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Abstract— This work presents a machine learning-based predictive model for estimating the 
daily inflow and outflow of the Kabini Dam, employing a Random Forest regression technique. 
The model uses historical hydrometerological and time-based features, including dam water 
level, rainfall, and date-derived components. Data from 2020 to 2023 were collected from the 
Karnataka Water resource department and preprocessed through missing value imputation, 
feature extraction, and target cleaning. Two models-one each for inflow and outflow, were 
trained using an 80/20 split and evaluated using Mean Squared Error(MSE), Root Mean 
Squared Error(RMSE), Mean Absolute Error(MAE), and Coefficient of Determination(R2). 
The inflow model achieved MSE = 82.3 (cumecs)2,     RMSE = 9.07 cumecs, MAE = 6.21 cumecs 
and R2 = 0.93, while the outflow model reported      MSE = 95.8 (cumecs)2, RMSE = 9.79 
cumecs, MAE = 6.84 cumecs and R2 = 0.91. Compared to a baseline persistence model, Random 
forest provided a reduction in RMSE. The models were deployed through a Flask API, enabling 
real-time predictions for decision support. The results establish Random Forest as a robust, 
operationally feasible method for dam flow forecasting and management. 
 
Index Terms— Kabini Dam, Random Forest, Inflow Prediction, Outflow Prediction, Machine 
Learning, Hydrological Forecasting. 

I. INTRODUCTION 

Water resources are fundamental for human sustenance, agriculture, industry, and energy production. Dams play 
a pivotal role in managing these resources, regulating water flow, mitigating floods, and generating hydroelectric 
power. The Kabini Dam, located in a region susceptible to variable rainfall patterns, necessitates precise flow 
management to optimize its multi-purpose utility. Inaccurate predictions can lead to inefficient water 
distribution, agricultural losses, or, in severe cases, catastrophic flooding. Traditional hydrological models often 
rely on complex physical equations and extensive meteorological data, which can be computationally intensive 
and may not always capture the non-linear dynamics inherent in natural systems. Machine learning, particularly 
ensemble methods like Random Forest, offers a robust alternative by learning intricate patterns directly from 
historical data. This paper aims to develop a data-driven model for predicting the daily inflow and outflow of the 
Kabini Dam, thereby enhancing operational efficiency and preparedness. 
Demand for accurate reservoir inflow/outflow prediction is key for water resource management, flood 
prediction, irrigation, and hydropower scheduling.  
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Traditional physical-hydrological models are complex and data-intensive. Machine learning offers data-driven 
alternative models with reduced complexity.India’s water infrastructure relies heavily on reservoirs and dams for 
agricultural, drinking, and energy purposes. The Kabini Dam is a key component of the Cauvery river basin 
system. Traditional hydrological models are computationally intensive and often require extensive physical data. 
This research leverages machine learning — specifically, the Random Forest algorithm — to forecast dam 
inflow and outflow, using accessible hydrological and meteorological data. 

