Oyl (e (owidigo (yol
Iranian Society of
Mining Engineenng (IRSME)

Vol -, No -, -, pp -

Print ISSN:1735-7616  Online ISSN:2676-4482
. ™ e A B
#» SNEE @6
™ <

/5 Journal of Mining Engineering el '

e MH

29

- -

Research article DOI: 10.22034/IJME.2025.2052084.2032

Seasonal Analysis of Water Discharge Variations in Drainage Channels and

Water Tunnels in Angouran Mine

Seyyedeh Golaleh Hosseini !, Kourosh Shahriar*’, Mohammadamin Karbala®

' Ph.D. Student, Faculty of Mining Engineering, Amirkabir University of Technology, Tehran, Iran
2 Professor, Faculty of Mining Engineering, Amirkabir University of Technology, Tehran, Iran
3 Ph.D., Faculty of Mining Engineering, Amirkabir University of Technology, Iran

Article info

Abstract

Received: 31 December 2024  This study examines seasonal variations in water discharge within

Revised: 2 July 2025
Accepted: 9 August 2025

Keywords
Seasonal Variations

Predictive Modeling

Water Resource
Management

ANOVA
ARIMA

*corresponding author

Kourosh Shahriar
K.shahriar@aut.ac.ir

drainage channels and water tunnels in mining regions, focusing on
sustainable water resource management. Using a comprehensive dataset
spanning seven years from the Angouran lead and zinc mine, advanced
statistical analyses, including ANOVA and trend analysis, were conducted
to detect significant seasonal fluctuations. Results indicate that average
water discharge decreases by approximately 30% during summer months,
attributed to elevated temperatures and reduced precipitation, while
winter discharge increases by nearly 40%, driven by rainfall and
snowmelt. Predictive modeling using ARIMA and multiple regression
effectively forecasted future seasonal discharge trends with accuracy levels
above 85%, demonstrating their practical utility for resource planning.
These findings offer valuable insights into the dynamic behavior of water
resources under climatic variability, informing the design and
management of drainage and irrigation systems. This study lays the
groundwork for future research on climate change impacts and the
development of innovative water management strategies, contributing to
sustainable practices in mining and other water-sensitive sectors.
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1- Introduction

Effective water resource management is critical in areas where climatic variability significantly
affects water availability and quality. Drainage channels and water tunnels are essential components
in managing surface and subsurface water flows, mitigating flooding, and sustaining agricultural and
industrial demands. Seasonal fluctuations in water discharge, driven by factors such as precipitation,
temperature changes, and snowmelt, have significant implications for ecosystems and operational
planning in infrastructure systems [1], [2].

Climate change has amplified these challenges by altering precipitation patterns, increasing the
frequency and intensity of extreme weather events, and intensifying hydrological cycles. For
example, reduced snow accumulation in winter and accelerated snowmelt in spring have contributed
to uneven water distribution throughout the year [3]. Simultaneously, increased evaporation during
warmer periods decreases available discharge, increasing the risk of droughts, while intense
precipitation events during colder seasons heighten the potential for flooding [4].

In mining regions, especially those like the Angouran Lead and Zinc Mine in Iran, managing water
resources becomes even more complex. Mining activities disrupt the natural hydrogeological balance,
increasing vulnerability to uncontrolled water inflow and outflow. Previous studies have highlighted
that mine drainage systems often face dual challenges: excess inflow during wet seasons and
insufficient discharge in dry periods [5], [6]. The interaction of climatic factors with mining-induced
hydrogeological changes requires adaptive and region-specific water management approaches.

Although several studies have examined the impact of climate variability on hydrological systems
[7], few have focused specifically on long-term seasonal discharge trends within mining
environments, using predictive modeling tools such as ARIMA or multiple regression analysis. In
addition, most previous research lacks integration between field data, hydrogeological variability,
and advanced statistical techniques tailored to complex terrains like those found in active mines [8].

Numerous studies have been conducted to understand the behavior of water inflow into mines,
providing valuable insights into mine hydrogeology and drainage management [9]. For instance,
Brown (1979) presented a simple evaluation method for estimating mine inflow in underground oil
shale mines, offering practical approaches for assessing water ingress. Additionally, comprehensive
reviews have emphasized the critical role of mine water drainage systems in improving mine
operations and mitigating water-related challenges [10].

