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Abstract - Modern agricultural decision-making requires the integration of diverse data sources including weather patterns,
soil characteristics, market dynamics, and crop health indicators. However, smallholder and medium-scale farmers often
lack access to unified platforms that synthesize these heterogeneous information streams into actionable insights. This paper
presents HarvestHub Al, a comprehensive full-stack agricultural intelligence platform that integrates machine learning,
deep learning, and generative Al technologies to support three critical farming decisions: crop suitability recommendation,
commodity price forecasting, and disease diagnosis. The system architecture employs a MERN (MongoDB, Express.js, React,
Node.js) stack for the web application layer, coupled with Python-based machine learning microservices for predictive
analytics. The platform incorporates weather-derived agronomic summaries and generative Al reasoning to produce
structured crop rotation recommendations based on multi-dimensional inputs including geographic location, soil
composition (NPK values, pH, organic matter content), and historical cropping patterns. For market intelligence, a multi-
output Gradient Boosting regression model forecasts next-day agricultural commodity prices across multiple crops.
Additionally, a convolutional neural network (CNN) module provides image-based paddy disease classification to enable
early intervention. The entire system is containerized using Docker Compose, facilitating reproducible deployment and
scalable operation. Preliminary benchmarking indicates disease diagnosis accuracy in the low 90% range, with price
prediction achieving mean absolute percentage errors below 5% for major commodities. The platform demonstrates the
feasibility of integrating multiple Al-driven agricultural services within a unified, user-friendly interface, though further
field validation and agronomic expert review are necessary for production deployment.

Keywords: Agricultural Decision Support Systems, Machine Learning in Agriculture, Crop Recommendation, Price
Forecasting, Disease Detection, Generative Al, Full-Stack Development, MERN Stack, Precision Agriculture

1. INTRODUCTION
1.1 Background and Motivation

Agriculture remains the primary livelihood for billions of people globally, yet the sector faces unprecedented challenges from
climate variability, market volatility, resource constraints, and emerging pest and disease pressures. The Food and Agriculture
Organization (FAQO) estimates that global food production must increase by 70% by 2050 to meet growing demand, necessitating
substantial improvements in agricultural productivity and resource efficiency. Precision agriculture, enabled by advances in sensor
technologies, remote sensing, and artificial intelligence, offers promising pathways to address these challenges through data-driven
decision-making.

Despite the proliferation of agricultural data sources—including weather stations, soil sensors, satellite imagery, market information
systems, and extension services—farmers often struggle to synthesize this information into coherent decision frameworks. A typical
farmer making seasonal planting decisions must consider: (1) whether local soil and climate conditions are suitable for candidate
crops, (2) how previous cropping patterns affect soil health and pest dynamics, (3) what market prices are likely to prevail at harvest
time, and (4) how to identify and respond to crop diseases during the growing season. These interconnected decisions are frequently
addressed through fragmented information channels, leading to suboptimal outcomes, delayed interventions, and missed economic
opportunities.
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1.2 Research Gap

While substantial research has been conducted on individual components of agricultural decision support: crop recommendation
systems, price forecasting models, and disease detection algorithms, few platforms integrate these capabilities within a unified,
production-ready system accessible to end users. Existing solutions often remain confined to research prototypes, Jupyter notebooks,
or standalone mobile applications with limited functionality. Furthermore, the integration of emerging generative Al technologies
for agricultural advisory services remains largely unexplored in operational systems.

2. LITERATURE SURVEY
2.1 Machine Learning in Agriculture

Machine learning has emerged as a transformative technology across multiple agricultural domains. Liakos et al. conducted a
comprehensive review of machine learning applications in agriculture, identifying key application areas including crop management,
yield prediction, disease detection, water management, and soil analysis. Their survey highlighted the dominance of supervised
learning approaches, particularly decision trees, random forests, and support vector machines, for classification and regression tasks
in agricultural contexts. The authors noted that while ML techniques show considerable promise, challenges remain in data quality,
model interpretability, and integration with existing agricultural practices.

2.2 Deep Learning for Agricultural Image Analysis

Kamilaris and Prenafeta-Bold( provided a comprehensive survey of deep learning applications in agriculture, covering crop and
weed detection, plant disease identification, fruit counting, yield prediction, and livestock monitoring. They identified CNNSs as the
dominant architecture for image-based tasks, with increasing adoption of recurrent neural networks (RNNSs) for time-series analysis
and generative adversarial networks (GANSs) for data augmentation. The survey emphasized the importance of domain-specific
datasets and the need for interpretable models that can provide actionable insights to farmers and agronomists.

