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Abstract 

Water scarcity, anthropogenic pressures, and climate variability have collectively strained global freshwater systems, 

necessitating innovative approaches to watershed governance and irrigation management. This paper presents an AI-

driven smart watershed and hydrological management system that integrates machine learning, deep learning, Internet 

of Things (IoT) sensor networks, remote sensing, and geographic information systems (GIS) to optimize water 

resource engineering and deliver climate-resilient irrigation infrastructure. The proposed framework employs Long 

Short-Term Memory (LSTM) networks, Random Forest, and XGBoost algorithms for hydrological forecasting, real-

time anomaly detection, and precision irrigation scheduling. Field deployments demonstrate water use efficiency 

improvements of up to 23.5% across major crops while enhancing drought preparedness by 32.3% and flood risk 

mitigation by 31.2%. Integrated IoT-SCADA platforms enable remote monitoring and adaptive control of distributed 

irrigation networks. The system further supports sustainable groundwater recharge management and floodplain 

biodiversity conservation. Results confirm that AI-augmented hydrological intelligence substantially outperforms 

conventional methods, offering a scalable, cost-effective pathway for climate-resilient water governance in 

agriculture-dependent economies. 
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1. Introduction 

Global freshwater resources are under unprecedented stress arising from rapid population growth, intensified 

agricultural demand, industrial expansion, and accelerating climate change. Watersheds, as the fundamental 

hydrological unit linking precipitation to surface and groundwater flow, are increasingly subject to degradation, over-

extraction, and mismanagement. Conventional water management frameworks, which largely depend on empirical 

rules, static hydraulic models, and periodic manual monitoring, are insufficient to address the dynamic, non-linear 

behavior of modern hydrological systems under changing climatic regimes. The convergence of artificial intelligence 

(AI), remote sensing technologies, IoT infrastructure, and big data analytics presents a transformative opportunity to 

reimagine watershed and irrigation management. AI-powered systems can ingest multi-source environmental data 

streams, detect hydrological anomalies in real time, forecast water availability under diverse climate scenarios, and 

deliver precision irrigation recommendations calibrated to soil, crop, and weather conditions. 

1.1 Background and Context 



Page 19 
 

Vol 16 Issue 02, Feb 2026 ISSN 2457 – 0362 

 

 

Water resource engineering has evolved considerably over the past century, transitioning from rudimentary gravity-

flow canals to computerized hydraulic networks and, most recently, toward sensor-augmented smart irrigation 

systems. The intensification of anthropogenic drought—defined as a compound hazard arising from the interplay of 

natural precipitation deficits and human water demand—has prompted a fundamental reassessment of water allocation 

and watershed conservation strategies (AghaKouchak et al., 2021) [1]. In arid and semi-arid regions, which account 

for more than 40% of global agricultural land, the consequences of mismanaged irrigation are particularly acute, 

manifesting as soil salinization, aquifer depletion, and declining crop yields. Smart irrigation management practices 

that leverage AI-based decision support tools are demonstrating considerable promise in improving water productivity 

under climate-stressed conditions in dryland agriculture (Ahmed et al., 2023) [2]. The Mediterranean basin and 

comparable climate zones are experiencing intensified precipitation variability, longer dry spells, and altered snow-

melt dynamics, which collectively complicate traditional water allocation scheduling (Change, 2023) [3]. 

1.2 Problem Statement 

Despite notable advances in hydrological science and digital agriculture, a critical gap persists between the availability 

of remote sensing data, computational modeling capabilities, and operational irrigation management at the field scale. 

Existing watershed monitoring systems often operate in data silos, lack real-time integration with irrigation controllers, 

and rely on retrospective analysis rather than predictive, forward-looking water governance. Furthermore, climate 

projections indicate a heightened frequency of extreme hydrological events—including flash floods, prolonged 

droughts, and unseasonal frost—which demand adaptive, AI-enabled infrastructure capable of rapid response. The 

socioeconomic and cultural dimensions of water governance, including equitable access, farmer participation, and 

community resilience, remain insufficiently addressed in technologically-driven irrigation frameworks (Santos et al., 

2023) [11]. There is therefore an urgent need for an integrated, AI-driven watershed management architecture that is 

simultaneously data-rich, operationally scalable, and socially inclusive. 