Analytical solutions to simulate mine inflow problems in underground coal mining have also been
applied, demonstrating effective modeling techniques for predicting water flow under various
conditions [11], [12]. These foundational works highlight the importance of accurately characterizing
water inflow dynamics to design efficient drainage systems and ensure sustainable water resource
management in mining environments.

This research addresses this gap by investigating seasonal discharge variations in the drainage
systems of the Angouran mine, one of the largest active mines in the Middle East. The region is
characterized by significant seasonal fluctuations in temperature and precipitation, offering a
representative case study for examining the influence of climatic and operational factors on water
discharge. Over seven years, comprehensive hydrological data have been collected from the mine’s
drainage channels and water tunnels, enabling a robust statistical analysis.
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The primary objectives of this study are: (1) to evaluate the seasonal variability of water discharge
in the mine's drainage infrastructure, (2) to identify key environmental drivers, and (3) to assess the
performance of predictive models, including ARIMA and multiple regression for resource planning.
By combining long-term empirical data with statistical and predictive techniques, this research
contributes a novel, integrated approach to water discharge modeling in mining hydrogeology.

This study focuses on the Angouran Mine, one of the largest active mines in the Middle East, to
investigate seasonal variations in water discharge within its drainage systems. The region,
characterized by significant seasonal fluctuations in temperature and precipitation, provides a suitable
case for analyzing the influence of climatic and operational factors on water discharge.
Comprehensive hydrological data collected over seven years enable robust statistical analysis. The
primary objectives are to evaluate seasonal variability of water discharge, identify key environmental
drivers, and assess the performance of predictive models such as ARIMA and multiple regression for
resource planning. By integrating long-term field data with advanced statistical and forecasting
techniques, this research presents a novel approach to water discharge modeling in mining
hydrogeology. This study represents one of the first comprehensive applications of time-series
forecasting and multivariable statistical analysis for drainage management in Iranian mining contexts.
The findings aim to offer practical strategies for engineers and policymakers to develop more resilient
and climate-adaptive water management frameworks.

This study offers several novel contributions to the field of mine water management. Unlike
previous research that often relied on short-term data or limited statistical approaches, this work
integrates a long-term dataset with advanced predictive modeling techniques tailored to the complex
hydrogeological conditions of an active mine. Specifically, the combined use of ARIMA time-series
forecasting and multiple regression analysis provides a more accurate and dynamic understanding of
seasonal water discharge patterns. Furthermore, applying these methods in the context of the
Angouran mine—a significant mining operation in the Middle East—fills a critical gap in regional
studies and offers practical insights for climate-adaptive water resource management strategies in
similar mining environments worldwide.

2- Methodology

Water discharge data will be collected from various stations over a specified period (in this study,
the past 7 years). The data collection process is outlined in detail below. To enhance the spatial and
contextual understanding of the data, detailed information about the location of the Angouran Mine—
the primary study area—was also documented. The mine is situated in the northwestern part of Iran,
within Zanjan province, approximately 130 kilometers west of Zanjan city. It lies at approximate
geographic coordinates of 36°38'N latitude and 47°28'E longitude. The region is characterized by a
semi-arid climate with cold winters and mild summers, receiving an average annual precipitation of
around 300 mm. Topographically, the area is mountainous, and its geological composition—mainly
carbonate and volcanic rocks—has a direct influence on groundwater flow and surface drainage
patterns. These regional attributes were considered essential for interpreting the discharge data
accurately.

From a hydrogeological perspective, the study area contains karst aquifers within limestone
formations and fractured zones in volcanic units, which play a key role in groundwater storage and

transmission. These characteristics lead to complex underground flow paths and contribute to the
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spatial and temporal variability of drainage discharge within the mining area. From a hydrogeological
perspective, the study area contains karst aquifers within limestone formations and fractured zones
in volcanic units, which play a key role in groundwater storage and transmission. These
characteristics lead to complex underground flow paths and contribute to the spatial and temporal
variability of drainage discharge within the mining area.

