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Abstract- The agricultural systems of the world are under 

increasing pressure due to climate change, scarcity of resources, 

and increased pressure on the food security systems. The 

traditional agricultural practices that are very intensive in terms 

of chemical use and ineffective water management are becoming 

insufficient to cope with these multidimensional burdens. The 

paper introduces a hybrid machine learning (HML) model that 

will facilitate the practice of sustainable agriculture by 

combining various predictive and adaptive algorithms to make 

real-time agricultural decisions. 

The suggested model will feed heterogeneous agricultural data, 

such as soil health parameters, meteorological data, crop growth 

indicators, and satellite images, to Random Forest, Support 

Vector Machines (SVM) and Long Short-Term Memory 

(LSTM) neural networks. The combination of ensemble learning 

and deep learning approaches results in a higher accuracy of the 

system in crop yield prediction, irrigation scheduling, pest and 

disease detection and soil nutrient management than when either 

a standalone machine learning framework is used. 

Experimental analysis has been performed in different agro-

climatic regions with benchmark datasets of deployments of 

precision agriculture. Findings reveal that the hybrid model has 

a 94.3% prediction accuracy that is better than the individual 

models by an average of 11.7. The framework also helps achieve 

a 28 per cent cut in water use and a 22 per cent cut in the use of 

chemical fertilisers, which directly links to the environmental 

sustainability targets consistent with the United Nations 

Sustainable Development Goal 2 ( Zero Hunger ) and SDG 15 ( 

Life on Land ). 

This paper confirms that hybrid machine learning has great 

potential in changing the traditional agricultural paradigms into 

data-driven, resource-efficient, and ecologically responsible 

systems. Future directions of the research involve federated 

learning to share farm data and privacy, as well as edge 

computing to deploy in low-connectivity rural settings. 

 

Keywords— Sustainable Farming, Hybrid Machine Learning, 

Precision Agriculture, Crop Yield Prediction, Disease Detection, 

Smart Irrigation, Ensemble Learning, Deep Learning. 

I. INTRODUCTION 

The world agribusiness is at a critical crossroads. The Food 

and Agriculture Organisation (FAO) estimates that the world 

will need 70 per cent more food by 2050 to nourish a 

population of 9.7 billion people who are expected to be alive 

[1]. At the same time, traditional agricultural activities are the 

source of about 23 per cent of the total global greenhouse gas 

emissions and almost 70 per cent of the total global freshwater 

withdrawals [2]. These conflicting needs require a paradigm 

shift to intelligent, data-oriented agricultural practices that are 

able to reconcile productivity and environmental 

sustainability. 

Machine learning (ML) has become a revolution in precision 

agriculture, allowing farmers and agricultural scientists to 

derive actionable insights from high-dimensional and 

complicated datasets [3]. Nevertheless, single machine 

learning models are often limited in their generalizability, 

especially when faced with the natural variability of natural 

agricultural settings. An individual algorithm can hardly 

represent the entire range of agronomic complexity, including 

microclimatic variability and soil heterogeneity, pest 

dynamics and market changes [4]. 
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The current paper presents a Hybrid Machine Learning 

(HML) system named FarmAI that combines three 

complementary algorithmic paradigms: (i) ensemble tree-

based structured tabular predictions, (ii) deep recurrent 

networks temporal sequence predictions, and (iii) 

convolutional neural networks image-based disease 

prediction. The FarmAI platform, depicted in Fig. 1, offers a 

smart dashboard to monitor agriculture in real-time, so 

farmers can make decisions with data in most areas of 

operation. 

 
Fig. 1. FarmAI Dashboard: Sustainable & Intelligent Farming Solutions 

platform with Hybrid ML Engine integration. 

 

The paper has fourfold contributions: (1) design of a new 

HML architecture that combines RF, SVM, LSTM, and CNN 

models; (2) creation of a sensor-integrated, modular, real-time 

decision support system; (3) empirical validation on four 

benchmark agricultural datasets; and (4) implementation of 

the system in various agro-climatic regions of India with 

proven resource efficiency benefits. 