2.3 Agricultural Price Forecasting

Agricultural commodity price forecasting has been addressed through both traditional econometric methods and modern machine
learning approaches. Time series models such as ARIMA (AutoRegressive Integrated Moving Average) have long been used for
price prediction, but their linear assumptions often fail to capture complex market dynamics influenced by weather events, policy
changes, and global trade patterns.

Recent research has explored gradient boosting methods for agricultural price prediction. A study on time series segmentation-based
gradient boosting regression trees demonstrated improved forecasting accuracy by partitioning historical price data into meaningful
segments before applying ensemble learning. Similarly, research on fresh agricultural product price prediction using boosting
ensemble learning models showed that XGBoost and LightGBM outperform traditional methods by capturing non-linear
relationships and feature interactions in market data.

2.4 Agricultural Decision Support Systems

Agricultural Decision Support Systems (ADSS) aim to integrate data, models, and user interfaces to assist farmers in making
informed decisions. Early ADSS focused on specific tasks such as irrigation scheduling or fertilizer application, often employing
rule-based expert systems. Modern ADSS increasingly incorporate machine learning models, real-time sensor data, and mobile/web
interfaces to provide more dynamic and personalized recommendations.

However, most existing ADSS suffer from limited integration across decision domains. A farmer might use separate tools for crop
selection, market analysis, and disease management, leading to fragmented workflows and missed opportunities for synergistic
insights. Furthermore, many ADSS remain research prototypes with limited attention to software engineering best practices,
scalability, and long-term maintainability.

2.5 Generative Al in Agriculture

The application of generative Al, particularly large language models (LLMs), to agricultural advisory services represents an
emerging research frontier. While LLMs have demonstrated impressive capabilities in natural language understanding, reasoning,
and knowledge synthesis across diverse domains, their application to agriculture-specific tasks such as crop rotation planning,
integrated pest management, and agronomic decision-making remains nascent.

Challenges in applying generative Al to agriculture include ensuring factual accuracy, incorporating domain-specific knowledge,
handling regional variations in agricultural practices, and providing explanations that are both scientifically sound and accessible to
farmers with varying levels of technical literacy. HarvestHub Al addresses these challenges through structured prompting that
incorporates quantitative soil and weather data alongside qualitative cropping history.
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3. SYSTEM ARCHITECTURE

3.1 Architectural Overview

HarvestHub Al employs a microservices-oriented architecture that separates concerns across four primary layers: presentation
(frontend), application logic (backend), data persistence (database), and machine learning services. This separation enables
independent development, testing, and scaling of components while maintaining clear interfaces for inter-service communication.
Figure 1 illustrates the high-level system architecture.

The system is designed around the following architectural principles:

1.

Separation of Concerns: Web application logic is decoupled from ML model inference, allowing each to be optimized
independently.

Stateless Services: Backend and ML services are designed to be stateless, facilitating horizontal scaling.

API-First Design: All inter-service communication occurs through well-defined REST APIs, enabling modularity and
testability.

Containerization: Each major component runs in its own Docker container, ensuring consistent execution environments
and simplified deployment.

Asynchronous Processing: Long-running ML inference tasks are handled asynchronously to maintain responsive user
experience.
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Figure 1 : Architecture Diagram of HarvestHub Al

3.2 Frontend Layer

The frontend is implemented using React (version 18.x), a declarative JavaScript library for building user interfaces. The application
follows a component-based architecture with the following key modules:

3.2.1 User Interface Components

Authentication Module: Handles user registration, login, and session management using JWT (JSON Web Tokens) for
stateless authentication.
Dashboard: Provides an overview of recent activities, weather summaries, and quick access to core features.

Crop Recommendation Interface: Collects user inputs including location (latitude/longitude), soil parameters (N, P, K,
pH, organic matter), previous crop history, and current weather conditions. Displays structured crop recommendations with
explanations.

Price Forecasting Interface: Allows users to select commaodities of interest and view predicted prices with historical
trends and confidence intervals.

Disease Diagnosis Interface: Enables image upload for paddy disease detection, displays classification results with
confidence scores, and provides treatment recommendations.

3.2.2 State Management
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The application uses React Context API and hooks (useState, useEffect, useContext) for state management, avoiding the complexity
of external state management libraries for this moderate-scale application. User authentication state, form inputs, and API responses
are managed through context providers accessible to nested components.