1.3 Objectives of the Study 

This study aims to: (i) design and validate an AI-driven smart watershed management system capable of real-time 

hydrological monitoring, flood and drought prediction, and adaptive irrigation scheduling; (ii) evaluate the 

performance of multiple machine learning algorithms—including LSTM, Random Forest, XGBoost, and support 

vector machines—against benchmark hydrological datasets; (iii) quantify water use efficiency improvements and 

climate resilience gains achievable through AI-augmented irrigation infrastructure; and (iv) establish a scalable 

methodological framework applicable to diverse agro-climatic zones. The research contributes to the growing body 

of evidence supporting intelligent water systems and directly addresses the sustainability imperatives outlined in SDG 

6 (Clean Water and Sanitation) and SDG 13 (Climate Action). 

2. Literature Review 

The literature on AI-driven water resource management has expanded rapidly over the past decade, reflecting growing 

recognition that conventional hydrological methods are inadequate for managing complex, climate-stressed 

watersheds. A foundational contribution is the conceptual framework for anthropogenic drought proposed by 

AghaKouchak et al. (2021) [1], which argues that water scarcity is not merely a product of meteorological deficit but 
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emerges from the dynamic interplay of human water consumption patterns, land-use change, and institutional 

governance failures. This paradigm shift fundamentally reorients watershed management toward demand-side 

interventions and adaptive policy instruments. Smart irrigation technologies have emerged as a principal application 

domain for AI in water management. Ahmed et al. (2023) [2] provide a comprehensive overview of AI-based irrigation 

management strategies in dryland agriculture, demonstrating that sensor-driven precision scheduling can reduce water 

consumption by 20–35% while maintaining or improving crop yields. Their analysis underscores the importance of 

integrating climate projection data into irrigation decision frameworks to ensure long-term sustainability. 

Complementarily, the IPCC Working Group II report on the Mediterranean region (Change, 2023) [3] documents 

alarming trends in precipitation decline, increased evapotranspiration, and groundwater depletion, establishing an 

urgent imperative for climate-adaptive water infrastructure across this and comparable regions. Remote sensing and 

geospatial analytics form the observational backbone of modern watershed management. Dritsas and Trigka (2025) 

[4] survey the role of big data in remote sensing, highlighting how advances in cloud computing, machine learning 

pipelines, and satellite data accessibility are enabling unprecedented spatial and temporal resolution in hydrological 

mapping. These capabilities directly support watershed delineation, land-cover change detection, and 

evapotranspiration estimation at regional scales. In parallel, the application of AI in landscape architecture and 

environmental design has been documented by Fernberg and Chamberlain (2023) [5], who argue that generative AI 

tools can substantially accelerate sustainable landscape planning, including green infrastructure design for stormwater 

management. The resilience of northern Eurasian watersheds under climate and land-use pressures has been examined 

through the Northern Eurasia Future Initiative (NEFI) framework (Groisman et al., 2017) [6], which identifies 

hydrological cycle intensification, permafrost thaw, and altered river discharge regimes as defining challenges for 

21st-century water governance. These findings resonate with the global assessment of AI and ChatGPT applications 

in water resources provided by Haider et al. (2024) [7], who discuss how large language models and AI-based decision 

support tools are beginning to inform real-time water allocation, infrastructure maintenance scheduling, and 

stakeholder communication in water utilities. The authors note both the transformative potential and the data quality 

and interpretability challenges associated with AI deployment in regulated water systems. Lezoche et al. (2020) [8] 

examine the Agri-food 4.0 paradigm, situating smart irrigation within a broader digital transformation of agricultural 

supply chains. Their analysis highlights the role of IoT platforms, digital twins, and blockchain-enabled traceability 

in creating more transparent, efficient, and resilient agri-food systems. Water resource resilience is further elaborated 

by Pietrucha-Urbanik and Rak (2023) [9], who analyze diverse environmental stressors affecting water distribution 

infrastructure and advocate for risk-based asset management supported by predictive analytics. The sustainability 

imperative for water systems is similarly addressed by Santos et al. (2023) [11], who emphasize that effective water 

management must encompass socioeconomic equity, cultural values, and participatory governance alongside technical 

optimization. Machine learning applications to groundwater potential mapping represent a critical frontier in water 

resource engineering. Sarkar et al. (2024) [12] demonstrate that ensemble machine learning models trained on 

geospatial and climate variables can accurately predict future groundwater availability under multiple climate change 

scenarios in Bangladesh, with implications for strategic aquifer management across South and Southeast Asia. The 

importance of floodplain ecosystem services and multifunctional watershed management is documented by Schindler 
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et al. (2016) [13], whose synthesis of European floodplain studies reveals that integrating biodiversity conservation 

with hydraulic engineering substantially enhances long-term water retention and flood attenuation capacity. Big data 

applications in climate change research are synthesized by Sebestyén et al. (2021) [14], who advocate for systems-of-

systems thinking in climate-water modeling, arguing that only integrated, multi-scale computational frameworks can 

adequately capture the complexity of hydro-climatic feedbacks. Finally, Pimenow et al. (2025) [10] and Shamshad 

and Rehman (2024) [15] address sustainability dimensions related to AI ecosystem impacts and innovative wastewater 

treatment technologies, respectively, both of which bear directly on the circular water economy envisioned within 

smart watershed frameworks. 

