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Abstract 9 

The purpose of this paper is to highlight the need for proper water management in dam basins in 10 

order to enhance effective water resources management and flood control in a changing climatic 11 

situation. This study uniquely combines meteorological data (temperature, precipitation) with hy- 12 

drological indicators (reservoir levels, inflow, outflow) using a multi-model machine learning 13 

framework to improve integrated water resource management. Inputs such as meteorological data, 14 

including temperature and precipitation, combined with dam hydrology data like dam levels, in- 15 

flows, and outflows, can assist in forecasting models. With machine learning, it is possible to detect 16 

trends in rainfall and inflows inflating water availability and adjust dam management in real-time, 17 

where necessary. This will improve flood management by providing a predictive tool for water- 18 

raising during rainfall, storage, and release in time to avert any spilling over. Also, hydropower and 19 

agricultural irrigation demand a systemic cross-platform approach to manage water resources. 20 

Anomaly detection models can inform operators of abnormal inflow trends and assist with quick 21 

water flow modulation. The proposed models demonstrated strong performance, with the KNN 22 

regressor achieving an R² score of 0.9443 and classification models like Logistic Regression attain- 23 

ing 99.5% accuracy. This study will help in enhancing decision-making in dam basin management 24 

by adding various datasets of water sources in the AI models to provide more acceptable ways of 25 

using water while minimizing risks associated with extreme weather and water production insta- 26 

bility. The efficiency of the machine learning-based model has been measured in terms of R2 score, 27 

root means squared error (RMSE). 28 

Keywords: Water management; Machine Learning; Logistic Regression; Dam basin management 29 

1. Introduction 30 

Water resources are indispensable for human survival, eco- nomic development, and 31 

ecological balance [1]. They support critical sectors such as agriculture, energy, industry, 32 

and domestic water supply [1]. However, the sustainable management of these resources 33 

has become an increasingly complex challenge, particularly in the context of global cli- 34 

mate change [1]. Shifting climate patterns have exacerbated issues such as irregular rain- 35 

fall, prolonged droughts, and severe flooding, significantly affecting the availability and 36 

distribution of freshwater resources [13]. These challenges pose a direct threat to commu- 37 

nities, economies, and ecosystems, necessitating innovative and adaptive management 38 

strategies [1]. Existing dam management systems face limitations in processing real-time 39 

environmental changes and multi-source datasets. For instance, 40 

[21] highlighted how the Mangla Dam’s flood risks increase when peak precipitation 41 

and flow events overlap, which traditional tools like HEC-RAS struggle to handle 42 
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efficiently. Moreover [22], emphasized the lack of adaptive flood risk modeling in urban 43 

basins, especially in Swat, Pakistan. These gaps show the need for machine learning-based 44 

approaches that can dynamically adapt to varying data patterns and support early warn- 45 

ing systems. Among the critical infrastructures for managing water resources, dam basins 46 

hold a central role. Acting as reservoirs for water storage, they facilitate diverse functions 47 

such as irrigation, hydropower generation, flood control and the provision of drinking 48 

water [1]. Their effectiveness in mitigating the impacts of water scarcity and variability 49 

highlights their importance in sustainable resource management [18]. However, ensuring 50 

their resilience and operational efficiency in the face of increasingly unpredictable climatic 51 

conditions requires the adoption of advanced technological solutions and data-driven ap- 52 

proaches [14]. One such promising solution is the application of machine learning, which 53 

offers transformative capabilities for improving water resource management [13]. Ma- 54 

chine learning algorithms leverage historical and real-time datasets to provide enhanced 55 

predictive insights and decision-making tools. For instance, these models excel in fore- 56 

casting inflows and outflows to and from dam basins, enabling water managers to antici- 57 

pate changes in reservoir levels and implement timely interventions [3]. By optimizing 58 

irrigation schedules, hydropower generation, and flood control measures, machine learn- 59 

ing can significantly enhance the efficiency and sustainability of water management prac- 60 

tices [5]. Moreover, machine learning-driven anomaly detection systems can rapidly iden- 61 

tify irregularities in reservoir operations, such as sudden changes in water flow or unex- 62 

pected declines in storage levels. These capabilities allow for swift responses to extreme 63 

weather events, reducing the risks of disasters and minimizing their socioeconomic im- 64 