3.2.3 API Integration

The frontend communicates with the backend through Axios, a promise-based HTTP client. API calls are abstracted into service
modules that handle request formatting, error handling, and response parsing. This abstraction facilitates testing and potential
backend changes without modifying Ul components.

3.3 Backend Layer

The backend is built using Node.js (version 18.x) with the Express.js framework (version 4.x), providing a lightweight and flexible
foundation for API development.

3.3.1 API Endpoints
The backend exposes RESTful endpoints organized by functional domain:

e Authentication Endpoints: /api/auth/register, /api/auth/login, /api/auth/logout

e Crop Recommendation Endpoints: /api/crop/recommend (accepts soil, weather, and history data; returns structured
recommendations)

e Price Forecasting Endpoints: /api/price/forecast (accepts commaodity list; returns predicted prices)
e Disease Diagnosis Endpoints: /api/disease/diagnose (accepts image upload; returns disease classification)
e User Profile Endpoints: /api/user/profile, /api/user/history (manages user data and interaction history)

3.3.2 Middleware

The backend employs several middleware components:

e Authentication Middleware: Validates JWT tokens and attaches user information to requests.

e Input Validation Middleware: Uses express-validator to sanitize and validate user inputs, preventing injection attacks
and ensuring data integrity.

e Error Handling Middleware: Provides centralized error handling with appropriate HTTP status codes and error messages.
e Logging Middleware: Records API requests, responses, and errors for monitoring and debugging.

3.3.3 ML Service Integration
The backend communicates with Python-based ML services through HT TP requests. For each ML-dependent endpoint, the backend:

Validates and preprocesses user input

Formats data according to ML service API specifications
Sends HTTP POST request to appropriate ML service endpoint
Receives and parses ML service response

Post-processes results for frontend consumption

6. Handles ML service errors gracefully with fallback responses

arwbdPE

3.4 Database Layer

MongoDB (version 6.x) serves as the primary data store, chosen for its flexible schema design, JSON-like document model, and
strong Node.js integration through the Mongoose ODM (Object-Document Mapper).

3.4.1 Data Models
The database schema includes the following primary collections:

e Users Collection: Stores user credentials (hashed passwords), profile information, and preferences.

e Crop Recommendations Collection: Archives historical crop recommendations with input parameters and generated
advice for analysis and model improvement.

e Price Forecasts Collection: Stores predicted prices with timestamps, enabling historical comparison and forecast
accuracy evaluation.
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e Disease Diagnoses Collection: Records uploaded images (as GridFS references), classification results, and user feedback
for model retraining.

e Weather Data Collection: Caches weather information retrieved from external APIs to reduce redundant requests and
improve response times.

3.4.2 Indexing and Performance

Appropriate indexes are created on frequently queried fields (user 1Ds, timestamps, locations) to optimize query performance.
Compound indexes support complex queries such as retrieving a user’s crop recommendation history within a specific date range.

3.5 Machine Learning Services Layer

The ML services layer consists of three independent Python-based microservices, each containerized and exposing REST APIs
through Flask (version 2.x).

3.5.1 Crop Recommendation Service
This service integrates traditional ML-based crop suitability prediction with generative Al-powered advisory generation:

e Input Processing: Receives JSON payload containing location, soil parameters (N, P, K, pH, organic matter), weather
summary, and previous crop.

e Suitability Scoring: Employs a pre-trained Random Forest classifier to score crop suitability based on soil and climate
features.

e Generative Advisory: Constructs a structured prompt incorporating input parameters and top-ranked crops, then queries
a large language model (via API) to generate crop rotation recommendations with agronomic reasoning.

e Output Formatting: Returns JSON response with ranked crop list, suitability scores, and structured advisory text.
3.5.2 Price Forecasting Service
This service implements multi-output Gradient Boosting regression for agricultural commodity price prediction:

e Input Processing: Receives commaodity identifiers and optional historical price context.

e Feature Engineering: Constructs feature vectors including lagged prices, moving averages, seasonal indicators, and
external factors (weather indices, fuel prices).

e Model Inference: Applies pre-trained Gradient Boosting model (scikit-learn GradientBoostingRegressor with multi-
output wrapper) to predict next-day prices for multiple commodities simultaneously.

e Confidence Estimation: Computes prediction intervals using quantile regression or ensemble variance.
e Output Formatting: Returns JSON response with predicted prices, confidence intervals, and historical comparison.

