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Abstract 

Rainfall forecasting serves as a vital tool for mitigating droughts and floods 

and managing water resources in areas where rainfall predictability is prone to 

being inadequate. This study evaluates the effectiveness of the precipitation 
forecast models for the Dukan Dam catchment area in northern Iraq by com-

bining historical rainfall data with key meteorological factors, including tem-

perature, humidity, and wind speed. To achieve this objective three modeling 

approaches were applied: SARIMA, Prophet, and XGBoost, using monthly 

data from 2015 to 2025. With feature engineering and lag factors included, the 

XGBoost model performs superior to the others, obtaining the lowest RMSE 

(normalized 0.0416; 1.13 mm) and MAE (normalized 0.0296; 0.80 mm). The 

forecast accuracy is found to be higher when using multi-factor climatic inputs. 

In areas with limited resources, the suggested framework serves as a scalable 

tool for climate adaptation, planning with XGBoost significantly outperform-

ing statistical models. 
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1. Introduction 

In Iraq's Kurdistan Region, Dukan Dam is an essential 

reservoir for drinking water, irrigation, and a source of hy-

droelectric electricity. Accurate rainfall forecasting sup-

ports long-term water security planning, flood mitigation, 

and efficient reservoir management. Traditionally, re-

searchers have relied on physical models based on atmos-

pheric processes for this purpose [1-3]. The climatic and at-

mospheric conditions in the Dukan Dam basin influence the 

precipitation regime. Variations in air temperature affect 

evaporation rates and the atmosphere’s capacity to retain 

water vapor, where warmer air masses can hold greater 

amounts of moisture and potentially intensify precipitation 

events [4]. Relative humidity also plays a significant role in 

cloud formation and rainfall generation, as higher humidity 

levels enhance condensation processes and increase the 

likelihood of precipitation. Furthermore, atmospheric pres-

sure and wind circulation patterns influence the transport of 

moist air masses from the Mediterranean region toward 

northern Iraq [5]. Seasonal variations in these climatic ele-

ments contribute to temporal fluctuations in rainfall patterns 

across the Kurdistan Region. Recent climate change im-

pacts, including rising temperatures and irregular humidity 

distributions, have increased the uncertainty of precipitation 

behavior, emphasizing the importance of accurate rainfall 

forecasting for sustainable water resource management [6].  

Since the relationship between the input factors (hu-

midity, wind, and temperature) and precipitation is not a 

straight-line relationship, several models were explored to 

identify the most accurate one to predict future precipita-

tion. The reliability of traditional forecasting methods in es-

sential operational contexts is compromised by the fact that 

they are frequently not able to capture the nonlinear nature 

of precipitation patterns, as they are physical process de-

pendent [7]. Sophisticated forecast methods have been in-

troduced as hydrological cycles are increasingly being com-

plicated due to climate change to reduce the hazards of 

events like droughts and floods. [8, 9]. Researchers have 

employed Innovative Trend Analysis (ITA) and Innovative 

Polygon Trend Analysis (IPTA), contributing to a deeper 
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understanding of rainfall variability and its implications 

throughout a set of long datasets. Machine learning models 

are increasingly prominent [10, 11].  

The primary contribution of this study is the establish-

ment of a multi-factor, machine learning-based forecasting 

framework customized for local data that are operationally 

crucial, revealing that many meteorological factors could 

potentially be effectively combined for improved forecast-

ing 

The remainder of this paper is organized as follows: 

Section 2 examines the related previous research to this 

study. Section 3 describes the study area, data acquisition, 

preprocessing steps, and modeling framework. Section 4 

presents the results of the three forecasting models and a 

comparative discussion. Section 5 concludes the paper, 

summarizes key findings, and suggests directions for future 

research  

2. Related work  

Statistical time-series models remain a fundamental 

part of hydrological prediction. The autoregressive inte-

grated moving average (ARIMA) was widely applied to 

rainfall forecasting, as it is able to model temporal depend-

ence. However, precipitation shows a strong seasonal cycle, 

and in order to address this limitation, the seasonal ARIMA 

was introduced by merging autoregressive and moving av-

erage elements. Studies have shown that SARIMA can cap-

ture periodic hydrologic behavior for short time intervals 

[12]. SARIMA (Seasonal Autoregressive Integrated Mov-

ing Average) extends ARIMA to handle seasonality com-

ponents for both non-seasonal and seasonal patterns. It is 

based on a combination of autoregressive (AR), integrated 

(I), and moving average (MA) components, both non-sea-

sonal and seasonal. In general terms, the model predicts the 

current value based on past values and past forecast errors. 