pacts [12]. In this way, machine learning not only improves operational efficiency but also 65 

strengthens the resilience of water management systems against climate-induced uncer- 66 

tainties [14]. This research delves into the integration of machine learning techniques in 67 

managing water resources within dam basins. It emphasizes the incorporation of diverse 68 

hydrological and meteorological datasets into machine learning frameworks to achieve 69 

precise forecasting and efficient resource allocation [6]. This study addresses a major gap 70 

in past work by integrating meteorological and hydrological datasets into a unified ML 71 

framework. Unlike traditional models that rely on single-domain inputs, this approach 72 

improves inflow forecasting, anomaly detection, and operational decision-making. For 73 

example, [23] demonstrated that long-term inflow predictions significantly improve with 74 

deep learning, yet many studies still lack integrated, multi- model systems for dam basin 75 

forecasting. By combining advanced computational methods with domain-specific exper- 76 

tise, this study aims to contribute to the development of smarter, more adaptive, and re- 77 

silient water management systems capable of addressing the challenges of an unpredict- 78 

able climate [7]. The findings are expected to inform future strategies for sustainable water 79 

resource management and strengthen the role of technology in tackling global water chal- 80 

lenges. 81 

2. Methodology 82 

To predict and categorize water management situations, the study entailed the train- 83 

ing of machine learning models with the hydrological data and the meteorological data 84 

[3]. A combination of regression, classification and anomaly detector methods was used 85 

to tackle the complex nature of the problem. This experiment took a rigorous and well- 86 

structured methodology that consisted of main stages, which included data gathering, 87 

preprocessing, feature isolation, the deep-learning network, and assessment. Through the 88 

use of advanced algorithms, the methodology was to maximize predictive accuracy and 89 

pro-vide actionable insights of effective water management. Figure 1 shows the method- 90 

ology flowchart which is the steps of the process. 91 
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 92 

Figure 1. Methodology Figure 93 

2.1. Data Collection 94 

The research began with the collection of hydrological and meteorological datasets 95 

relevant to water management scenarios. 96 

• Hydrological Data: This dataset included variables such as water inflow, out- 97 

flow, reservoir levels, and precipitation patterns [6]. These were critical for pre- 98 

dicting trends, classifying water management scenarios, and detecting anoma- 99 

lies. 100 

• Meteorological Data: This dataset consisted of weather- related parameters, 101 

such as temperature, humidity, wind speed, and precipitation intensity [6]. 102 

These variables were used for classification tasks to support decision making 103 

in weather-based water management scenarios. 104 

The datasets were sourced from publicly available platforms such as Kaggle and re- 105 

gional water authority portals, including meteorological stations and dam management 106 

agencies [6]. For instance, hydrological data was obtained from real-time monitoring sys- 107 

tems, while meteorological datasets were pulled from 10-year archives maintained by na- 108 

tional weather services. Efforts were made to ensure the datasets covered a wide range of 109 

temporal and spatial variations to improve the robustness of the models. 110 

2.2. Data Preprocessing 111 

Data preprocessing was a crucial step to ensure the datasets were clean, consistent, 112 

and suitable for machine learning models. 113 

• Cleaning and Handling Missing Data: Missing values in the datasets were han- 114 

dled using imputation techniques, such as mean substitution for numerical 115 

data or mode substitution for categorical variables. Handling missing values 116 

was particularly critical for variables like reservoir inflow and precipitation 117 

during monsoon months. In these cases, domain knowledge and temporal in- 118 

terpolation were used alongside mean/mode imputation to preserve seasonal 119 

patterns and avoid data leakage. 120 

• Normalization and Scaling: Continuous variables were normalized to ensure 121 

consistent ranges and to improve the performance of algorithms that are sen- 122 

sitive to the scale of data (e.g., K-Nearest Neighbors and Gradient Boosting). 123 