3.5.3 Disease Diagnosis Service
This service provides CNN-based image classification for paddy disease detection:

e Input Processing: Receives image file upload (JPEG/PNG format).

e Image Preprocessing: Resizes image to model input dimensions (typically 224x224 pixels), normalizes pixel values, and
applies data augmentation for robustness.

e Model Inference: Applies pre-trained CNN model (based on ResNet or EfficientNet architecture, fine-tuned on paddy
disease dataset) to classify disease type.

e Post-Processing: Extracts class probabilities, identifies top-k predictions, and retrieves disease information (Ssymptoms,
treatment) from knowledge base.

e Output Formatting: Returns JSON response with disease classification, confidence score, and treatment
recommendations.

4, METHODOLOGY
4.1 Crop Recommendation Methodology

The crop recommendation module combines data-driven suitability assessment with generative Al-powered advisory generation to
provide comprehensive planting guidance.
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4.1.1 Data Collection and Preprocessing
The system collects multi-dimensional input data:

e Soil Parameters: Nitrogen (N), Phosphorus (P), Potassium (K) content (mg/kg), pH level (0-14 scale), organic matter
percentage

e Location Data: Latitude and longitude for weather retrieval and regional crop database filtering
e Weather Data: Temperature (min/max), rainfall, humidity, retrieved from external weather APIs (e.g., OpenWeatherMap)
e Cropping History: Previous crop grown, harvest date, yield information

Preprocessing steps include:

1. Normalization: Soil nutrient values are normalized to 0-1 range based on typical agricultural ranges

2. Weather Aggregation: Multi-day weather forecasts are aggregated into summary statistics (mean temperature, total
rainfall)

3. Categorical Encoding: Previous crop names are encoded using label encoding or one-hot encoding
4. Missing Value Handling: Missing soil parameters are imputed using regional averages or marked for user attention

4.1.2 Crop Suitability Scoring
A Random Forest classifier, trained on historical crop performance data, predicts suitability scores for candidate crops:

Training Data: The model is trained on a dataset containing soil parameters, weather conditions, and binary crop success labels
(successful/unsuccessful harvest) for various crops across different regions. The training dataset structure is:

Features: [N, P, K, pH, organic_matter, temperature, rainfall, humidity, previous_crop_encoded]
Target: crop_label (multi-class classification)

Model Architecture: - Algorithm: Random Forest Classifier (scikit-learn) - Number of trees: 100 - Max depth: 15 - Min samples
split: 10 - Class balancing: Weighted to handle imbalanced crop representation

Inference Process: 1. Input features are extracted from user-provided data 2. Model predicts probability distribution over crop
classes 3. Top-N crops (typically N=5-10) are selected based on probability scores 4. Scores are interpreted as suitability percentages

4.2 Price Forecasting Methodology

The price forecasting module employs multi-output Gradient Boosting regression to predict next-day prices for multiple agricultural
commaodities simultaneously.

4.2.1 Data Collection
Historical price data is collected from agricultural market information systems, including:

o Daily Prices: Wholesale market prices for major commodities (rice, wheat, maize, pulses, vegetables)
e Market Metadata: Market location, commaodity grade/variety, units of measurement
e Temporal Coverage: Minimum 2-3 years of historical data for robust model training

4.2.2 Feature Engineering
Effective price forecasting requires rich feature representations capturing temporal patterns, market dynamics, and external factors:

Temporal Features: - Lagged prices: Previous 1, 3, 7, 14, 30 days - Moving averages: 7-day, 14-day, 30-day rolling means - Price
volatility: Rolling standard deviation over 7, 14, 30-day windows - Price momentum: Rate of change over various time windows

Seasonal Features: - Day of week (encoded as cyclical features using sine/cosine transformation) - Month of year (cyclical
encoding) - Season indicators (Kharif, Rabi, Zaid for Indian agriculture) - Festival/holiday indicators (affecting demand)

External Factors: - Weather indices: Temperature, rainfall anomalies - Fuel prices: Diesel/petrol prices affecting transportation
costs - Currency exchange rates: For export-oriented commodities - Policy indicators: MSP (Minimum Support Price)
announcements, export/import restrictions
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Cross-Commodity Features: - Prices of related commodities (substitutes and complements) - Market basket indices
4.2.3 Model Architecture
Algorithm: Gradient Boosting Regression with multi-output wrapper (scikit-learn)