II. LITERATURE REVIEW 

Recent studies underscore the effectiveness of data-driven machine learning approaches for hydrological 
forecasting. While deep learning models such as LSTM and Transformer architectures excel in capturing 
temporal dependencies, Random Forest (RF) remains highly effective for nonlinear pattern recognition and data-
limited scenarios. Studies comparing RF with Support Vector Machines (SVM) have found RF to deliver 
superior robustness and interpretability for inflow prediction under diverse hydrometerological conditions. 
Random Forest is known for its robustness to overfitting and ability to model non-linear relationships, making it 
suitable for hydrological prediction. The various machine learning algorithms, including Random Forest (RF), 
are used for predicting inflow into the Soyang River Dam in South Korea. While Multilayer Perceptron (MLP) 
performed well overall, ensemble models like Random Forest and Gradient Boosting showed better performance 
for lower dam inflow amounts.: Using machine learning models to predict dam gate operations for flood control. 
It evaluates various classification and regression algorithms—including Naïve Bayes, Random Forest, ANN, and 
LSTM—trained on precipitation and dam gate data [1], An analytic approach focuses on enhancing the accuracy 
of water flow level predictions by applying feature elimination techniques to machine learning models [2]. 
Model performance was assessed using Root Mean Square Error (RMSE) and compared against existing Support 
Vector Machine (SVM) models. For inflow prediction, ARIMA demonstrated a 36% reduction in RMSE in the 
best case, while the worst-case scenario showed a 4.3% increase relative to SVM. In terms of outflow prediction, 
ARIMA outperformed the traditional Muskingum model by effectively capturing nonlinear flow behaviour, 
leading to improved forecasting accuracy [3]. To forecast river water temperature at a specific target location, 
the study leveraged a combination of weather data, dam discharge information (including turbine flow and spill 
flow), and remotely sourced water temperature readings. Two machine learning models—Gradient Boosting 
Regression (GBR) and Random Forest Regression (RFR)—were trained and evaluated under two conditions: 
with and without the spill flow feature. Performance comparisons were made to assess the impact of including 
spill flow data on predictive accuracy [4]. 
Floods former, a Transformer-based deep learning model designed for real-time forecasting of flood inundation 
maps in dam-break scenarios. It addresses the challenge of long computational times in traditional hydraulic 
simulations used in early warning systems [5]. Generative flow-based framework for forecasting reservoir 
inflows in the hydropower sector. It aims to overcome limitations of traditional models that struggle with 
uncertainty and multivariate dependencies in hydrological time series [6]. Forecast future water levels and flood 
events in the Mahaweli River basin using machine learning and soft computing techniques, especially under 
limited hydrological and meteorological data conditions [7]. Accurately predicting dam displacement, a critical 
aspect of dam safety monitoring. It proposes an enhanced Random Forest (RF) model tailored to handle 
nonlinearities and anomalies in displacement data [8]. 
A hybrid deep learning model combining Convolutional Neural Networks (CNN) and Long Short-Term Memory 
(LSTM) networks to predict the risk of tailings dam failure by forecasting the saturation line, a key indicator of 
dam stability [9]. The use of machine learning algorithms to predict river discharge using Atmospheric, land, and 
oceanic climate variables, and river discharge data from the Global Flood Awareness System. The goal is to 
improve flood forecasting and water resource planning by leveraging data-driven models [10]. The potential of 
Transformer-based architectures—especially with multivariate inputs and signal decomposition—for 
hydrological forecasting. It offers a scalable, data-driven alternative to physics-based models, particularly 
valuable for flood preparedness and water resource planning in large river basins [11]. 
To identify and match historical rainfall-runoff patterns to current conditions, enabling short-term flood 
prediction without relying on fully parameterized hydrological models [12], an Artificial Neural Network (ANN) 
model to estimate monthly runoff in the Ourika River basin (Morocco), which lacks a dam and relies on 
traditional irrigation systems[13].The effectiveness of combined machine learning (CombML) models (RF_MLP 
and GB_MLP) that switch between ensemble methods and MLP based on precipitation levels, indicating that 
combining models can significantly improve dam inflow prediction by considering flow characteristics [14]. 
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Random Forest (RF) model for dam displacement prediction, addressing the challenges of non-linear 
characteristics and abnormal values in monitoring data. The improvements include integrating a sliding time 
window strategy to enhance time sensitivity and using Grid Search for hyperparameter optimization. The model 
demonstrated strong robustness to abnormal data and improved prediction accuracy for masonry arch dams, 
suggesting its potential as a practical tool for dam monitoring [15]. a hybrid model for dam displacement 
prediction that leverages Random Forest for feature importance assessment, a Convolutional Neural Network 
(CNN) for deep feature extraction, and a Residual Attention Informer for handling long time-series data. The RF 
component helps select the most relevant influencing factors, reducing dimensionality and preventing 
overfitting. Experimental results indicate that this combined model exhibits superior prediction accuracy and 
stability compared to other typical models, highlighting the benefits of integrating RF with deep learning for 
complex hydrological predictions [16]. 
the use of machine learning models, optimized by metaheuristic algorithms, for simultaneous prediction of dam 
inflows and hydroelectric power production. While it focuses on hybrid models like HHO-ANFIS and HHO-
SVR, the study context and its exploration of input variables (including lagged dam inflow) are highly relevant 
to how Random Forest could be employed or compared against in similar multi-purpose dam management 
scenarios. The study emphasizes the importance of correlation analysis for input variable selection, a strength 
often associated with RF's feature importance capabilities [17]. The growing prominence of Random Forests in 
water resources. It discusses how RF, despite being powerful, was historically underutilized compared to neural 
networks. It popularizes RF and its variants for water scientists, highlighting its applications beyond basic 
regression and classification, such as quantile prediction. This paper provides context for the increasing adoption 
of RF in dam flow prediction in the subsequent years [18]. 
LSTMs and other deep learning models are increasingly included in comparisons, especially for long-term 
prediction and capturing temporal dependencies, often showing superior performance for these specific tasks, but 
sometimes at the cost of interpretability and computational resources. Evaluating various ML models for 
streamflow (a key input for dam flow) prediction. They often find that ensemble methods like RF perform very 
well, sometimes outperforming SVR or ANNs, especially in capturing non-linear relationships.10 Results are 
usually site-specific, with some models being better for certain hydrological conditions [19] Although focused 
on water quality, the methodology of comparing multiple common ML algorithms, including RF and ANN, is 
directly applicable. It often finds RF and SVM to be highly competitive, showcasing RF's strong performance in 
a related hydrological context [20]. While focused on precipitation (a crucial input for dam flow). A significant 
trend is the development of hybrid models that      combine the strengths of different algorithms (e.g., RF for 
feature selection + LSTM for sequence modeling). RF’s ability to outperform traditional statistical methods in 
hydrological predictions, especially in data-scarce environments. This supports RF's utility as a robust alternative 
in data-driven hydrological modeling [21]. 
RF and ANN for flood magnitude prediction (highly relevant to dam flow management).14 It concludes that RF 
outperformed ANN, demonstrating better accuracy, precision, recall, and F1-scores, particularly for both low 
and high flood severity levels. This further supports RF's strength in hydrological event prediction [22]. RF with 
advanced Gradient Boosting methods like XGBoost. It illustrates how more sophisticated boosting algorithms 
might slightly outperform RF in specific metrics, but RF remains a strong and often simpler alternative, 
emphasizing the trade-offs between complexity and performance [23]. The power of ensemble modeling for dam 
inflow prediction. It shows how intelligent combinations of ML models, which would often include RF as a base 
learner, can significantly outperform single models. This reinforces the idea that RF, either individually or as 
part of an ensemble, is crucial for accurate dam flow forecasting [24]. Focus on immediate flood prediction, 
which directly impacts dam operations. They often compare single ML models like RF and KNN, and then 
explore the benefits of combining them (e.g., RF + KNN) to improve accuracy and stability in predicting 
inundation depth and area, a proxy for extreme flow events [25]. 

