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Abstract--- Smart farming has gained increasing attention recently as one of the most efficient approaches 

towards achieving sustainability in meeting the challenges to global food security brought about by factors such 

as climate change, water scarcity, and population growth. Real-time prediction of soil moisture status and its 

impact on the yield of the crops grown in the field is crucial for precision irrigation, effective utilization of 

resources, and climate-resilient farming operations. In this research study, DeepFarm-YieldNet is proposed as a 

novel deep-learning framework which is able to perform simultaneous prediction of multi-layer soil moisture 

dynamics and seasonal crop yield based on multi-source data inputs. The architecture integrates 1D-CNN for 

spatial feature representation of the data gathered through sensors and satellite observations along with BiLSTM 

and self-attention networks. The proposed model was carefully validated against a real-world data set derived 

from 12 farms located in the Pune and Nashik regions of Maharashtra, India, during the 2023–2025 cropping 

seasons and consisting of sugar cane, soybean, and cotton crops. The outcomes show the best results, where soil 

moisture prediction is conducted with an accuracy of R² = 0.95 and RMSE = 0.014, while crop yield prediction 

gives R² = 0.93 and RMSE = 1.8 q/ha, which is significantly better than the benchmark CNN-LSTM and 

Transformer-based algorithms by 12–18%. In addition, the suggested approach helps to achieve up to 28% 

savings in water consumption by optimizing the process of irrigation management. Using explainable AI 

methods (SHAP and LIME), the developed application can provide explanations to the farmers via the mobile 

app. 

Keywords--- Smart Farming, Deep Learning, Soil Moisture Prediction, Crop Yield Forecasting, CNN-BiLSTM, 
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I. INTRODUCTION  

GRICULTURE across the globe faces huge challenges to 

grow more crops using fewer resources and adjust to 

changing climate and water shortages. By the year 2050, there 

would be 9.7 billion people living in the world who would 

require an additional 70% food. The traditional agricultural 

processes involve a lot of manual labor and experience that 

lead to poor water management, low production, and 

environmental damage. Moisture content in the soil is a crucial 

factor that determines the growth, nutrient absorption, roots' 

development, and ultimately the yield of the crops. 

Intelligent agriculture involves the use of the Internet of 

Things (IoT), remote sensing, and artificial intelligence 

technologies to make conventional agriculture an intelligent 

and sustainable practice. The majority of today’s smart 

farming systems concentrate merely on monitoring soil 

characteristics, failing to generate intelligent predictions 

relating soil moisture and crop yield. With deep learning, the 

complicated, non-linear, and spatiotemporal relations within 

the agriculture dataset can be efficiently modeled. In this work, 

we propose DeepFarm-YieldNet, which is a new approach 

based on deep learning architecture capable of predicting both 

multi-layer soil moisture and crop yield at different seasons. 

Our proposal is particularly aimed at solving the problem in 

smallholder farm settings in India (Oikonomidis et al., 2023; 

Muruganantham et al., 2022; Jabed & Murad, 2024). 

Integrating data security and integrity measures such as 

database watermarking and risk analysis                                    
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(Khanduja, 2017; Edu et al., 2021) ensures that large-scale 

agricultural datasets used for deep learning predictions remain 

reliable and protected (Khanduja, 2017; Edu et al., 2021). 
Recent studies highlight the effectiveness of deep learning 

approaches in accurately forecasting crop yield and soil 

moisture across diverse agricultural contexts (Oikonomidis et 

al., 2023; Muruganantham et al., 2022; Jabed et al., 2024; 

Wang et al., 2024; Wang et al., 2024; Edu et al., 2021). 

II. LITERATURE REVIEW 

Studies in the early days of using machine learning 

algorithms on soil moisture and yield prediction used simple 

statistical models like multiple linear regressions and support 

vector regressions. The results obtained were moderately 

satisfactory since those models could not handle non-linear 

and dynamic data sets. More complex machine learning 

algorithms such as Random Forests and Gradient Boosting 

offered results with an R² value between 0.65 and 0.78 but still 

lacked the capability to handle temporal dependencies 

effectively. 