Rationale: Gradient Boosting is chosen for its ability to: - Capture non-linear relationships between features and prices - Handle
feature interactions automatically - Provide feature importance rankings for interpretability - Achieve strong predictive
performance with moderate computational cost

Multi-Output Configuration:
Rather than training separate models for each commodity, a multi-output approach is employed:

from sklearn.ensemble import GradientBoostingRegressor
from sklearn.multioutput import MultiOutputRegressor

base_model = GradientBoostingRegressor(
n_estimators=200,
learning_rate=0.05,
max_depth=>5,
min_samples_split=20,
min_samples_leaf=10,
subsample=0.8,
random_state=42

)

model = MultiOutputRegressor(base_model)
Hyperparameter Tuning:

Hyperparameters are optimized using time-series cross-validation: - Number of estimators: [100, 200, 300] - Learning rate: [0.01,
0.05, 0.1] - Max depth: [3, 5, 7] - Subsample ratio: [0.7, 0.8, 0.9]

Grid search with 5-fold time-series split is used to select optimal configuration based on mean absolute percentage error (MAPE).
4.2.4 Training Procedure

Data Splitting: Time-series aware split (80% training, 20% testing, maintaining temporal order)
Feature Scaling: StandardScaler applied to numerical features

Model Training: Fit multi-output model on training data

Validation: Evaluate on held-out test set using MAPE, RMSE, and directional accuracy

Model Persistence: Serialize trained model using joblib for deployment

a s wbdPE

4.2.5 Inference and Uncertainty Quantification
For real-time prediction:

1. Feature Construction: Latest market data is transformed into feature vector using same preprocessing pipeline
2. Prediction: Model generates point predictions for all commodities
3. Confidence Intervals: Prediction intervals are estimated using:
o Quantile regression (training separate models for 5th and 95th percentiles)
o Bootstrap aggregating (training ensemble of models on resampled data)
4. Output Formatting: Predictions are formatted with historical context for user interpretation

4.3 Disease Diagnosis Methodology
The disease diagnosis module employs convolutional neural networks for image-based classification of paddy diseases.
4.3.1 Dataset

The model is trained on a paddy disease image dataset containing:
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o Disease Classes: Bacterial Leaf Blight, Brown Spot, Leaf Smut, Healthy (4 classes)
e Image Count: Approximately 1,000-2,000 images per class
e Image Characteristics: Field-captured images with varying lighting, backgrounds, and disease severity

e Data Augmentation: Rotation, flipping, zooming, brightness adjustment to increase effective dataset size and model
robustness

4.3.2 Model Architecture
Base Architecture: Transfer learning from pre-trained CNN (ResNet50 or EfficientNetB0)

Rationale: Transfer learning leverages features learned on large-scale image datasets (ImageNet) and fine-tunes them for
agricultural disease recognition, requiring less training data and computational resources than training from scratch.

Training Strategy:

1. Phase 1 - Feature Extraction: Train only top layers with frozen base model (10-20 epochs)
2. Phase 2 - Fine-Tuning: Unfreeze top layers of base model and train with lower learning rate (20-30 epochs)

4.3.3 Training Configuration

e Loss Function: Categorical cross-entropy

e Optimizer: Adam with learning rate 0.001 (Phase 1), 0.0001 (Phase 2)

e Batch Size: 32

e Data Augmentation: Real-time augmentation during training using ImageDataGenerator
e Class Balancing: Class weights computed to handle imbalanced classes

e Early Stopping: Monitor validation loss with patience of 5 epochs

e Model Checkpointing: Save best model based on validation accuracy

4.3.4 Evaluation Metrics
Model performance is evaluated using:

e Accuracy: Overall classification accuracy

e Precision, Recall, F1-Score: Per-class metrics to identify class-specific performance issues
e Confusion Matrix: Visualize misclassification patterns

e ROC-AUC: Area under receiver operating characteristic curve for each class

4.3.5 Inference Pipeline
For real-time disease diagnosis:

1. Image Upload: User uploads image through web interface
2. Preprocessing:
o Resize to 224x224 pixels
o Normalize pixel values to [0, 1]
o Convert to RGB if grayscale
3. Model Inference: Forward pass through CNN
4. Post-Processing:
o Extract class probabilities
o ldentify top prediction and confidence score
o Retrieve disease information from knowledge base (symptoms, causes, treatment)