The model results in a satisfactory output for short-term pre-

diction [13]. The seasonality cycle is a witnessed pattern for 

rain in the region, so the model is adopted from three com-

parative models to predict the precipitation.  

The second model is the Prophet forecasting frame-

work developed by Meta Platforms, which provides an ad-

ditive regression model developed by Facebook that decom-

poses time series into trend, seasonality, and holiday com-

ponents, performing efficiently with strong seasonality. 

Prophet has been increasingly applied because it handles 

missing data efficiently [14-16]. Studies have applied it for 

long-time climate history, as it decomposes the time series 

into long-term trend, yearly seasonality, and irregular vari-

ations. However, researchers have observed that Prophet 

may struggle with nonlinear shifts, and thus it was applied 

with support vector regression (SVR) and random forest 

(RF) models; these models provide satisfactory predictions 

of nonlinear hydrological and meteorological processes [17, 

18]. 

Despite these advantages, statistical models assume lin-

ear relationships, limiting their ability to represent nonlinear 

atmospheric interactions. When applied to short histori-

cal records, which are usual in hydrological contexts, mul-

tiple investigations show overfitting, and their ambigu-

ous nature makes them tricky for water managers to grasp. 

[19]. Machine learning models are increasingly prominent 

in hydrological forecasting due to their capacity to model 

nonlinear hydrometeorology. following the emer-

gence of computational capability. However, machine 

learning models require large datasets and are often seen as 

"black boxes," limiting their adoption in operational con-

texts where interpretability is crucial [20] For example, 

through the employment of ANN models, specifically Arti-

ficial Neural Networks (ANN) and Neuro-Fuzzy Inference 

Systems (ANFIS), precipitation was predicted based on the 

temperature, wind, and pressure; the results were accepted, 

and ANFIS outperformed the ANN [21]. Other researchers 

have used ANN modeling to predict monthly precipitation 

at one station using measurements from neighboring sta-

tions [22]. Higher predictive accuracy is achieved in hydro-

logical forecasting through the extreme Gradient Boosting 

algorithm (XGBoost) due to gradient boosting optimization, 

regularization against overfitting, ability to learn nonlinear 

interactions. [23]. Hydrological applications demonstrate 

that XGBoost performs particularly well when multiple cli-

mate predictors are available, enabling extraction of com-

plex relationships between atmospheric variables and rain-

fall patterns [24]. 

Despite these advances, several gaps remain, such as 

fewer studies having focused on integrated rainfall forecast-

ing for the Dukan region. Most models incorporate only one 

or two climatic indices, neglecting the combined effects of 

multiple factors. A comparative analysis between statistical, 

decomposable, and machine learning paradigms provides 

an optimized precipitation framework for the region. 

3. Materials and Methods 

3.1. Study Area and Climate  

The Dukan Dam is located at the coordinates 

(35∘57′15′′N, 44∘57′10′′ E) in north Iraq as shown in Figure 

1. 
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Figure 1: Dukan District boundary within Republic of Iraq 

The district is located in Sulaymaniyah governorate. 

The region has a semi-arid climate with very hot, dry sum-

mers and cool, wet winters. The location of the district 

within Kurdistan region in North of Iraq is shown in Figure 

2.  

 

Figure 2 Dukan District boundary within the Kurdistan region [25] 
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3.2. Data Acquisition 

The target is to obtain the most accurate predic-

tive model among different machine learning 

through exploring; the generalized steps are 

shown in Figure 3. 

 

Figure 3 Generalized steps for rainfall in Dukan District 

In order to achieve higher accuracy in machine-learning 

prediction, a wide range of data is required to capture the 

seasonality and non-linearity. The access to the data was 

through the weather station department in Dukan Dam di-

rectory. The data consists of monthly records from January 

2015 to December 2025 (132 months). The data is classified 

into four metrics, which are the amount of rainfall (mm), 

average temperature (°C), humidity (%), and wind speed 

(m/s)) as shown in Figure 4 prior to normalization. It is gen-

erally acknowledged that temperature influences the 

atmospheric behavior and its grand effect on evaporation; 

humidity is the amount of moisture in the air that is im-

pacted by the wind movement direction These physical ele-

ments provide a solid ground to establish a rain-predictive 

and forecasting model. 

Prior to any transformation like standardization, this 

raw data delivers an essential overview for each indicator 

and initial interconnection as seen in Figure 4. The plot al-

lows visual inspection of scale differences, missing values, 

and preliminary seasonal patterns prior to preprocessing.