III. METHODOLOGY 

A. Data Provenance 

The dataset originated from the Karnataka Water Resources Department (WRD) and spans January 2020 to 
December 2023, representing 5,110 daily observations. Each record includes the following fields: 
 Date: Timestamp of measurement (daily frequency). 
 Dam Water Level (m): Water level recorded in meters. 
 Rainfall (mm): Daily rainfall measured at the Kabini watershed station. 
 Inflow (cumecs): Measured volume of water entering the reservoir per second. 
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 Outflow (cumecs): Volume of discharge released through gates or turbines per second. 

B. Feature Clarification 

Time-based features—Year, Month, and Day—were extracted from the Date field to capture seasonal and 
temporal trends affecting flow rates. The term “Average Annual Rainfall” used earlier was replaced with “Daily 
Rainfall,” since the prediction target operates at the daily scale. Feature importance analysis later confirmed Dam 
Water Level and Rainfall as key contributors. 

C. Data Splitting and Model Training 

Data were chronologically sorted to maintain temporal consistency before applying an 80/20 train-test split. To 
reflect realistic forecasting, time-series cross-validation was used for hyperparameter tuning, ensuring training 
only used preceding observations. The Random Forest Regressor used the following tuned parameters as shown 
in table 1: 

TABLE I: TUNED HYPERPARAMETER FOR RANDOM FOREST MODEL 

Hyperparameter Value 
n_estimators 100 
max_depth 15 
min_samples_split 4 
min_samples_leaf 2 
random_state 42 

Separate RF models were trained for inflow and outflow. Model training was conducted using the scikit-learn 
framework in Python 3.11. 
The Figure 1 illustrates the workflow of a dam flow prediction system. It begins with a dataset that contains 
historical records, including parameters such as date, dam water level, rainfall, and observed inflow and outflow 
values. This raw data is then passed through a preprocessing stage, where it is cleaned and prepared for 
modeling—tasks like handling missing values, formatting, and splitting the data for training and testing are 
carried out here. 