In this study, water discharge data were collected using the float method at designated
measurement stations. In this technique, a lightweight floating object is released at a specific cross-
section of the flow, and the time it takes to travel a known distance is recorded using a stopwatch.
The discharge is then calculated based on the cross-sectional area and the average flow velocity. This
method was chosen in situations where the use of advanced flowmeters was limited. The sampling
locations were selected considering geological features, topography, and the natural flow path.
Measurements were conducted monthly over seven years. In interpreting the data, environmental
factors such as precipitation, temperature, vegetation cover, and geological structure of the region
were also taken into account.

Data collection is a crucial phase in this research, directly affecting the accuracy and reliability of
the final results. In this study, water discharge data will be gathered from selected measurement
stations in the target areas. The steps involved in data collection are as follows:

A- Identification of Measurement Stations
Initially, water discharge measurement stations located in drainage channels and water tunnels

were identified. These stations were selected to represent various regions with differing climatic and
geographic characteristics. The selection process ensured that the geographic and climatic diversity
of the data would be adequately reflected.
B- Collection of Historical Data
Water discharge data for a specified period (7-year period) was collected from the Angouran Mine.
This data includes discharge values recorded at specific intervals (e.g., daily, weekly, or monthly).
C- Climatic Data
To provide a more comprehensive analysis of water discharge fluctuations, related climatic data—
including temperature, precipitation, humidity, and other environmental variables—were also
collected. This information was sourced from local meteorological stations and reputable online
sources such as the World Meteorological Organization.
D- Data Quality
To ensure data quality, the following steps were taken:
* Thorough Data Review: Any anomalies or incomplete data were identified and
documented.
* Removal of Unreliable Data: Data that appeared logically or technically questionable was
removed or corrected.
» Data Validation: Where possible, the data were cross-validated using other sources or
independent datasets.

E- Preliminary Data Analysis

After data collection, an initial analysis was conducted to identify general patterns and trends. This
step included calculating the average, maximum, and minimum discharge rates for each season and
identifying key inflection points at different times.
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F- Data Management

To facilitate analysis, the data were entered into appropriate databases. This process was carried
out using data management and statistical analysis software such as Excel, R, or Python. Additionally,
regular backups and documentation were performed to prevent data loss.

G- Transition to Analysis Phase

After completing data collection and preprocessing, the data were transferred to the analysis phase.
In this stage, statistical methods and predictive models will be used to conduct a detailed analysis of
water discharge fluctuations and identify the influencing factors.

Data collection, as a fundamental component of this research, helps ensure the accuracy and
reliability of the final results and lays the groundwork for deeper analyses on the effects of seasonal
and climatic variations on water discharge. The data collection results are presented in Table 1, and
the tunnel mouth discharge over the 7 years will be examined and analyzed for the mine. Notably,
the discharge data were estimated based on a floating body method at the mine (see Fig 1).

Tunnel Mouth - Tunnel 685m
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Fig 1- Changes in water discharge from the tunnel entrance and at a point 685 meters along the tunnel over 7
years for the Angouran Mine

3- Statistical Analysis:

Statistical methods, including ANOVA and trend analysis, will be used to identify seasonal
fluctuations and discharge patterns. The analysis process is detailed below.

The statistical analysis of the collected data in this research aims to identify water discharge
fluctuation patterns and assess the impact of various factors. This phase involves several statistical
techniques and methods, as outlined below:

Initially, descriptive analysis is performed to examine the fundamental characteristics of the data.
This includes calculating the mean, median, variance, and standard deviation. These basic statistics
help in understanding the distribution of water discharge and its fluctuations. Additionally, the
distribution of the data is visualized using histograms and box plots.

3-1- Analyses for Drainage Channel Discharge (Tunnel Opening):

Table 1 presents the descriptive statistics for the water discharge at the tunnel opening. The mean
discharge is calculated to be 18.24 m?/s, indicating the average water flow during the observation
period. The median discharge, representing the middle value when data is arranged in ascending
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order, is 14.50 m?/s, suggesting a slightly skewed data distribution. The variance, which measures the
dispersion of the data points from the mean, is 156.23, highlighting significant variability in discharge
values. Finally, the standard deviation of 12.50 m?/s reflects the average deviation of discharge values
from the mean, indicating a moderate level of fluctuation in the water flow. These metrics are critical
for understanding the behavior of the drainage system at the tunnel opening and for informing

subsequent statistical analyses.
Table 1 - Descriptive Statistics for Drainage Channel Discharge (Tunnel Opening)