• Outlier Detection: Outliers in the hydrological dataset were identified using 124 

the Isolation Forest algorithm due to its robustness in handling high-dimen- 125 

sional data and its efficiency in detecting subtle anomalies typical in time- se- 126 

ries hydrological trends. Compared to traditional Z- score or IQR methods, Iso- 127 

lation Forest better captured non-linear patterns, especially under unusual 128 

rainfall events. 129 

• Data Splitting: Both datasets were divided into training (80%) and testing (20%) 130 

subsets to evaluate model performance effectively. Stratified sampling was ap- 131 

plied for classification tasks to ensure balanced class distributions in the train- 132 

ing and testing [10]. 133 

2.3. Data Analysis 134 

Two types of data were analyzed: hydrological and meteorological. Below is a de- 135 

tailed description of each dataset and the associated analysis: 136 
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Hydrological Data The hydrological dataset includes variables such as: 137 

• Water levels 138 

• Inflows 139 

• Outflow 140 

Scatter Plot Matrix; A scatter plot matrix was generated and is visualized in Figure 2. 141 

 142 

Figure 2. Scatter Plot 143 

The correlation heatmap illustrates the degree of linear relationships between the hy- 144 

drological variables. Figure 3 illustrates the correlation heatmap of hydrological data. 145 

 146 

Fig. 3. Correlation Heatmap of Hydrological Data 147 



Proceedings of 3rd WAPDA Conference on Applications of Artificial Intelligence for Water Resources Planning and Management 5 of 11 
 

A correlation heatmap was generated to study the relationships among meteorolog- 148 

ical variables. Figure 4 illustrates the correlation heatmap of meteorological data. 149 

 150 

 151 

Figure 4. Correlation Heatmap of Meteorological Data 152 

2.4. Feature Extraction 153 

For the feature extraction process, the primary focus was on selecting the most relevant 154 

variables and transforming the raw data into meaningful features while discarding un- 155 

necessary or redundant information [20]. The steps involved in the feature extraction were 156 

as follows: 157 

2.4.1. Column Selection 158 

Unnecessary Columns Removal: Columns such as ’date’ and ’year’ were discarded 159 

as they were either non- informative or contributed to multicollinearity. For example, 160 

’year’ showed high correlation with accumulated rainfall trends already captured in 161 

monthly precipitation averages. [19]. 162 

Dropping Redundant Columns: Any columns with highly correlated data or those 163 

offering no predictive power were removed to prevent multicollinearity and streamline 164 

the feature set. 165 

2.4.2. Numerical Feature Selection 166 

Core Numerical Features: Relevant numerical features, such as water levels, inflow, 167 

outflow, temperature, and precipitation, were selected as the primary features for model 168 

input. Selected features like reservoir level, inflow, and precipitation intensity directly 169 

contributed to the model’s accuracy, as demonstrated by improved R² and reduced RMSE 170 

in regression tasks. In contrast, discarded features such as station ID or redundant weather 171 

types added noise without improving performance. 172 

Transformations: Where necessary, simple transformations (such as scaling or nor- 173 

malization) were applied to ensure that all features were on a similar scale, facilitating 174 

better model performance. 175 

2.4.3. Categorical Feature Encoding 176 
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Encoding Categorical Variables: For any categorical data (such as weather types), en- 177 

coding methods like one- hot encoding or label encoding were used to convert them into 178 

numerical format suitable for machine learning models. 179 

Transformations: Where necessary, simple transformations (such as scaling or nor- 180 

malization) were applied to ensure that all features were on a similar scale, facilitating 181 

better model performance. 182 

Through feature extraction, the dataset was streamlined to retain only the most per- 183 

tinent information, allowing for more efficient model training and improved predictive 184 

accuracy. The focus was on ensuring that the features used were relevant and capable of 185 

enhancing the performance of the models, while unnecessary data was removed to reduce 186 

noise. 187 

2.5. Deep Learning Model 188 

The research employed the use of various machine learning models that are specific 189 

to particular tasks, such as regression, classification and anomaly detection. 190 

2.5.1. Hydrological Data Models 191 

Regression Models: These were applied in the prediction of the important variables 192 

in water management including inflow into reservoirs and outflow. These models were 193 

chosen on the basis of their success in the past hydrological studies. Random Forest and 194 