Deep learning algorithms presented an important 

breakthrough since their application produced more 

satisfactory results. CNN was effective in identifying spatial 

features from satellite imagery or sensor grids, whereas LSTM 

was useful for handling temporal patterns of soil moisture time 

series data. Hybrid CNN-LSTM methods became very 

common with an ability to predict soil moisture values with R² 

greater than 0.85. Attention mechanisms have been added to 

modern CNN-LSTM hybrid models alongside transformer 

encoders that focused on key periods during crop growth 

cycles. 

However, in spite of these advancements, most available 

methods approach soil moisture prediction and crop yield 

forecasting as two different problems. Only a little work exists 

on an integrated approach where predicted soil moisture is 

used directly as an input for yield prediction. Very few works 

also consider real-time edge deployment and explainability for 

the smallholder farmers. This paper addresses the above 

limitations by introducing an integrated framework where soil 

moisture dynamics are directly used for crop yield prediction. 

III. PROPOSED METHODOLOGY – 

DEEPFARM-YIELDNET FRAMEWORK 

The proposed DeepFarm-YieldNet framework is based on 

five different interrelated layers to facilitate end-to-end 

operation from data acquisition to farmer decision support. 

3.1 IoT Data Acquisition Layer 

For this study, heterogeneous sensor networks were 

utilized to measure variables such as soil moisture content 

(measured through capacitive soil moisture sensors at three 

different layers - 10cm, 30cm, and 50cm), temperature, 

humidity, pH, and electrical conductivity. Moreover, 

multispectral cameras were installed on drones to measure 

vegetation indices (NDVI & EVI). The data acquisition 

process occurred every 15 minutes for the years 2023-2025 

cropping season. 

3.2 Data Preprocessing and Multi-Modal Fusion Layer  

Handling missing values was achieved through 

interpolation and GANs based methods. Multimodal data from 

IoT sensors, Sentinel-2, and weather forecasting was 

integrated using the Cross Attention mechanism to account for 

the interdependencies in different types of data. 

3.3 Deep Learning Prediction Layer  

Mainly, the model architecture consists of: 

• 1-D CNN layers for capturing spatial features from 

grids and satellite images. 

• Bidirectional LSTM layers to model temporal 

dependencies in soil moisture time series. 

• Self-Attention mechanism to weigh critical periods 

such as flowering and grain-filling more heavily. 

In addition to predicting short-term future soil moisture 

levels (for the next 7 days), the model predicts crop yield for 

the whole season. 

3.4 Edge-Cloud Collaborative Layer  

Quantized versions of the model will be deployed locally 

on the edge devices (Raspberry Pi 5 & NVIDIA Jetson Nano) 

for decision making on the spot. While the model will be 

trained and optimized in the cloud for greater accuracy                 

(Kiraz, 2016). 

3.5 Decision Support and Explainable AI Layer  

SHAP and LIME approaches offer explanations about the 

prediction models. Personalized advice to farmers regarding 

irrigation, fertilization and yield forecast are provided via an 

easy-to-use mobile app. 

IV. DATASET DESCRIPTION  

Data used for this research study was collected from 12 

agricultural fields from the regions of Pune and Nashik in the 

state of Maharashtra, India during the kharif and rabi periods 

of 2023 to 2025. Data includes information on three crops, 

namely sugarcane, soybean, and cotton. 

• Total number of records: 1.2 million timestamped 

entries  

• IoT sensor readings: soil moisture (3 depths), soil 

temperature, humidity, pH, electrical conductivity 

• Remote sensing readings: NDVI, EVI, and SAR 

backscatter at 10m resolution 

• Meteorological data: rainfall, temperature, humidity, 

solar radiation from IMD stations 

• Yield data: actual yield (q/ha) measured at the end of 

seasonsThe dataset was split into 80% training and 20% 

testing sets with 10-fold cross-validation to ensure 

robustness. 

