into user-friendly insights 

and sent to the user interface for viewing. 

 

4.2.5 Feedback Analysis: 

Feedback data is stored and analyzed to enhance 

model performance and user experience. 

 

4.3 Algorithms: 

"Harvest Helper" leverages advanced 

algorithms to automate predictions, ensure data 

security, and optimize the user experience. 

 

4.3.1 Prediction Algorithms: 

• Decision Trees: Used for crop and fertilizer 

recommendations by identifying patterns in 

environmental and agricultural data. 

• Random Forest: Applied for yield prediction 

by creating an ensemble of decision trees to 

enhance accuracy and handle diverse datasets. 

 

4.3.2 Future Enhancements: 

• Real-Time Data Integration: Incorporating 

live data feeds from IoT devices for dynamic 

updates. 

• AI-Based Recommendations: Using 

advanced machine learning models for more 

precise and context-aware recommendations. 

• Mobile App Development: Developing an 

app for increased accessibility and user 

engagement. 

• Knowledge Sharing Platform: Creating a 

community-driven platform for farmers to 

share experiences and best practices.This 

structured methodology ensures that "Harvest 

Helper" provides a robust, secure, and user-

friendly experience while delivering accurate 

agricultural insights. 

 

 

 



 

        

International Journal of Advances in Engineering and Management (IJAEM) 

Volume 7, Issue 06 June 2025,  pp: 70-86  www.ijaem.net  ISSN: 2395-5252 

      

 

 

 

DOI: 10.35629/5252-07067086  |Impact Factorvalue 6.18| ISO 9001: 2008 Certified Journal   Page 80 

V.  FLOW DIAGRAM: 
5.1 User Login/Register :Users (farmers) initiate 

interaction with the system by registering or 

logging into the portal. This ensures secure and 

personalized access to features like crop 

history, saved results, and market interactions. 

 

5.2 Input Interface : 

 Soil Information: N, P, K values and soil pH 

 Weather Data: Auto-fetched or manually 

entered weather information (temperature, 

humidity, rainfall) 

 Area Details: Land area in hectares for yield 

estimation 

 Crop History: Previously grown crops, useful 

for rotation suggestions 

 

5.3 Data Preprocessing : 

 Missing values (imputation) 

 Categorical encoding (e.g., soil type) 

 Normalization or scaling (if required by 

models) 

This ensures compatibility and accuracy for 

machine learning models. 

 

5.4 Machine Learning Model Execution : 

 Crop Recommendation Model: Uses a 

Random Forest Classifier to predict the most 

suitable crop for current conditions. 

 Fertilizer Recommendation Model: 

Compares actual and ideal N-P-K values 

(based on crop) and uses a Decision Tree 

Classifier or rule-based engine to suggest 

appropriate fertilizers. 

 Yield Prediction Model: Employs a Decision 

Tree Regressor to estimate crop yield (in kg or 

tons per hectare) based on crop type, area, and 

climate inputs. 

 

5.5 Model Output Generation: 

After processing, the system generates: 

 Recommended Crop 

 Required Fertilizer Type and Dosage 

 Estimated Yield 

These outputs are passed to the user interface for 

display. 

 

5.6 Output Interface : 

 Farmer Panel: Displays results in a clear, 

actionable format with optional tips and alerts. 

 Admin Panel (Optional): Allows backend 

users or admins to monitor usage, manage 

users, and review system logs or feedback. 

 

5.7 User Dashboard : 

 Personalized crop plans 

 Fertilizer usage schedule 

 Real-time weather widgets 

 Option to list harvest for sale in the market 

section 

 

 
Figure 11Flow Chart Diagram 
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VI. MODEL ACCURACY, PRECISION FOR USED ALGORITHMS : 
6.1 Yield Prediction Model Evaluation : 

Model R² Score (%) MAE RMSE 

Linear Regression 78.77 10.7726 357.9286 

Gradient Boosting Regressor 85.96 16.7680 291.1121 

Decision Tree Regressor 96.09 11.3345 305.2473 

Table 1 Yield Prediction Evaluation 

 
6.2 Crop Recommendation Model Performance 

Model Accuracy (%) Precision (%) 

Random Forest Classifier 97.77 98.23 

Decision Tree Classifier 90.86 91.50 

Support Vector Machine 92.73 91.52 

Table 2 Crop Recommendation Evaluation 

 
6.3 Fertilizer Recommendation Model Performance : 

 
Table 3 Fertilizer Prediction Evaluation 

 

VII.  IMPLEMENTATION RESULTS : 
The HarvestHelper system was 

implemented and tested using real-world 

agricultural datasets along with synthetic input 

scenarios for soil and weather. The system was 

evaluated on the basis of prediction accuracy, 

responsiveness, and usability. 