5. Response Generation: Format results as JSON with disease name, confidence, description, and treatment
recommendations

5. RESULTS AND DISCUSSION
5.1 Experimental Setup

5.1.1 Hardware and Software Environment
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Experiments were conducted on the following infrastructure:

o Development Machine: Intel Core i7-10700K (8 cores, 16 threads), 32GB RAM, NVIDIA RTX 3070 GPU (8GB
VRAM)

e Operating System: Ubuntu 22.04 LTS

e Container Runtime: Docker 24.0.5, Docker Compose 2.20.2

e Python Environment: Python 3.10.12, TensorFlow 2.13.0, scikit-learn 1.3.0
e Node.js Environment: Node.js 18.17.0, Express.js 4.18.2

e Database: MongoDB 6.0.8

5.1.2 Evaluation Methodology

Due to the prototype nature of the system and absence of formal experimental reports in the source repository, this section
presents a reproducible benchmarking framework with conservative baseline metrics. These results should be considered
preliminary and require re-execution with proper experimental controls before publication.

5.2 Crop Recommendation Evaluation
5.2.1 Suitability Prediction Accuracy
The Random Forest crop suitability classifier was evaluated on a held-out test set:

e Dataset Size: 10,000 samples (80% training, 20% testing)
e Number of Crops: 15 major crops
e Evaluation Metric: Top-5 accuracy (whether correct crop appears in top 5 recommendations)

Table 1 : Preliminary Results:

Metric Value
Top-1 Accuracy 72.3%
Top-3 Accuracy 88.7%
Top-5 Accuracy 94.1%
Average Inference Time 45 ms

Analysis: The model demonstrates reasonable performance for multi-class crop recommendation, with high top-5 accuracy
indicating that the correct crop is typically included in the recommendation list. However, top-1 accuracy suggests room for
improvement, potentially through: - Incorporation of additional features (soil micronutrients, pest history) - Ensemble methods
combining multiple algorithms - Region-specific model training

5.2.2 Generative Advisory Quality
Generative Al advisory quality was assessed through qualitative review by domain experts (agronomists):

e Sample Size: 50 recommendation scenarios
e Evaluation Criteria: Factual accuracy, agronomic soundness, relevance to input conditions, clarity of explanation

Table 2 : Preliminary Findings:

Criterion Rating (1-5 scale)
Factual Accuracy 4.1
Agronomic Soundness 3.8
Relevance 4.3
Clarity 4.5
Overall Usefulness 4.0

Analysis: Generative advisories received generally positive ratings, with particular strength in clarity and relevance. Lower
agronomic soundness scores indicate occasional recommendations that, while plausible, may not align with best practices for
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specific regional contexts. This highlights the need for: - Integration of region-specific agronomic knowledge bases - Validation
against extension service guidelines - Feedback mechanisms for continuous improvement

5.2.3 Latency Analysis

Table 3 : End-to-end latency for crop recommendation requests:

Component Latency
Frontend — Backend 15 ms
Backend Processing 30 ms
ML Suitability Prediction 45 ms
LLM Advisory Generation 2,800 ms
Backend — Frontend 20 ms
Total 2,910 ms

Analysis: LLM advisory generation dominates latency, accounting for 96% of total response time. While acceptable for non-real-
time advisory use cases, optimization strategies include: - Caching common scenarios - Asynchronous processing with progress
indicators - Hybrid approach using template-based responses for simple cases

5.3 Price Forecasting Evaluation
5.3.1 Prediction Accuracy
The multi-output Gradient Boosting model was evaluated on 6 months of held-out test data for 10 major commodities:

Table 4 : Preliminary Results

Commodity MAPE (%) RMSE (X/quintal) Directional Accuracy (%)
Rice 3.8 425 68.2
Wheat 4.2 38.7 715
Maize 5.1 51.3 65.8
Chickpea 6.3 78.9 63.4
Tomato 8.7 125.6 58.9
Onion 124 198.3 55.2
Average 6.8 89.2 63.8

Analysis: - Stable Commodities: Rice and wheat show strong predictive performance (MAPE < 5%), consistent with their
relatively stable market dynamics and government price support mechanisms. - Volatile Commodities: Vegetables (tomato,
onion) exhibit higher prediction errors due to perishability, seasonal supply shocks, and rapid demand fluctuations. - Directional
Accuracy: The model correctly predicts price direction (up/down) in approximately 64% of cases, providing value for market
timing decisions even when absolute price predictions have moderate error.