3. Methodology 

The methodology adopted in this study follows a multi-phase, integrated systems approach that combines remote 

sensing data acquisition, hydrological modeling, AI algorithm development, and IoT-based smart irrigation 

deployment. The framework is designed to be modular, scalable, and transferable across diverse agro-climatic 

contexts. Each phase builds upon the outputs of the preceding phase, creating a continuous data-to-decision pipeline 

that underpins climate-resilient watershed governance. 

3.1 Data Acquisition and Remote Sensing Integration 

The first phase of the methodology centers on the systematic acquisition and preprocessing of multi-source geospatial 

and hydro-meteorological data. Satellite imagery from Sentinel-2 (10 m spatial resolution, 5-day revisit cycle) and 

MODIS (250 m–1 km, daily) platforms were used for land cover classification, normalized difference vegetation index 

(NDVI) computation, and evapotranspiration estimation using the SEBAL algorithm. Digital elevation models 

(DEMs) derived from SRTM and LiDAR datasets were employed for watershed delineation and hydrological slope-

flow analysis using ArcGIS Hydrology Toolbox and QGIS processing pipelines. Ground-truthing was performed 

through field surveys and validation against gauge station records maintained by national hydrological agencies. The 

architecture of the integrated remote sensing data pipeline is illustrated in Figure 1, which depicts the multi-layer data 

flows from satellite acquisition through preprocessing, feature extraction, and model-ready dataset generation. 
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Figure 1: Framework of the Proposed System 

3.2 Hydrological Modelling Framework 

The second phase employed the SWAT+ (Soil and Water Assessment Tool) and HEC-HMS models for physically-

based watershed simulation. SWAT+ was configured with 30-year historical climate data (1990–2020) to establish 

baseline runoff, sediment transport, and groundwater recharge estimates across the study watershed. Calibration and 

uncertainty analysis were performed using the SWATCUP tool with the SUFI-2 algorithm, yielding Nash-Sutcliffe 

Efficiency (NSE) values exceeding 0.82 and percent bias (PBIAS) within ±10% across all sub-catchments. HEC-HMS 

was subsequently used for event-based flood routing and peak discharge estimation under design storm scenarios 

corresponding to 25-, 50-, and 100-year return periods. Table 1 summarizes the methodological framework phases, 

associated tools, and expected outputs. 
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Table 1: Integrated Methodology Framework — Phases, Tools, and Outputs 

Phase Activity Tools / Methods Output 

Phase 1 
Data Collection & Remote 

Sensing 

Sentinel-2, MODIS, 

LiDAR 
Watershed maps, DEM 

Phase 2 Hydrological Modelling SWAT+, HEC-HMS 
Runoff & recharge 

estimates 

Phase 3 AI Model Training & Validation 
LSTM, Random Forest, 

XGBoost 

Predictive accuracy 

metrics 

Phase 4 Smart Irrigation Deployment 
IoT sensors, SCADA, 

cloud API 

Automated irrigation 

schedules 

 

3.3 AI Model Development and Training 

The AI modeling phase involved the development, training, and comparative evaluation of five machine learning 

architectures: LSTM neural networks, Random Forest (RF), Extreme Gradient Boosting (XGBoost), Support Vector 

Machines (SVM), and Multilayer Perceptron Artificial Neural Networks (ANN-MLP). All models were trained on a 

curated feature dataset comprising daily precipitation, temperature, soil moisture, land use class, NDVI, and 

antecedent moisture conditions covering 15 years (2005–2020). An 80/20 temporal split was used for training and 

testing, with 5-fold cross-validation applied to minimize overfitting. Hyperparameter optimization was performed via 

Bayesian search using the Optuna framework. LSTM models were structured with two stacked recurrent layers (64 

and 32 units) and dropout regularization (rate = 0.2) to capture long-term hydrological dependencies. Table 2 presents 

the AI components deployed within the system, their respective watershed management applications, and the data 

input types required for each. 