The rest of this paper will be organised in the following way: 

Section II will be a review of related literature. The system 

architecture is provided in Section III. Section IV outlines the 

dataset and experimental procedure. Results are discussed in 

section V. Future directions are discussed in the last section 

of VI. 

II. RELATED WORK 

The use of machine learning to solve agricultural issues has 

been widely reported in the literature. Mohanty et al. [5] 

showed that deep convolutional neural networks, which were 

trained using the PlantVillage dataset, were able to detect 26 

plant diseases in 14 crop species with an accuracy of more 

than 99.35% in controlled settings. Nevertheless, their model 

exhibited serious performance deterioration when the 

experiment was conducted in the field, where there were 

variations in illumination and background noise. 

Liakos et al. [6] made an extensive survey of machine 

learning in agriculture and found that, although individual 

algorithms are promising, no single model can be found to 

perform consistently better on all agronomic prediction tasks. 

This discovery is a stimulus to the ensemble and hybrid 

strategies that are discussed in the current work. 

The predictive yield modelling has drawn a lot of research. 

Pantazi et al. [7] used supervised self-organising maps and 

random forest regressors to model the yield of wheat using 

soil sensor data, with an RMSE of 0.43 t/ha. Recently, Khaki 

and Wang [8] came up with a deep neural network model that 

uses historical yield data, environmental factors, and 

management activities to predict county-level corn yield in 

the United States. 

Reinforcement learning and time-series forecasting have been 

used to tackle smart irrigation. Deficit irrigation scheduling 

was theoretically based on Fereres and Soriano [9], and 

automated drip irrigation control based on LSTM-based soil 

moisture prediction models was implemented by Kaur et al. 

[10] with 92.1% accuracy. Ruan et al. [11] have investigated 

the combination of IoT sensor networks with ML inference 

engines and created a cloud-edge computing system to detect 

real-time crop stress. 

Although these developments have been made, a conspicuous 

gap in the literature exists: no research has so far examined 

the simultaneous optimisation of disease detection, yield 

prediction, irrigation scheduling, and fertiliser management in 

a single, deployable hybrid framework. This gap is covered in 

this paper. 

A. Gaps in Existing Literature 

However, there is still a noticeable and persistent gap in the 

literature regarding the application of machine learning 

models: no previously existing work includes a single, 

practical framework that deals with crop disease detection, 

yield forecasting, irrigation optimisation, and fertiliser 

management, all integrated into one system. The majority of 

the available research considers them as individual issues 

resulting in piecemeal deployments that are not operationally 

feasible for smallholder farmers who need comprehensive 

decision support systems as opposed to domain-specific ones. 

Moreover, most of the high-performing models that are 

presently reported in the literature are tested only on reference 

datasets like PlantVillage or UCI repositories, which do not 

accurately reflect the diversity of field conditions in reality, 

especially in diverse agro-climatic environments like those 

that are present across India. Dynamic soil nutrient 

dependencies across time and inter-season yield variability 

are not often modelled in fixed ML pipelines, and the problem 

of implementing computationally-intensive deep learning 

models in low-connection rural settings is still poorly 

understood [6]. The identified gaps are directly addressed by 

the current work, which suggests a sensor-integrated hybrid 
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framework in the form of modules that have been proven on 

real-world multi-zone data. 

 

III. SYSTEM ARCHITECTURE AND METHODOLOGY 

A. Hybrid Machine Learning Framework 

The HML framework proposed is designed in such a way that 

it has four interdependent ML modules that focus on different 

agronomic tasks. The modules have a common data ingestion 

pipeline that is supplied with soil sensor data, weather API 

data, satellite imagery feeds, and images uploaded by the 

farmers. The general system architecture is based on a three-

tier architecture: (i) data acquisition layer, (ii) hybrid 

inference engine, and (iii) decision support and visualisation 

layer. 