 
Figure 4 Raw monthly time series of rainfall, temperature, humidity, and wind speed before normalization. 
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for all indicators and their initial connections. Loading 

the historical data in the Google Colab environment, the 

general trends in the raw data before normalization are 

visualized in Figure 5. Each subplot highlights trend direc-

tion, seasonality, and recent climatic changes (e.g., declin-

ing rainfall and humidity after 2020 

 

Figure 5 Historical time-series of normalized (a) Rainfall, (b) Temperature, (c) Humidity, (d) Wind Speed from 2015 to 2025. 

 

The interdependence relationship between meteor-

ological variables was evaluated: 

• Temperature is the most visible one as it 

shows an annual cycle inversely correlated 

with rainfall.  

• The precipitation metrics follow it. The figure 

clearly provides insight into patterns between 

earlier and recent dates, showing a declining 

trend after 2020. 

• Humidity indicates the shift to a drier, warmer 

climate recently. 

• The wind speed shows greater variability 

in recent years. 

3.3. Data Preprocessing 

Data preprocessing was performed through the employ-

ment of different libraries such as pandas to read the data 

from the CSV file and convert it into a DataFrame structure 

(df and df-normalized), which is a basic way to recognize, 

label, and access the data. For efficient numerical calcula-

tions, the NumPy library is used in Google Colab. Missing 

values (less than 2% of the dataset) were handled using lin-

ear interpolation, and the data is normalized by z-score 

standardization to ensure the variables of different units 

contribute equally to the training process. The monthly data 

complies very well with time series for benchmarking a ro-

bust forecast model for weather evaluation in order to man-

age the future anticipated droughts, to evaluate the metrics 

in precipitation prediction data, and adopt the one with the 

most compatibility within the training session. In Figure 6, 

a sample of rainfall comparison before and after normaliza-

tion is shown, so the preprocessing validity is verified. 
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Figure 6 Comparison of rainfall data before and after normalization. Left side: Original rain value skewed distribution. Right: rain fall after 

z-score normalization   

After preprocessing, the final dataset contained 132 

months of complete records, which were used for training 

(2015-2023; 108 samples) and testing (2024-2025), 24 sam-

ples) after accounting for lag feature creation. 

3.4. Feature Engineering and Modeling Framework 

The following preprocessing steps were implemented: 

Creating lagged features at (1,3,6,12) months. They 

were chosen based on partial correlation to capture short-

term (1,3) months and long-term (6-12) months to capture 

characteristic dependencies of the region's precipitation re-

gime. All features are normalized with the target variables. 

Rolling window statistics, mean and standard deviation 

over 3 and 6 months were computed to smooth out short-

term fluctuations and capture recent trends. 

Time-based features, including month, year, and sea-

sonal indicators, were extracted. These features enable ex-

plicit learning of seasonal patterns driven by Mediterranean 

weather systems, which produce distinct wet winters and 

dry summers in the Dukan Dam catchment. The models are 

trained in three separate files: Sarima, Prophet, and X-

Boost. The trained model is employed to predict the future 

rain and generate a plot comparing the historical rain data 

with the predicted future rain. Th data set contains 132 

monthly samples Because lag feature 12 observation only, 

the first 12 observations were removed, leaving 120 sam-

ples. The training/testing split was chronological: 2015-

2023 for training, 2024-2025 for testing. SARIMA and 

Prophet were implemented using their standard workflows 

with the same chronological split for fair comparison. The 

generalized steps for both models are shown side by side to 

illustrate different mechanisms of both models in Figure 7  

Figure 7: Prophet and SARIMA modeling framework. 

The XGBoost model was trained with hyperparameter tuning using time series cross-validation with a three-fold split. 
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3.4.1. Prophet model  

It optimizes parameter tuning for time-series forecast-

ing and requires a data frame with date-indexed 'ds' and nu-

merical objective 'y' columns. [16], It incorporates season-

ality and exogenous predictors and performs efficiently. 

[15, 26]. The workflow is initiated by targeting the rainfall 

series and converting it into a data frame with two col-

umns: ds (for dates), and y (for the rainfall values), which is 

the format required by Prophet. Prophet uses an additive re-

gression model with three main components: trend, season-

ality, and holidays. As shown in Equation 1 [27] is shown.  