Table 2: AI Components, Watershed Applications, and Data Input Types 

AI Component Application in Watershed Mgmt. Data Input Type 

Machine Learning (ML) Runoff prediction, flood forecasting Rainfall, DEM, land-use rasters 

Deep Learning (DL) Image classification, crop detection Satellite imagery, multispectral data 

IoT Sensor Networks 
Real-time soil moisture & flow 

monitoring 
Sensor telemetry, SCADA streams 

GIS Integration Spatial watershed delineation Topographic & hydrological maps 

Fuzzy Logic / Decision Trees Irrigation scheduling optimization ET rates, soil profiles, crop calendars 

 

3.4 Smart Irrigation Deployment and IoT Architecture 

The final methodological phase addressed the operational integration of AI model outputs with field-level smart 

irrigation infrastructure. A distributed IoT sensor network comprising soil moisture probes (Sentek EnviroSCAN), 

weather stations, flow meters, and tensiometers was deployed across experimental plots. Sensor data were transmitted 

via LoRaWAN to a cloud-based SCADA dashboard (AWS IoT Core) where real-time irrigation scheduling 

algorithms—driven by AI crop water demand predictions—triggered solenoid valve actuators in drip and sprinkler 

irrigation systems. The system architecture supports OTA firmware updates, edge computing for latency-sensitive 
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decisions, and integration with national weather service APIs for 7-day forecast-based irrigation planning. The 

complete IoT-AI irrigation architecture, including data flows, edge nodes, cloud processing layers, and actuation 

pathways, is represented schematically in Figure 2. 

 

Figure 2: Overall System Architecture 

4. Results 

The results of the AI-driven smart watershed and hydrological management system are presented through three 

integrated result tables and their corresponding graphical representations. Performance was evaluated across AI model 

benchmarking, agricultural water use efficiency, and climate resilience indicator improvement dimensions, 

collectively demonstrating the system's efficacy across the full scope of its intended objectives. 

4.1 AI Model Performance Comparison  

Table 3 presents the classification and prediction performance of the five AI models evaluated in this study. The 

LSTM model achieved the highest overall accuracy (92.4%), precision (91.8%), recall (93.1%), and F1-score (92.4%), 

confirming the superiority of deep sequential models in capturing temporal autocorrelation in hydrological time series. 

XGBoost ranked second with an accuracy of 90.3%, while Random Forest achieved 88.7%. SVM and ANN-MLP 

demonstrated lower performance at 84.5% and 87.2%, respectively, consistent with their reduced capacity to model 

long-range dependencies in multivariate climate-hydrology datasets. Figure 3 provides a comparative bar chart 

visualization of these performance metrics across all five models, enabling direct visual assessment of relative 

strengths and trade-offs. The LSTM's superiority is particularly pronounced in recall, reflecting its ability to minimize 

missed flood and drought event predictions—a critical consideration in early warning applications. 
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Table 3: AI Model Performance Comparison — Accuracy, Precision, Recall, and F1-Score (%) 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

LSTM 92.4 91.8 93.1 92.4 

Random Forest 88.7 87.9 89.2 88.5 

XGBoost 90.3 89.6 91.0 90.3 

SVM 84.5 83.2 85.1 84.1 

ANN (MLP) 87.2 86.5 88.0 87.2 

 

 

Figure 3: Comparative AI model performance metrics — Accuracy, Precision, Recall, and F1-Score (%) 

4.2 Water Use Efficiency Before and After AI Irrigation  

Table 4 documents the transformation in irrigation efficiency metrics achieved through AI-driven precision scheduling 

across five major crop types cultivated in the study region. Rice cultivation, which is historically the highest water 

consumer, demonstrated a 23.3% reduction in water application following AI irrigation deployment, while achieving 

a 17.5% yield improvement—a dual benefit of economic and environmental significance. Vegetable cultivation 

achieved the highest absolute efficiency post-deployment (86.5%) and the greatest yield gain (18.4%), reflecting the 

high responsiveness of horticultural crops to precision moisture management. Sugarcane, despite the greatest absolute 

water savings (23.5%), recorded the lowest yield improvement (11.6%), suggesting that the crop's deep root system 

limits the agronomic benefits of surface-level soil moisture optimization. Figure 4 illustrates the before-and-after 
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efficiency profiles across all crop types as a grouped bar chart, visually highlighting the consistent and substantial 

improvements delivered by the AI irrigation system (Ahmed et al., 2023; Sarkar et al., 2024) [2][12]. 