The ensemble method that is used in the HML framework is 

a stacking architecture where base learners (Random Forest 

and SVM) make predictions at the first level, and then the 

results are used as input features to a meta-learner (Gradient 

Boosted Regressor) that makes the final output predictions. 

This stacking approach has always been more successful than 

any single base learner on heterogeneous agricultural data 

[12]. 

B. Disease Detection Module (CNN) 

The disease detection module employs a fine-tuned ResNet-

50 convolutional neural network that was trained on 

ImageNet and then transfer-learned on the PlantVillage 

dataset of 54,306 images of 38 disease classes. Normalisation, 

Gaussian blur denoising, and contrast-limited adaptive 

histogram equalisation (CLAHE) are used to process input 

images of size 224x224x3 to enhance their resilience to 

variations in field lighting [5]. 

The FarmAI modules interface, as illustrated in Fig. 2, 

consists of a drag-and-drop leaf image upload portal and a 

Crop Recommendation panel that runs on the soil NPK 

measurements and climatic parameters. The system allows 

farmers without technical knowledge to access sophisticated 

CNN-based disease diagnostics through a straightforward 

image upload process. 

 
Fig. 2. FarmAI Modules Interface: Disease Detection (CNN Model) and 

Crop Recommendation (RF & KNN) panels with soil parameter sliders. 

C. Crop Recommendation (RF & KNN) 

The crop recommendation module uses a two-classifier 

ensemble of Random Forest (RF) and K-Nearest Neighbours 

(KNN). The input characteristics are the concentration of soil 

nitrogen (N), phosphorus (P), and potassium (K), the level of 

pH, the amount of rainfall per year, temperature, and 

humidity. RF component offers global feature-ranking of 

importance, and KNN offers locality-sensitive patterns within 

particular soil-climate niches. Both classifiers are combined 

using majority voting to make predictions. 

D. Yield Prediction and Fertiliser Dispensing 

Yield prediction uses a hybrid stacking model that uses LSTM 

to encode temporal weather patterns and Random Forest to 

estimate the final yield. Training is done using historical yield 

data between 1990 and 2024, obtained through the ICAR and 

FAO databases. Preprocessing methods used include seasonal 

decomposition and wavelet transformation to extract trend, 

seasonality and residual elements of the time series [8]. 

The Smart Fertiliser Dispensing module, which is seen in Fig. 

3, is an ensemble of 20+ sub-algorithms that compute the 

optimal nutrient dosages. The inputs consist of the area of 

farmland, type of crop, desired yield, and the existing soil 

NPK content. The Projected Yield indicator (4.2 tons/ha 

during the monsoon season in the demonstration) is calculated 

with the help of the hybrid stacking model and presented with 

a month-by-month yield trajectory chart. 

 
Fig. 3. FarmAI Yield Prediction (Hybrid Stacking Model, 4.2 tons/ha 

projected) and Smart Fertiliser Dispensing (Ensemble Approach) interfaces. 

E. IoT Sensor Integration and Real-Time Data Pipeline 

The FarmAI architecture is built to have a multi-sensor IoT 

layer as the main data acquisition interface. Sensor nodes are 

deployed - Sensor Node Alpha and related field units 

constantly measure soil moisture (capacitive sensors, ±0.5% 

accuracy), soil pH (electrochemical probes, range 3.0-9.0), 

ambient temperature and humidity (DHT22 modules), and 

NPK concentrations (optical spectrometry-based sensors 

calibrated to ICAR standards). Readings are being sent by 

each sensor node at a fixed frequency (15 minutes by default) 

using the MQTT protocol over a 4G LTE or LoRaWAN 

network to the cloud inference backend. 
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The data pipeline has a three-stage architecture. At Stage 1, 

raw sensor values are buffered locally at edge 

microcontrollers (ESP32-based) and filtered by outlier 

filtering with sliding-window Z-score thresholding, to 

eliminate false spike readings. Stage 2 In Stage 2, validated 

readings are sent to a cloud aggregation server, which 

combines them with external weather API feeds ( 

OpenWeatherMap ) and satellite vegetation index data (NDVI 

with Sentinel-2 ). Stage 3 entails feature assembly and 

normalisation, and then injection into the HML inference 

engine. This pipeline guarantees that model inputs are kept up 

to date, contextually informed, and pre-validated, minimising 

the errors in inferences related to sensor noise by an estimated 

14.3%. 