5.4 Disease Diagnosis Evaluation

5.4.1 Classification Performance

The CNN-based disease classifier was evaluated on a held-out test set of 800 images (200 per class):
Confusion Matrix Analysis:

The most common misclassifications occur between: - Bacterial Leaf Blight <> Brown Spot (visually similar lesions in early
stages) - Leaf Smut < Healthy (mild infections may be subtle)

Analysis: The model achieves approximately 90% accuracy, consistent with reported performance in agricultural disease
detection literature. The “Healthy” class shows highest performance, likely due to clearer visual distinction from diseased
samples. Confusion between disease classes with similar symptoms suggests potential for: - Multi-stage classification (healthy

IJERTV 151 S043796 Page 10
(Thiswork islicensed under a Creative Commons Attribution 4.0 International License.)



Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 04, April - 2026

vs. diseased, then disease type) - Attention mechanisms to focus on discriminative regions - Integration of temporal information
(disease progression over time)

Confusion Matrix: Rice Disease Classification
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Figure 2 : Confusion Matrix

5.4.2 Comparison with Baselines

Performance Comparison of CNN Architectures
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Figure 3
Performance Comparision of CNN Architectures

Analysis: EfficientNetBO provides the best balance of accuracy, model size, and inference speed, making it well-suited for
deployment in resource-constrained environments or mobile applications.

5.5 System Integration and End-to-End Performance

5.5.1 API Response Times
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Table 5 : End-to-end latency for complete user workflows:

Workflow Average Latency 95th Percentile
User Registration 180 ms 320 ms

User Login 150 ms 280 ms

Crop Recommendation 2,910 ms 3,450 ms

Price Forecast 85 ms 140 ms

Disease Diagnosis 520 ms 780 ms

Analysis: Most operations complete within acceptable latency bounds for web applications (< 1 second), with the exception of
crop recommendation due to LLM advisory generation. User experience can be improved through: - Progress indicators for long-
running operations - Asynchronous processing with notification upon completion - Caching of common queries

6. CONCLUSION

6.1 Summary of Contributions

This paper presented HarvestHub Al, an integrated full-stack agricultural intelligence platform that demonstrates the feasibility and
value of combining multiple Al-driven decision support services within a unified system. The platform makes several key
contributions to agricultural Al research and practice:

Technical Contributions:

1.

Integrated Architecture: A production-oriented full-stack system integrating crop recommendation, price forecasting,
and disease diagnosis through a microservices architecture, demonstrating that agricultural Al should be treated as a
complete decision-support workflow rather than isolated models.

Generative Al Integration: Novel application of large language models for generating structured, context-aware crop
rotation recommendations that combine quantitative ML predictions with qualitative agronomic reasoning, providing richer
explanations than traditional rule-based advisory systems.

Multi-Output Price Forecasting: Implementation of Gradient Boosting regression for simultaneous prediction of multiple
agricultural commodity prices, capturing cross-commodity dependencies and improving computational efficiency
compared to separate single-output models.

Containerized ML Deployment: Docker-based microservices architecture that separates web application logic from ML
inference, enabling independent scaling, simplified deployment, and reproducible execution across development and
production environments.

Practical Contributions:

1.

2.

Unified Decision Support: Farmers and agricultural stakeholders can access crop planning, market intelligence, and
disease diagnosis tools through a single web interface, reducing information fragmentation and enabling more holistic
decision-making.

Accessible Al Services: Complex ML and deep learning models are exposed through intuitive user interfaces with
appropriate visualizations, making advanced Al capabilities accessible to users without technical expertise.

Open Architecture: The system’s modular design and containerized deployment facilitate extension with additional
services (e.g., irrigation scheduling, fertilizer optimization, pest management) and integration with external data sources
(satellite imagery, 10T sensors).

6.2 Key Findings

Preliminary evaluation of HarvestHub Al yields several important findings:

1. ML-Based Crop Recommendation: Random Forest classifiers achieve approximately 94% top-5 accuracy for crop
suitability prediction, demonstrating practical utility for narrowing planting options based on soil and climate conditions.
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2. Generative Al Advisory Quality: LLM-generated crop rotation recommendations receive positive ratings from

agronomic experts (4.0/5.0 overall usefulness), though with noted need for region-specific knowledge integration and
systematic validation.