Gradient Boosting are credited to non-linear relationship and feature interaction effective- 195 

ness. KNN was added because it has the advantage of localized pattern recognition, which 196 

is useful in dam-level predictions, whereas XGBoost provides scalability when used with 197 

large sets of features and regularization. 198 

• Random Forest [8] 199 

• Linear Regression 200 

• Gradient Boosting [15] 201 

• K-Nearest Neighbors 202 

• Decision Tree 203 

• XGBoost [19] 204 

Anomaly Detection: The model used was the Isolation Forest model to identify irreg- 205 

ular inflow and outflow patterns [9]. This model assisted in bringing out abnormal situa- 206 

tions that are usually associated with extreme precipitation or anomalies in the operation 207 

of dam systems. 208 

2.5.2. Meteorological Data Models 209 

Classification Models: A number of different algorithms were used to classify mete- 210 

orological data into useful categories including the weather-based decisions on managing 211 

water in action [17]. 212 

• Logistic Regression 213 

• Random Forest Classifier 214 

• Support Vector Classifier [16] 215 

• Decision Tree Classifier 216 

The hyperparameter tuning was applied to each of the models to optimize their per- 217 

formance. The threat of overfitting was mitigated with the help of cross-validation tech- 218 

niques. Random Forest and XGBoost hyperparameters (number of estimators, max depth, 219 

learning rate, etc.) were fine-tuned with grid search and cross-validation. To illustrate, 220 

max depth of 5 was changed to 10 in Gradient Boosting, and this change increased RMSE 221 

by 12%. These changes had a big impact on model convergence and generalization. 222 

 223 

2.6. Model Evaluation 224 

Once the models had been trained, the performance of each model was measured in 225 

relevant metrics specific to the task being performed: 226 
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• Regression Models: The accuracy of predictions was measured by metrics in- 227 

cluding Mean Absolute Error (MAE), Mean Squared Error (MSE) and R 2.  228 

• Classification Models: To evaluate the models in terms of precision, re- call, 229 

F1-score and overall accuracy the measures were accuracy in classifying mete- 230 

orological data [19].  231 

• Anomaly Detection: It was evaluated by the visualization of the detected 232 

anomalies and their association with what happened in the re-al-world precip- 233 

itation or operational anomalies [11]. Models were tested based on their capa- 234 

bility to explain extreme weather anomalies including sudden inflows surges 235 

during cyclone related rainfall that was indicated by the anomaly detection 236 

system. Regression models revealed small decreases in R2 during these spikes, 237 

and this indicates difficulty in predicting events at the peaks. 238 

2.6.1. Key evaluation insights: 239 

Comparative analysis of model accuracies provided a basis for selecting the most 240 

effective models for specific tasks. Figure 5 and Figure 7 summarize these comparisons. 241 

The findings were compiled and visualized to compare the performance of all models 242 

systematically: Figure 5 illustrates a comparative analysis of regression and anomaly de- 243 

tection models was presented and showing the strengths and weaknesses of each ap- 244 

proach for hydrological data. 245 

 246 

Figure 5. Models Comparison 247 

Figure 6 illustrates the visualization of anomalies detected by the Isolation Forest model 248 

providing actionable insights for water management, with clear indications of patterns 249 

linked to extreme precipitation events. 250 

 251 
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Figure 6. Visualization of Anomaly Detected 252 

In figure 7 the classification model results were presented, comparing the accuracy 253 

and other evaluation metrics to highlight the best performing algorithms for meteorolog- 254 

ical data. 255 

This step involved summarizing the results to support decision-making and ensure 256 

actionable insights were derived from the trained models. Additionally, we compared the 257 

computational efficiency of models. Logistic Regression and Decision Tree offered the 258 

fastest training times (1–2 seconds), while XGBoost, although slower (5–6 seconds), pro- 259 

vided superior accuracy and generalization. These trade-offs support model selection 260 

based on real-time application needs. 261 

 262 

Figure 7. Models Comparison 263 

3. Results and Discussion 264 

3.1. Hydrological Data Models 265 

The performance of regression models was assessed using R-squared and Root Mean 266 

Squared Error (RMSE) [4]. The KNN model emerged as the most accurate, followed by 267 

Random Forest and Gradient Boosting. These models demonstrated their capability to 268 

predict outflows effectively based on water levels and inflows. Table ?? shows the com- 269 

parison of different machine learning models for the dam basin predictions. While these 270 

models performed well overall, some limitations were observed. Random Forest and De- 271 

cision Tree models showed signs of overfitting during cross-validation, performing better 272 

on training than testing datasets. Additionally, model sensitivity to noisy inflow readings 273 

led to slight prediction deviations during peak events. Error analysis of the KNN model 274 

revealed that prediction errors were higher during periods of extreme inflow variation, 275 

likely due to the algorithm’s reliance on local data structure. This emphasizes the need for 276 

careful data quality checks, especially during abnormal hydrological patterns. 277 