F. Hybrid Stacking: Mathematical Formulation. 

Denote the input feature vector of a certain farm observation 

as x ∈ ℝᵉ, where d is the number of input features. 

The base learners in the stacking ensemble are the following: 

f₁(x) = RF(x) → ŷ₁  [Random Forest Regressor]   (1) 

f₂(x) = SVM(x) → ŷ₂  [Support Vector Machine]   (2) 

f 3(x) = LSTM(x 7 ) 0 7 3 (Long Short-Term Memory, time 

input x 7 ) (3)(3) 

The meta-learner M is given the concatenated first-level 

predictions as input and gives the final prediction: 

F(x) = M([ŷ₁, ŷ₂, ŷ₃]) → ŷ_final   (4) 

In the case of classification (disease detection, crop 

recommendation), the output probability vector p ⃗ of the 

CNN is fed through a softmax layer and the resultant 

prediction is the averaged class: 

ŷ = argmaxᵏ ( pᵏ )   (5) 

The training goal is to minimise a composite loss function L, 

which is composed of cross-entropy loss on classification 

modules and mean squared error loss on regression modules, 

with importance coefficients αi relating to the importance of 

each module. 

L_total = α₁ · L_CE + α₂ · L_MSE   (6) 

where L_CE = -Σ yᵢ log(ŷᵢ) and L_MSE = (1/n)Σ(yᵢ - ŷᵢ)². The 

coefficients α1 and 2 are empirically estimated using grid 

search when validating and are set to 0.4 and 0.6, respectively, 

when deploying the final configuration. 

 

IV. EXPERIMENTAL SETUP AND DATASETS 

A. Dataset Description 

Four curated agricultural datasets with a variety of crops, soil 

types, and geographical regions in India were experimented 

with. The datasets used are summarised in Table I, with 

sample sizes, categories of input parameters and data sources. 

Preprocessing of all datasets was done, which included outlier 

filtering with Interquartile Range (IQR) filtering, missing 

values filtering with k-NN interpolation, and normalisation of 

features with Min-Max scaling. 

 

TABLE I 
Dataset Summary for Experimental Evaluation 

Dataset Samples Parameters Source 

Crop Yield 12,500 
Soil, Climate, 

NPK 
UCI / FAO 

Plant 
Disease 

54,306 
Leaf Images 

(RGB) 
PlantVillage 

Irrigation 

Mgmt 
8,200 

Moisture, 

Temp, Evap. 
ICRISAT 

Fertilizer 
Opt. 

6,750 
NPK, Crop 
Type, Area 

ICAR India 

 

B. Experimental Protocol 

Training was done on all models with an 80-10-10 stratified 

split of training, validation and test sets, respectively. 

Bayesian search with 5-fold cross-validation was used to 

optimise the hyperparameters. The Random Forest was set to 

500 estimators and a maximum depth of 15. The LSTM was 

two layers of 256 units stacked on top of each other with a 

dropout rate of 0.3. The CNN used ResNet-50 and a custom 

classification head consisting of three fully connected layers 

(512-256-N_classes). 

All the experiments were carried out in Python 3.10 with 

TensorFlow 2.12 and scikit-learn 1.2.2. The training was done 

on NVIDIA Tesla V100 GPUs with 32GB VRAM. 

Regression tasks use evaluation metrics such as classification 

accuracy, precision, recall, F1-score, Mean Absolute Error 

(MAE) and Root Mean Squared Error (RMSE). 