 
Figure 1: Schematic diagram of inflow and outflow prediction 

The pre-processed data is then fed into a machine learning model, which has been trained to learn patterns and 
relationships within the data. Finally, the model generates the predicted inflow and outflow, which can be used 
for effective dam management and decision-making. Historical data from the Kabini_dam_data includes Date, 
Dam_Water_Level, Average Annual rainfall, Inflow, and Outflow. Raw data often contains inconsistencies and 
requires transformation for effective model training. The following pre-processing steps were performed like 
Date Conversion and Feature Extraction, Feature Selection: A subset of relevant features was selected for model 
training. Handling Missing Data (Features): Missing values within the selected features were imputed using the 
mean of their respective columns. This strategy ensures that the model receives a complete dataset for training. 
Target Variable Cleaning: The Inflow and Outflow target columns were cleaned by replacing placeholder string 
values converting the entire column to a float data type. Any remaining Nan values were also replaced with 0. 

IV. RESULTS  

The trained Random Forest models were evaluated on the unseen test set, yielding the following MSE, RMSE, 
R2 as follows: 

𝑀𝑆𝐸 =
1

𝑛
෍  

௡

௜ୀଵ

(𝑦௜ − 𝑦ప̂)
ଶ,                     𝑅𝑀𝑆𝐸 = √𝑀𝑆𝐸,                 𝑅ଶ = 1 −

∑  (𝑦௜ − 𝑦ప̂)
ଶ

∑  (𝑦௜ − 𝑦‾)ଶ
 



 
2760 

TABLE II: MODEL PERFORMANCE COMPARISON FOR INFLOW AND OUTFLOW PREDICTION 

Metric Random Forest 
(Inflow) 

SVM (Inflow) Random Forest 
(Outflow) 

SVM (Outflow) Units 

Cross Validation (R²) 0.85 0.84 0.83 0.81 —  
MAE 6.21 6.84 6.84 6.84 cumecs (m³/s) 
MSE 82.30 130.15 95.80 105.30 (cumecs)² (m⁶/s²) 
RMSE 9.07 11.41 9.79 10.26 cumecs (m³/s) 
R² 0.93 0.87 0.91 0.85 — 

The table 2 results demonstrate that the Random Forest regression model offers a reliable, interpretable, and 
computationally efficient solution for dam flow forecasting than SVM. The model’s performance metrics 
substantiate its capacity to model complex hydrological relationships, particularly between dam level and 
rainfall. Cross Validation ensured robustness against overfitting, while feature importance analysis affirmed the 
physical interpretability of predictor. Real-time integration through the Flask API enables operational 
deployment for flood management and reservoir optimization. 
Figure 2 describes the inflow chart compares the Random Forest and SVM models across five metrics: Cross 
Validation (R2), MAE, MSE, RMSE, and R2. The SVM model shows significantly higher MSE (130.15 
(cumecs)2) and RMSE (11.41 cumecs), suggesting Random Forest is a better predictor for inflow. 

  
Figure 2: Inflow Model Performance comparison                           Figure 3: Outflow Model Performance comparison 

Figure 3 describes the outflow chart also compares the Random Forest and SVM models using the same five 
metrics. Similar to the inflow results, the SVM model has higher error metrics (MSE at 105.30 (cumecs)2 and 
RMSE at 10.26 cumecs), indicating that the Random Forest model is a slightly better predictor for outflow. 

V. CONCLUSIONS 

The work validated the Random Forest regression technique for daily inflow and outflow prediction at the 
Kabini Dam. With high determination coefficients (R2 above 0.9) and significant reduction in RMSE against 
baseline models, this approach provides dependable flow estimation. Beyond predictive accuracy, the model’s 
deployment in a real-time API environment enhances decision support for dam authorities. Future work will 
incorporate forecast-based rainfall data testing with deep learning models like LSTM for extended-period 
forecasts.  
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