 

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜖(𝑡)                          (1 ) 

 

Where: 

y(t): the observed value of the time series at time t. 

g(t):  the trend component, the non-periodic changes in 

the time series  

s(t): the seasonal component, representing monthly 

changes  

h(t:): the holiday component, which accounts for the 

impact of holidays or custom events  

ϵ(t): is the error(residua) term 

The trend parameters are governed by the flexibility of 

the trend and the numbers of possible changepoints. Higher 

values allow more frequent trend changes, while lower val-

ues produce smoother trends. The value of 0.05 was se-

lected to balance trend adaptation with overfitting preven-

tion, and the changepoints of 25. The number of potential 

changepoints in the trend is automatically determined based 

on the time series length. A higher value of seasonality al-

lows more flexible patterns, and in this case, it is equal to 

10. Uncertainty parameters are set to 80% prediction inter-

vals, reflecting the model's confidence in future predictions. 

3.4.2. SARIMA Model 

The SARIMA model extends the ARIMA model to 

handle seasonality. It is denoted as 

SARIMA(p,d,q)(P,D,Q)S, where: 

• (p, d, q) are the non-seasonal AR, I, and MA orders. 

• (P, D, Q) are the seasonal AR, I, and MA orders. 

• S is the length of the seasonal cycle.  

The general form of a SARIMA model can be quite 

complex, but conceptually, it involves differencing the se-

ries (both non-seasonal and seasonal) to make it stationary 

and then fitting autoregressive and moving average terms to 

the differenced series. 

A simplified representation of a SARIMA model (with-

out explicitly writing out the polynomial lags) can be seen 

in Equation 2 [13] 

 

(1 − 𝜙1𝐿 − ⋯ − 𝜙𝑝𝐿𝑝)(1 − 𝛷1𝐿𝑠 − ⋯ − 𝛷𝑝𝐿𝑝𝑠 )(1 −

𝐿)𝑑(1 − 𝐿𝑠)𝐷𝑦𝑡 = (1 + 𝜃1𝐿 + ⋯ + 𝜃𝑞𝐿𝑞)(1 + 𝛩1𝐿𝑠 +

⋯ + 𝛩𝑄𝐿𝑄𝑆)𝜖𝑡                            ( 2) 

 

Where: 

yt: is the time series value at time t. 

L: is the lag operator ( Lyt=yt−1). 

  (𝜙 , 𝜃): Seasonal coefficient  

(1 − 𝜙1𝐿 − ⋯ − 𝜙𝑝𝐿𝑝) represents the non-seasonal 

autoregressive (AR) component at p (nonseasonal AR or-

der) 

(1 − 𝛷1𝐿𝑠 − ⋯ − 𝛷𝑝𝐿𝑝𝑠) represents the seasonal auto-

regressive (SAR) component of order p 

(1 − 𝐿)𝑑performs non-seasonal differencing of order 

d.(nonseasonal differencing order) 

(1 − 𝐿𝑠)𝐷 performs seasonal differencing of order D 

(Seasonal differencing order) with periodicity S (The sea-

sonal period). 

 

(1 + 𝜃1𝐿 + ⋯ + 𝜃𝑞𝐿𝑞) represents the non-seasonal 

moving average (MA) component of order q (highest lag of 

past error). 

(1 + 𝛩1𝐿𝑠 + ⋯ + 𝛩𝑄𝐿𝑄𝑆  represents the seasonal mov-

ing average (SMA) component of order Q (highest seasonal 

lag). 

 

ϵt is white noise error term at time t. 

 

The general steps to predict the future rainfall in the 

Dukan district are, firstly, to load rainfall, humidity, wind 

direction, and temperature data into a Pandas DatafFrame. 

Then separate the features (humidity, wind direction, tem-

perature) from the target variable (rainfall). Then, split the 

data into 108 training samples (starting from 2015 to 2023) 

and 18 testing validation sets for the years 2024 and 2025 to 

prepare it for the XGBoost model.  

The basic mathematical equation for this model is 

shown in Equation (3) [13, 17] 

𝐹𝑘(𝑥) = 𝐹𝑘 − 1(𝑥) + 𝛼ℎ𝑘(𝑥)                (3) 

(x) is the final prediction for input x after k iterations. 

Fk−1(x) is the prediction from the ensemble of the pre-

vious k−1 trees. 

hk(x) is a new weak learner (a decision tree) that at-

tempts to predict the residual error from Fk−1(x). 

α is the learning rate, controlling the contribution of 

each new tree. 

The goal at each step is to minimize a loss function, 

L(yi,Fk−1(xi)+hk(xi)), where yi is the actual value. This op-

timization is performed using gradient descent principles.  