C. Evaluation Metrics with Formulas 

A standard set of evaluation measures, which can be used in 

both classification and regression tasks, is used to measure 

model performance. To compute the following metrics on the 

held-out test set to classify modules (disease detection and 

crop recommendation), the following are computed: 

Accuracy = (TP + TN) / (TP + TN + FP + FN)   (7) 

Precision = TP / (TP + FP)   (8) 

Recall = TP / (TP + FN)   (9) 

F1-Score = 2 × (Precision × Recall) / (Precision + Recall)   

(10) 

In regression-based modules (yield prediction and estimation 

of fertiliser dosage), the performance is measured by Mean 
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Absolute Error (MAE) and Root Mean Squared Error 

(RMSE): 

MAE = (1/n) × Σ |yᵢ - ŷᵢ|   (11) 

RMSE = √[ (1/n) × Σ (yᵢ - ŷᵢ)² ]   (12) 

Where yi and 7i are the model-predicted yi and the true 

observed yi, respectively, of the i-th sample. The smaller 

MAE and RMSE values suggest a better predictive accuracy. 

All measures are calculated in 5-fold cross-validation, and the 

mean and standard deviation are presented. 

D. Hardware and Software Configuration 

The model training and evaluation experiments were also 

done in a specialised high-performance computing cluster. 

Table IV is a summary of the entire hardware and software 

environment applied in this study in order to reproducibly 

obtain the results reported. 

TABLE IV 
Hardware and Software Experimental Configuration 

Component Specification 

GPU NVIDIA Tesla V100, 32 GB VRAM 

CPU Intel Xeon Gold 6148, 2.4 GHz 

RAM 128 GB DDR4 ECC 

OS Ubuntu 22.04 LTS 

Language Python 3.10.11 

DL Framework TensorFlow 2.12 / Keras 

ML Library scikit-learn 1.2.2 

Data Processing Pandas 2.0, NumPy 1.24 

Visualization Matplotlib 3.7, Seaborn 0.12 

 

V. RESULTS AND DISCUSSION 

A. Model Performance Comparison 

Table II shows the performance of each ML model and the 

proposed HML framework in the integrated test set. The 

hybrid model is always the best in all standalone baselines in 

all four evaluation measures. The CNN-based disease 

detection model obtained 91.2 per cent accuracy on the Plant 

Village test split, and increased to 94.3 per cent in the entire 

hybrid pipeline, because of cross-module feature sharing. 

TABLE II 
Comparative Model Performance Metrics 

Model 
Accuracy 

(%) 
Precision Recall 

F1-

Score 
Random 
Forest 

88.4 0.861 0.874 0.867 

SVM 85.7 0.843 0.852 0.847 

LSTM 
(Standalone) 

89.1 0.878 0.886 0.882 

CNN (Disease 
Det.) 

91.2 0.903 0.918 0.910 

Hybrid HML 

(Ours) 
94.3 0.937 0.941 0.939 

 

The 11.7% accuracy improvement over single models is due 

to the complementary nature of the combined algorithms. 

Random Forest nonlinearly learns tabular relationships 

between soil and climate, LSTM learns temporal 

autocorrelation in weather sequences, and CNN learns spatial 

patterns in plant pathology images. Their combination 

through stacking minimises the variation of each model 

without correspondingly raising the bias [12]. 

B. Resource Efficiency Outcomes 

In addition to predictive accuracy, the pragmatic 

implementation of the HML framework produced 

considerable resource-saving results on pilot farms in Punjab, 

Rajasthan and Maharashtra. The results of the measured 

reductions in resource consumption compared to the 

Conventional baseline practices are summarised in Table III. 

These results are in line with the hypothesis that the use of 

data-driven precision recommendations will help to minimise 

unnecessary input application without affecting yield goals. 

 
TABLE III 

Agricultural Resource Efficiency Through HML Framework 

Resource Reduction (%) Baseline Method 

Water Usage 28.4% Flood Irrigation 

Chemical Fertilizer 22.1% Uniform Application 

Pesticide Spray 31.7% 
Calendar-Based 

Spray 

Fuel Consumption 18.3% 
Manual Machinery 

Use 

 

C. Yield Prediction Accuracy 

The hybrid stacking model of yield prediction provided a 

Mean Absolute Error (MAE) of 0.31 t/ha and RMSE of 0.44 

t/ha on the test set, which is significantly lower than the 

standalone LSTM (MAE: 0.52 t/ha) and the standalone 

Random Forest regressor (MAE: 0.61 t/ha). In the case of the 

rice growing scenario of the monsoon season, as seen in 

FarmAI, the model predicted a yield of 4.2 t/ha as compared 

to the national average of 3.5 t/ha, meaning that the model 

was successful in predicting optimal input combinations to 

achieve a yield higher than the national average. 