3.2. Metrological data Models 278 

All classification models achieved high accuracy, with Logistic Regression, SVC, and 279 

Decision Tree performing equally well. Cross-validation revealed minimal variance in re- 280 

sults, underscoring the reliability of these methods. Table I shows the classification report 281 

of different machine learning models. The minimal variance across classification models 282 

can be attributed to the relatively well-separated and clean nature of meteorological data, 283 

especially temperature and precipitation classes. These features exhibited strong correla- 284 

tions with output categories, simplifying the classification task. Additionally, most mod- 285 

els benefited from the balanced class distribution and low noise levels in the dataset, 286 

which reduced the complexity of learning boundaries. The consistently high accuracy 287 
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suggests that the dataset characteristics, rather than just algorithmic strength, played a 288 

key role. 289 

Table 1: Classification Model Performance Metrics 290 

 291 

 292 

   Table 2: Classification Model Performance Metrics 293 

Model R-squared 

Random Forest 0.9385 

Linear Regression 

Gradient Boosting 

K-Nearest Neighbors 

Decision Tree 

XGBoost 

0.8265 

0.9239 

0.9443 

0.9010 

0.9362 

4. Practical Implications 294 

The integration of hydrological and meteorological data into ML models offers sig- 295 

nificant benefits [4]: 296 

Flood Management: Real-time predictions enable proactive storage and release deci- 297 

sions to mitigate flood risks [2]. 298 

Hydropower Optimization: Accurate inflow forecasts help optimize turbine opera- 299 

tions for energy generation. 300 

Irrigation Planning: Improved predictions of water availability aid in scheduling ag- 301 

ricultural water use. These models could be integrated into real-time dam operation sys- 302 

tems by linking them with SCADA (Supervisory Control and Data Acquisition) platforms 303 

to support dynamic release decisions. For example, inflow predictions could trigger auto- 304 

mated gates to optimize water levels before rainfall peaks. On the policy side, these tools 305 

can help water authorities prioritize reservoir upgrades in high-risk regions and design 306 

more adaptive irrigation and flood management guidelines based on predictive insights. 307 

5. Conclusion and Future Work 308 

This paper presented a machine learning-based method for efficient water manage- 309 

ment in the dam basins. The study was designed to address challenges such as limited 310 

forecasting accuracy, poor anomaly detection, and lack of integration between meteoro- 311 

logical and hydrological datasets—issues out- lined in the introduction. The results 312 

demonstrate that machine learning models, when properly tuned and combined with di- 313 

verse data sources, can significantly improve dam management decisions. The metrolog- 314 

ical and hydrological data were used to train machine learning models for water flow 315 

prediction, flood prediction, hydropower optimization, and irrigation planning. The me- 316 

teorological data such as temperature and precipitation when combined with dam hy- 317 

drology data like dam levels, inflows, and outflows can assist in forecasting models more 318 

accurately. Different machine learning classifiers such as Random Forest, XGBoost, 319 

Model Mean Accuracy (CV) 
Standard De-

viation (CV) 

Test Accu-

racy 
Precision Recall 

F1-

Score 

Logistic Re-

gression 
1.0000 0.0000 0.9950 0.9950 0.9950 0.9950 

Random For-

est 
0.9988 0.0025 0.9950 0.9950 0.9950 0.9950 

Support Vec-

tor Classifier 
1.0000 0.0000 0.9950 0.9950 0.9950 0.9950 

Decision Tree 0.9988 0.0025 0.9950 0.9950 0.9950 0.9950 
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Support Vector Machines, KNN, and Decision Trees were used to predict the water flow. 320 

In the future, more meteorological and hydrological data can be collected and combined 321 

for more efficient predictions. Furthermore, deep learning models can be used to improve 322 

the accuracy of predictions. Future work will focus on incorporating additional variables 323 

like soil moisture, snowmelt, and upstream water demand to enhance model robustness. 324 

We also aim to test the framework across different climatic zones to validate its generali- 325 

zability in arid, semi-arid, and flood-prone regions. 326 

 327 
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