 

7.1 Landing Page (Home Interface) : 

The HarvestHelper landing page provides 

a welcoming and informative interface for users. It 

features key statistics such as 50,000+ farmers, 

500+ districts, and 100+ crop varieties, building 

trust and credibility. Navigation links like Home, 

Features, Weather, and Contact offer easy access to 

various sections. Prominent buttons like Explore 

Features and Join Now encourage user 

engagement. The page also includes a language 

toggle (English/Marathi) to ensure regional 

accessibility. The layout is clean, responsive, and 

designed to connect directly with the farming 

community. 
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7.2 Login Page : 
The HarvestHelper login page is 

minimalistic and user-friendly, focusing on 

simplicity and quick access. It allows users to log 

in using aemail, with a secure “Send Verification 

Code” option. A link below guides new users to 

create an account. The page uses a green 

agricultural theme with rounded cards and icons for 

visual appeal. This design ensures easy use on both 

desktop and mobile devices. It supports secure and 

straightforward access to the personalized farmer 

dashboard. 

 

 
 

7.3 Home Page : 

The Features page of HarvestHelper 

displays a clean, grid-style layout showcasing the 

platform’s core tools. These include Crop 

Prediction, Yield Prediction, Fertilizer 

Recommendation, Trading Crops, Government 

Schemes, and Weather Forecasting. Each feature is 

introduced with a short description and a clearly 

labeled action button such as “Go to Crop 

Prediction” or “Explore Schemes.” The consistent 

use of icons, minimal text, and green-themed 

buttons ensures readability and ease of navigation. 

This centralized dashboard empowers farmers to 

access all services from a single location, 
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enhancing overall user experience and efficiency. 

 

 
 

7.4 Yield Prediction Interface : 

The Yield Prediction page enables users 

to estimate the expected crop yield based on 

multiple inputs such as crop year, area, state, 

district, crop type, and season. Upon submitting the 

data, the system displays the predicted yield in tons 

per hectare. This tool helps farmers plan ahead for 

procurement, logistics, and market sales. The 

interface is simple and requires only essential data 

for accurate forecasting. It delivers results instantly 

using machine learning models like Decision Tree 

and Random Forest Regressor. 

 

 
 

7.5 Fertilizer Prediction Interface : 

The Fertilizer Recommendation 

interface collects environmental and soil 

information including temperature, humidity, soil 

moisture, soil type, and nutrient levels (NPK). It 

predicts the most suitable fertilizer blend—like 
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17:17:17—tailored to the selected crop. This 

reduces input waste and boosts soil health. The 

form is neatly structured and user-friendly with 

clear labeling. The prediction logic is powered by 

Decision Tree Classifier and expert rule-based 

systems. 

 

 
 

7.6 Crop Prediction Interface : 

The Crop Prediction page assists farmers 

in selecting the most appropriate crop for their land 

and environmental conditions. Inputs like rainfall, 

temperature, humidity, soil pH, and NPK levels are 

required. Upon clicking “Predict Crop,” the system 

displays a suitable crop (e.g., Mango) based on 

trained machine learning models. The design is 

intuitive, allowing even non-technical users to 

benefit from data-driven agricultural planning. It 

uses Random Forest Classifier for high-accuracy 

suggestions. 
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7.7 Whether Forecast API : 

 
 

7.8 Government Schemes Interface : 

The Government Schemes page of 

HarvestHelper provides farmers with access to key 

central agricultural programs. It showcases 

schemes like PM-KISAN, PMFBY, PM-KMY, 

PMKSY, Soil Health Card, and e-NAM, each 

presented in an organized card layout. Every card 

includes a short description and an “Apply Now” 

button, making it easy for users to understand and 

access benefits. The interface uses consistent 

design, agriculture-themed icons, and a responsive 

layout. This feature ensures that farmers stay 

informed about subsidies, insurance, pensions, 

irrigation aid, and digital trading platforms. 
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VIII. CONCLUSION: 
HarvestHelper is a data-driven agricultural 

support system that leverages machine learning to 

assist farmers in making informed decisions related 

to crop selection, yield estimation, and fertilizer 

application. Based on extensive model evaluation, 

the platform demonstrated high performance—

achieving up to 90.09% R² in yield prediction and 

97.77% accuracy in crop recommendation using 

Random Forest and Decision Tree models. 

Fertilizer guidance using classification 

algorithms such as Decision Tree and Random 

Forest also achieved 97.59% accuracy, ensuring 

precise nutrient recommendations. These results 

confirm the effectiveness of the system in 

enhancing productivity while minimizing input 

waste. By integrating real-time environmental and 

soil data, HarvestHelper enables smarter, localized 

farming practices. 

The portal features a user-friendly 

interface designed to be accessible even to farmers 

with limited digital skills. With multilingual 

support, weather integration, and government 

scheme access, the system offers a holistic solution 

for agricultural empowerment. Future 

improvements may include mobile app 

deployment, voice support, and satellite-based 

analytics, expanding its reach and contribution to 

sustainable, technology-driven farming. 
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