4. Result and Discussion  

The monthly average data were normalized to prevent 

feature dominance for every parameter, then analyzed for 

seasonal patterns. The month was extracted from the 'Date' 

field and, grouped by month, after which  the mean for each 

normalized weather metrics. Rainfall, average temperature, 

humidity, and wind speed was plotted as a separate time se-

ries. And a line plot was generated against date. In addition, 

a single 2D line chart plotting all four normalized metrics 

against date for direct comparison. A shown in Figure 8, 

when temperature (orange) peaks, humidity (green) and 

rainfall (blue) typically bottom out. 
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Figure 8  Normalized time-series plots for weather metric 

4.1. Linear Regression Model  

The simple linear Regression model with only two de-

layed features fails to adequately capture the natural varia-

bility or more complex patterns in this type of time-series 

data, as it fails to capture the seasonality and the noteworthy 

highs and lows, in contrast to the actual data. as, seen in 

Figure 9, more sophisticated time series should be em-

ployed in order to capture seasonality. Linear regression is 

employed to emphasize the superior outcome of the other 

time series. 

 

                                                                    Figure 9 Linear regression model performance 

4.2. Time Series Models 

Exploring different modeling mechanisms provides a 

broader perspective to interpret and grasp the future percep-

tion and its influence on the economy, agriculture, and cli-

mate in general. The forecast models that are examined to 

predict the future rainfall around the Dukan district are 

Prophet, to capture the strong seasonality presented in hy-

drological properties during winter and summer. SARIMA 

provides a base statistical line, and XGBoost incorporates 
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the lag feature as the moisture rises and the precipitation oc-

curs a while after. The starting point is common for all the 

models: the preprocessed time series data, specifically 

the target rainfall series, which is a univariate series of nor-

malized monthly rainfall values indexed by date (datetime 

format). Throughout the use of metrices, the trained models 

and evaluate their performance with relevant regression 

metrics such as Mean Absolute Error (MAE) or R-squared.  

4.2.1. Prophet Model Flow  

The model is initiated and fitted to the specific required 

data frame. Prediction for future values is established within 

24 months including the confidence intervals (yhat_lower 

and yhat_upper ). The model is plotted against actual his-

torical data as shown in the Figure 10. 

 

Figure 10 : Rainfall forecast generated by the Prophet model. 

The model performance is evaluated by the metrics 

MAE (0.0653) and RMSE (0.0878). It achieved an interme-

diate result where the model successfully captured the an-

nual precipitation cycle and recent declining trends post-

2020. The reasons are attributed to the fact that it is a de-

composable model and provides flexibility in handling the 

data. However, Prophet underestimated the drying trend in 

2022 due to the fact that the changing trend may not fully 

capture the abrupt weather change, and the Fourier series 

oversimplify the irregular precipitation patterns common in 

semi-arid regions. 

4.3. SARIMA Model Flow: 

The autocorrelation function (ACF) and Partial correla-

tion function (PACF) plots of the original data are analyzed 

to determine the optimal (p, d, q) and (P, D, Q, S). In this 

notebook, the order= (1, 1, 1) and seasonal order= (1, 1, 1, 

12), this pattern shows a single spike at lag 12, while the 

other lags were in the confidence interval. A seasonal dif-

ference (D) was applied to remove the yearly pattern and a 

first difference (d) to make the series stationary. The non-

seasonal order were chosen by comparing candidate model. 

The SARIMA model is established with the identified pa-

rameters and then fitted to the target rainfall series. The fit-

ted SARIMA prediction results object is utilized to generate 

forecasts for 24 months. The forecasted values are plotted 

alongside the actual target rainfall values as seen in Figure 

9.  



 

75 

CJNST 2026, Vol. 2, Issue 2, pp. 66–78 

 

Figure 11. The autocorrelation function (ACF) and Partial correlation function (PACF)For 12 months period 

The underlying temporal dependence structure of the 

seasonally differenced monthly rainfall series (lag 12) ACF) 

and (PACF) plots were analyzed as illustrated in Figure 11. 

The 95% confidence interval is illustrated by the shaded 

confidence band in both parts; spikes that go beyond these 

bounds signify statistically significant autocorrelation at the 

relevant lag. Most of the autocorrelation values in the ACF 

plot are inside the confidence intervals, proving that sea-

sonal differencing has effectively decreased the seasonal re-

liability. There is still some seasonal link to the annual cy-

cle, though, as evidenced by the notable rise that is seen 

around lag 12. Significant spikes at early lags in the PACF 

plot indicate the existence of short-term autoregressive ac-

tivity. 