 

Table 4: Water Use Efficiency Before and After AI-Driven Irrigation Deployment by Crop Type (%) 

Crop/Season Before AI Irr. (%) After AI Irr. (%) 
Water Saved 

(%) 

Yield Gain 

(%) 

Wheat (Rabi) 62.3 83.7 21.4 14.2 

Rice (Kharif) 55.1 78.4 23.3 17.5 

Cotton 59.8 80.6 20.8 12.9 

Sugarcane 51.4 74.9 23.5 11.6 

Vegetables 67.2 86.5 19.3 18.4 

 

 

Figure 4: Water use efficiency and yield gain comparison before and after AI irrigation implementation (%) 

4.3 Climate Resilience Indicator Improvements  

Table 5 presents the improvement in five climate resilience indicators measured before and after implementation of 

the AI-driven watershed management system. Drought preparedness exhibited the most substantial improvement (32.3 

percentage points), rising from a baseline of 41.5% to 73.8%, reflecting the AI system's capacity for early warning 

generation and proactive water storage management. Flood risk reduction improved by 31.2 percentage points, 

underscoring the flood routing optimization enabled by LSTM-based peak discharge forecasting. Adaptive capacity 

score—an aggregate measure of the system's responsiveness to novel climate stressors—improved by 31.6 percentage 

points. Groundwater recharge efficiency and ecosystem health index also recorded significant gains of 26.6% and 

24.6%, respectively, demonstrating the co-benefits of AI watershed management for both hydrological security and 

environmental sustainability (Schindler et al., 2016; Pimenow et al., 2025) [13][10]. Figure 5 presents a radar chart of 

resilience indicators at baseline, post-AI deployment, and target thresholds, enabling holistic assessment of system-

wide climate adaptation performance. 

Table 5: Climate Resilience Indicator Scores — Baseline, Post-AI, Improvement, and Target Values (%) 
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Resilience Indicator Baseline (%) Post-AI (%) 
Improvement 

(%) 
Target (%) 

Drought Preparedness 41.5 73.8 32.3 80.0 

Flood Risk Reduction 38.2 69.4 31.2 75.0 

Groundwater Recharge 44.7 71.3 26.6 78.0 

Ecosystem Health Index 52.3 76.9 24.6 82.0 

Adaptive Capacity Score 35.6 67.2 31.6 72.0 

 

 

Figure 5: Climate resilience radar chart — Baseline vs. Post-AI vs. Target indicators (%) 

5. Conclusion 

This study has demonstrated that AI-driven smart watershed and hydrological management systems represent a 

credible, high-impact pathway toward sustainable water resource engineering and climate-resilient irrigation 

infrastructure. By integrating LSTM-based hydrological forecasting, IoT sensor networks, multi-source remote 

sensing, and GIS-based spatial analytics within a unified decision support platform, the proposed system delivers 

measurable gains across the full spectrum of water management objectives: prediction accuracy, irrigation efficiency, 

drought preparedness, flood risk reduction, and ecosystem health. The LSTM model achieved a classification accuracy 

of 92.4%, outperforming Random Forest, XGBoost, SVM, and ANN-MLP in all benchmark metrics. Water use 

efficiency improvements ranged from 19.3% to 23.5% across major crop types, while climate resilience indicators 

improved by 24.6% to 32.3% relative to pre-deployment baselines. These results validate the transformative potential 

of AI in addressing the compound water security challenges posed by anthropogenic pressures and climate change. 

The findings also highlight several avenues for future research and operational refinement. First, the integration of 

real-time satellite-derived soil moisture products (e.g., SMAP, Sentinel-1 SAR) with ground-based IoT data streams 

holds significant potential for improving irrigation scheduling accuracy in data-sparse regions. Second, the 

development of explainable AI (XAI) techniques for hydrological models will be essential to build stakeholder trust 
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and facilitate adoption among irrigation managers and water utility operators. Third, the economic and social 

dimensions of AI-driven water governance—including affordability, digital literacy, and equitable access for 

smallholder farmers—merit deeper investigation to ensure that the benefits of smart water systems are broadly 

distributed. The scalability of the proposed framework to transboundary watershed management contexts, where 

multi-institutional coordination is required, remains an important challenge that future governance research must 

address. Overall, this study contributes both a methodological blueprint and an empirical evidence base for the next 

generation of climate-adaptive water resource infrastructure. 
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