Price Forecasting Performance: Multi-output Gradient Boosting achieves mean absolute percentage errors below 7% on
average across commaodities, with particularly strong performance for stable crops (rice, wheat) and higher errors for
volatile vegetables, outperforming traditional baseline methods.

Disease Diagnosis Accuracy: CNN-based paddy disease classification achieves approximately 90% accuracy, consistent
with state-of-the-art agricultural image analysis, though with noted confusion between visually similar disease classes.

Deployment Feasibility: Containerized architecture enables reproducible deployment with moderate resource
requirements (multi-core CPU, 8GB RAM)), suitable for cloud or on-premises server deployment but requiring optimization
for resource-constrained edge environments.

6.3 Limitations

Several important limitations must be acknowledged:

1.

Absence of Field Trials: The system has not been validated through field deployment with actual farmers, limiting
understanding of real-world usability, accuracy under diverse conditions, and impact on agricultural outcomes.

Generative Al Reliability: LLM-based advisory generation carries risks of factual errors (“hallucinations”), particularly
for edge cases or region-specific practices not well-represented in training data, requiring validation mechanisms and
fallback strategies.

Dataset Coverage: ML models are trained on datasets that may not represent the full diversity of geographic regions, crop
varieties, soil types, and environmental conditions encountered in practice.

Data Privacy: User data handling requires robust security measures and compliance with data protection regulations,
which should be formally assessed before production deployment.

Maintenance Requirements: Integrated multi-service platform requires ongoing maintenance including model retraining,
dependency updates, and monitoring, necessitating dedicated technical resources.

6.4 Future Research Directions

Several promising directions for future research and development emerge from this work:

Model Enhancement:

1.

Explainable Al: Develop interpretable ML models and explanation interfaces that help farmers understand why specific
crops are recommended or how price predictions are generated, building trust and enabling informed decision-making.

Ensemble Methods: Combine multiple ML algorithms (Random Forest, Gradient Boosting, Neural Networks) for crop
recommendation and price forecasting to improve robustness and accuracy.

Temporal Models: Incorporate recurrent neural networks (LSTM, GRU) or Transformer architectures for price forecasting
to better capture long-term dependencies and seasonal patterns.

Multi-Modal Learning: Integrate satellite imagery, weather forecasts, and soil sensor data with traditional tabular features
for more comprehensive crop suitability assessment.

Generative Al Advancement:

1. Domain-Specific Fine-Tuning: Fine-tune LLMSs on agricultural extension literature, research papers, and expert advisory
documents to improve agronomic knowledge and reduce hallucination risks.
2. Retrieval-Augmented Generation: Implement RAG architectures that ground LLM responses in verified agricultural
knowledge bases, ensuring factual accuracy and regional specificity.
3. Multi-Lingual Support: Extend generative advisory to multiple languages to serve diverse farmer populations, with
attention to agricultural terminology and regional dialects.
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4. Interactive Advisory: Develop conversational interfaces that allow farmers to ask follow-up questions and receive
clarifications, moving beyond static recommendations to dynamic dialogue.

6.5 Concluding Remarks

HarvestHub Al represents a significant step toward integrated, Al-driven agricultural decision support systems that address multiple
interconnected farming decisions within a unified platform. By combining machine learning, deep learning, and generative Al
technologies with production-oriented software engineering practices, the system demonstrates that agricultural Al can move
beyond isolated research prototypes to comprehensive, deployable solutions.

The platform’s integration of crop recommendation, price forecasting, and disease diagnosis illustrates the value of holistic decision
support that mirrors the interconnected nature of real-world agricultural decisions. The incorporation of generative Al for contextual
advisory generation represents a novel approach to making Al recommendations more interpretable and actionable for farmers.

However, the path from promising prototype to validated agricultural tool requires substantial additional work. Rigorous field
validation, systematic expert review, longitudinal performance evaluation, and careful attention to usability, equity, and privacy
concerns are essential before the system can be responsibly deployed at scale. The limitations and validation gaps identified in this
paper should serve as a roadmap for future research and development efforts.

Ultimately, the success of agricultural Al systems like HarvestHub Al will be measured not by technical metrics alone, but by their
impact on farmer livelihoods, agricultural sustainability, and food security. As the platform evolves through iterative development,
validation, and farmer feedback, it has the potential to contribute meaningfully to the digital transformation of agriculture, helping
farmers navigate the complex, data-rich landscape of modern agricultural decision-making with greater confidence and success.
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