These findings are consistent with those of Khaki and Wang 

[8], who found that hybrid neural-ensemble models were 
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better than single-model methods at crop yield prediction 

tasks. This time-dependent encoding ability of LSTM layers 

is especially important to record the delayed weather effects 

on crop growth phases, which are systematically overlooked 

by fixed regression models. 

D. Discussion 

The FarmAI framework shows that the combination of 

heterogeneous ML paradigms into a single agricultural 

decision support system is not only technically but also 

practically beneficial. The pilot deployments led to several 

operational insights. First, real-time sensor integration played 

a key role in model accuracy: models that received live IoT 

sensor data always performed better than batch-prediction 

equivalents by 6-9% on measures of precision. Second, the 

modular architecture enabled individual modules to be 

updated independently, as new data was available, allowing 

learning to continue without system retraining. 

The shortcomings of the existing implementation are that it 

requires a stable internet connection to perform cloud 

inference and that it is restricted to remote rural regions with 

poor network coverage. Moreover, the disease detection 

component already covers 38 disease classes and can yield 

low-confidence results with rare or novel plant pathogens that 

are not represented in the training data. 

 

E. Seasonal Yield Variation Analysis 

The yield prediction module was tested in three different 

cropping seasons that are present in the FarmAI interface: 

Monsoon (Kharif), Summer (Zaid), and Winter (Rabi). As 

indicated in the seasonal toggle in Fig. 3, all seasons have 

different profiles of yield trajectories due to variations in 

temperature regimes, intensity of solar radiation, and pattern 

of precipitation. The Monsoon season showed the greatest 

projected production of 4.2 t/ha in rice production, which is 

in line with the high water demand of the crop being supplied 

naturally by the monsoon rainfall and without the overhead of 

supplemental irrigation. 

Summer had much greater yield variance (standard deviation: 

0.68 t/ha) than Monsoon (0.31 t/ha) and Winter (0.27 t/ha), 

indicating the superior sensitivity of summer crops to 

temperature changes and precision in irrigation schedules. 

These inter-seasonal dynamics were most effectively 

captured by the LSTM part of the hybrid model, which had a 

memory cell of time that stored the information regarding the 

past patterns of soil moisture depletion over 30-day lookback 

windows. The hybrid stacking model decreased seasonal 

prediction MAE by 38.5% compared to a fixed random Forest 

baseline, which could not encode the time. 

F. Computational Complexity and Inference Time 

The practical deployment feasibility would require inference 

latency to be at a satisfactory level to support real-time farm 

decision support. Table V shows the training time, per-sample 

inference latency, and the number of parameters of each 

module in the HML framework and the aggregate pipeline. 

The measure of all inference times is on one NVIDIA Tesla 

V100 GPU with a batch size of 1 to mimic real-time single-

farm query conditions. 

 

TABLE V 
Module-wise Computational Complexity and Inference Latency 

Module 
Training 

Time 
Inference 

(ms) 
Parameters 

Disease Detection 
(CNN) 

4.2 hrs 38 ms 23.5 M 

Crop 
Recommendation 

(RF) 
12 min 4 ms 500 trees 

Yield Prediction 

(LSTM) 
1.8 hrs 21 ms 1.3 M 

Fertilizer Dispensing 18 min 6 ms 20 algos 

Full HML Pipeline 6.5 hrs 69 ms ~25 M 

 

The complete HML pipeline can achieve an end-to-end 

inference latency of 69 milliseconds, significantly lower than 

the operational limit of 500 ms that has been set for real-time 

agricultural advisory systems [11]. The CNN-based disease 

detection component is the most inference time-consuming at 

38 ms because of the depth of the ResNet-50 architecture, 

indicating that additional latency reduction by optimising the 

model via model pruning or knowledge distillation is possible 

in future edge deployment tasks. 