 

 Figure 12 Sarima prediction results after fitting the model into the historical data 
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The model is evaluated through the use of metrics, 

where MAE is 0.0741, and RMSE is 0.0966. The SARIMA 

model is able to capture the seasonal cycle S=12. However, 

it is still not able to model the combined effect of the mete-

orological variables in the precipitation forecast because it 

relies on historical rainfall series, and the need for differ-

encing (d=1, D=1) may remove some information con-

tent. Thus, reduce the model's ability to capture long-term 

climate shifts.  

4.3.1.  XGBoost Model Flow: 

For time series forecasting with XGBoost, the 'input x' 

consists of the engineered features (e.g., lag values, rolling 

statistics, time-based features like month and year) that we 

explicitly created. The model learns the complex, non-linear 

relationships between these features and the target variable 

(Rainfall_mm) to predict. 

For future predictions, a future_df_xgboost is created 

with future dates, and the same feature engineering steps 

(lags, rolling stats, time-based) are applied. Due to the na-

ture of lags and rolling windows, this often involves itera-

tively predicting and feeding predictions back, or careful 

handling of unknown future feature values (e.g., filling with 

means or last known values). The predict () method is then 

used on X_future to get forecasts. Actual y_test values are 

plotted against the y_pred_xgboost predictions (for the test 

set) and the xgboost_future_forecast (for the future period) 

to visualize performance and future trends, as shown in Fig-

ure 13. 

 

Figure 13: XG Boost prediction results 

The historical rainfall records show strong seasonality 

and variation over time; it can be observed by the blue 

curve. The gray area depicts the forecast interval derived via 

the model indicating model uncertainty and possible rainfall 

variability scenarios, while the red dashed line indicates the 

predicted median rainfall for the future period to remain 

within a moderate range compared with historical peaks. 

However, the prediction interval highlights the uncertainty 

in climatic processes and suggests that both wetter-than-av-

erage and drier-than-average conditions remain possible. 

The model performance is evaluated through the use of met-

rics where MAE is 0.0296 and RMSE is 0.0416, and the 

model’s comparison summary is illustrated in Figure 15. 

 

Figure 14 The comparison of the models’ evaluation metrics (Normalized units) 
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The metrics used for evaluation were denormalized by 

multiplying the normalized MAE and RMSE values by the 

standard deviation of 27.17 mm of the original rainfall da-

taset because the models were trained using Z-score normal-

ization. This allowed the errors to be reported in millime-

ters, where the values for MAE and RMSE are (0.80, 1.13), 

(2.01, 2.62), (1.76, 2.38) mm for XGBoost, SARIMA, 

Prophet, respectively. XGBoost outperformed the other 

models, which can be attributed to its advantageous algo-

rithm for this task.  

1. It shows the capability of modeling nonlinear be-

havior like the synergistic effect of temperature 

and humidity on precipitation possibility. For ex-

ample, the model captures that high humidity com-

bined with low temperature leads to rainfall, while 

high temperature with low humidity results in dry 

conditions. 

2. The other models treat the variables as add-ons, 

while XGBoost leverages their combined effect; 

finally, the lag features capture the rainfall pattern 

from two to six months. These characteristics 

make XGBoost particularly well-suited for noisy, 

non-linear, and multivariate data.  

3. XGBoost's sequential learning process, where 

each new tree is trained on the residual of the pre-

vious one and corrects the previous error. It main-

tained accuracy without showing signs of memo-

rizing training patterns.  

5. Conclusions  

The study analyzes three time series models, SARIMA, 

Prophet, and XGBoost, to predict the future monthly rain-

fall in the Dukan district. All models' prediction perfor-

mance of predictions shows improvement in comparison to 

univariate baselines through the inclusion of exogenous var-

iables such as temperature, humidity, and wind speed. 

XGBoost exhibited its capacity to capture nonlinear inter-

actions and seasonal dependencies by consistently outper-

forming the others and achieving the lowest error metrics.  

The results reflect the promise of machine learning 

techniques in operational water resource management and 

emphasize the importance of multi-factor statistical model-

ing in hydrological forecasting. For future investigation, the 

incorporation of satellite images from different seasons for 

the region could further improve the accuracy of the fore-

cast, along with the inclusion of external large-scale climate 

indices (e.g., ENSO, NAO), which may further enhance 

model accuracy. 
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