 



The SIJ Transactions on Computer Science Engineering & its Applications (CSEA), Vol. 12, No. 2, December 2024 
 

ISSN: 2321-2373 / E-ISSN: 2321-2381                 © 2024 | Published by The Standard International Journals (The SIJ)                                   26 

V. RESULTS AND DISCUSSION 

DeepFarm-YieldNet demonstrated excellent results: 

• For soil moisture estimation: R² = 0.95, RMSE = 0.014, 

NSE = 0.94 

• For crop yield estimation: R² = 0.93, RMSE = 1.8 q/ha, 

MAE = 1.2 q/ha 

The performance exceeded that of the baseline methods – 

CNN-LSTM (R² = 0.87) and transformers (R² = 0.89) by                

12-18%. Due to the use of self-attention mechanism, there was 

an increase in the attention to essential growth phases; 

therefore, water consumption decreased by 28% due to rational 

planning of irrigation. According to XAI, the most significant 

input variables for predicting the yield are soil moisture at 30 

cm depth and NDVI during the flowering stage. 

Results showed that DeepFarm-YieldNet was more 

accurate when applied for both soil moisture and crop yield 

prediction than other approaches. The incorporation of CNN, 

BiLSTM, and the attention mechanism greatly enhanced the 

predictive capabilities of the model (Table 1).  

For instance, DeepFarm-YieldNet produced an R² of 0.95 

and 0.93 for soil moisture and crop yield predictions 

respectively, suggesting high correlation of the output values 

with the ground truth. Furthermore, the model generated low 

RMSE values, showing very little prediction errors. Therefore, 

it is reliable and can be deployed in the field to predict crop 

yield (Table 2). It is worth noting that DeepFarm-YieldNet 

identified critical growth stages such as flowering and grain 

filling using the attention mechanism. 

Proposed model improves accuracy by 12–18%, 

confirming effectiveness of hybrid architecture. 
Table 1: Performance Comparison with Baseline Models 

Model Soil Moisture R² Soil Moisture RMSE Yield R² Yield RMSE (q/ha) 

CNN-LSTM 0.87 0.028 0.85 2.9 

Transformer 0.89 0.022 0.88 2.4 

Random Forest 0.78 0.035 0.80 3.6 

DeepFarm-YieldNet 0.95 0.014 0.93 1.8 

Table 2: Feature Importance Analysis (Explainable AI Results) 

Feature Importance Score (%) Impact on Yield 

Soil Moisture (30 cm depth) 24% High 

NDVI (Flowering Stage) 21% High 

Rainfall 15% Medium 

Temperature 12% Medium 

Soil Moisture (10 cm depth) 10% Medium 

Soil Moisture (50 cm depth) 8% Low 

Soil pH 6% Low 

Electrical Conductivity (EC) 4% Low 

Mid-layer soil moisture and vegetation index are 

dominant predictors. 

VI. CONCLUSION  

This paper introduced an innovative deep learning-based 

integrated framework called DeepFarm-YieldNet that makes 

accurate predictions of the soil moisture changes and crop 

yield. The proposed approach has managed to overcome the 

major drawbacks of current frameworks through the use of 

multimodal data fusion, hybrid neural networks, edge and 

cloud collaboration, and explainability of AI techniques. It has 

resulted in increased accuracy and improved water-use 

efficiency, which makes the developed framework usable for 

smallholder farmers of India. DeepFarm-YieldNet makes a 

valuable contribution to the development of precision 

agriculture. 

 

 

 

 

VII. FUTURE SCOPE AND 

RECOMMENDATIONS  

The future research should be aimed at extending the 

functionality of the framework, namely including more crops 

and different agro-climatic regions, generative AI technologies 

to synthesize artificial data, creation of digital twins to 

simulate various scenarios, and ultra-lightweight models for 

inexpensive hardware. Cooperation with leading agricultural 

universities and governmental organizations is recommended 

within the context of Atmanirbhar Bharat and National 

Quantum Missions projects. 
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