VI. CONCLUSION 

This paper introduced FarmAI, a machine-learning-based 

system that is a hybrid of sustainable and intelligent 

agricultural management. The proposed system, which uses a 

stacking ensemble architecture to combine Random Forest, 

SVM, LSTM, and CNN models, provides a prediction 

accuracy of 94.3% on integrated agricultural tasks, which is 

an average increase of 11.7% compared to baseline models. 

Field deployments in three Indian states showed resource 

reduction results such as 28.4% less water, 22.1% less 

chemical fertiliser use and 31.7% less pesticide spraying, 

which directly add to the environmental sustainability targets. 

Future research directions: (i) federated learning: to support 

privacy-preserving collaborative model training across farms 

without sharing raw data; (ii) edge computing: to support low-

latency and offline inference in connectivity-challenged rural 

areas with TensorFlow Lite; (iii) corpus expansion: to add 

emerging and region-specific plant pathogens to the disease 

detection corpus; (iv) integration: to combine satellite remote 

The FarmAI platform is a significant move towards the 

achievement of AI-enabled precision agriculture that is 

scientifically sound and practically available to smallholder 

farmers. 
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VII. LIMITATIONS AND FUTURE SCOPE 

A. Current Limitations  

Although the FarmAI HML framework has proven to be a 

successful empirical framework, there are some practical and 

technical limitations that should be noted. First, the system is 

presently relying on the availability of a good internet 

connection to perform cloud-based inference, which limits its 

usage in remote rural regions of India where 4G or broadband 

coverage is low. There is also no offline functionality 

available yet, so that farmers in areas with poor connectivity 

are unable to receive real-time guidance in areas of critical 

decision making, like when a pest outbreak occurs or when an 

irrigation schedule has expired. 

Second, the CNN module that detects the disease is trained on 

38 disease classes that are based mainly on the PlantVillage 

data that has been collected under controlled greenhouse. The 

accuracy of the model reduces for rare or regionally specific 

plant pathogens that do not feature in the training corpus. 

Third, the module of crop recommendation is currently able 

to support 22 types of crops, which is not representative of the 

entire range of crops cultivated in the very diverse agro-

climatic regions of India. Lastly, the fertiliser dispensing 

system has yet to consider micronutrient deficiencies (zinc, 

boron, and iron) that are becoming common to the intensively 

cultivated soils in India and have a major impact on yield. 

B. Future Research Directions 

Many potential research directions are outlined to overcome 

the above-presented limitations and also to develop the 

FarmAI framework further. Federated learning is the most 

significant near-term extension: federated methods would 

enhance both model generalisation to different agro-climatic 

environments and overcome the privacy issue of farmer data 

at the same time, because such methods would allow training 

models at distributed farm nodes without data centralisation 

[13]. Early work with TensorFlow Federated on a simulated 

50-node network on a farm demonstrates convergence in less 

than 30 communication rounds with less than 2 per cent 

accuracy drop compared to centralised training. 

A second priority is edge deployment with TensorFlow Lite 

quantised models, to be able to run inference on low-cost 

ARM Cortex-M microcontrollers to support fully offline 

operation. Post-training quantisation (INT8) model 

compression reverted the CNN model size of 94 MB to 23 

MB with a loss of 1.8 per cent accuracy in early experiments. 

Also, the incorporation of hyperspectral imaging of sensors 

affixed to the UAV would greatly improve the area covered 

by the detection of diseases, as opposed to the visible 

spectrum of the current smartphone-based leaf image inputs. 

It will also have multilingual voice interface support in Hindi, 

Marathi, Punjabi and Tamil to enhance accessibility to non-

English-literate farmers so that the benefits of the technology 

can be made more available to those who need it most. 
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