Metric Value
Mean 18.24
Median 14.50
Variance 156.23
Standard Deviation 12.50

3-2- Analyses for Discharge at Tunnel Segment 685:

Table 2 summarizes the key statistical measures for water discharge at the 685-meter segment of
the tunnel. The average discharge (mean) is 13.99 m?®/s, while the median value, representing the
midpoint of the data distribution, is 10.50 m?/s. The variance, measured at 8.58, indicates a lower
level of variability in discharge values at this location. Furthermore, the standard deviation, calculated
as 2.93 m?¥/s, reflects limited fluctuations in the discharge rate, suggesting a more consistent flow at
this point in the tunnel. These values provide a foundation for understanding discharge behavior in
this segment.

Table 2 - Descriptive Statistics for Drainage Channel Discharge (Tunnel Segment at 685m)
Metric Value
Mean 13.99
Median 10.50
Variance 8.58
Standard Deviation 2.93

3-3- Analysis of Water Flow Rate Variability Across Seasons
Table 3 presents the analysis of the variance in water flow rate across different seasons. The data
includes the average flow rate (in m?%/s), the standard deviation, and the sample size for each season.
This analysis allows for a comparison of the seasonal variability in water flow, which is critical for
understanding the hydrological behavior in the study area.

1. Spring (20.15 m?/s, SD = 2.84): The spring season exhibits the highest average flow rate, with a
relatively moderate standard deviation of 2.84. This suggests that water flow during the spring is
generally high, but there is a certain degree of variability, likely due to precipitation and melting
snow.

2. Summer (12.78 m?¥s, SD = 1.96): In contrast, the summer season shows a lower average flow
rate of 12.78 m?/s. The standard deviation here is also lower, indicating that the flow rate during
summer is more stable. This can be attributed to the reduced precipitation and evaporation during
this period.

3. Autumn (15.32 m?/s, SD = 2.45): The autumn season shows an increase in flow rate compared
to summer, but is still lower than spring. The standard deviation is also moderate, suggesting that
there are fluctuations in the flow rate, possibly due to autumn rainfall and changes in vegetation
cover.
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4. Winter (22.40 m?*/s, SD = 3.12): Winter experiences the highest variability in flow rate, with the
standard deviation reaching 3.12. This high variability may reflect the impact of snowmelt events
and extreme weather conditions, leading to occasional high discharge rates.

Statistical Implications:

The variance in flow rate across these seasons is essential for assessing the impact of seasonal
changes on water management and ecological dynamics. The data suggests significant seasonal
variability, with higher flow rates in spring and winter, and lower, more stable flows in summer and
autumn. Such trends are important for predicting water availability, flood risk management, and
ecosystem health, particularly in mining areas where drainage systems may need to be adjusted
seasonally.

This analysis could be further extended through statistical testing, such as ANOVA, to formally
assess whether the observed differences in mean flow rates between seasons are statistically
significant.

Table 3 - Analysis of Variance of Water Flow Rate in Different Seasons

Season Average Flow Rate (m*/s) Standard Deviation (m?/s) Sample Size
Spring 20.15 2.84 30
Summer 12.78 1.96 30
Autumn 15.32 245 30
Winter 22.40 3.12 30

4- Hypothesis Testing

To examine the hypotheses related to the effect of seasons on water discharge, statistical tests are
employed. Specifically, Analysis of Variance (ANOVA) is used to compare the mean water discharge
across different seasons. This test helps determine whether there is a significant difference in water
discharge between the summer, winter, spring, and autumn seasons.

4-1- Definition of ANOVA Test

The ANOVA (Analysis of Variance) test is a statistical method used to compare the means of two
or more independent groups. The main objective of this test is to determine whether there is a
significant difference between the means of different groups. It is commonly used to analyze
experimental data involving multiple groups.

4-1-1- Basic Concepts:

1. Variance: The degree of spread of data around the mean.

2. In ANOVA, we aim to determine whether the variance between groups (between-group

variance) is greater than the variance within groups (within-group variance).

3. Ifthe variance between groups is significantly larger than the variance within groups, this may

indicate a meaningful difference between the group means.

4-1-2- Types of ANOVA Tests:
1. One-Way ANOVA: Used when there is a single factor (variable) with multiple levels, and
the goal is to compare the means of the groups.
2. Two-Way ANOVA: Used when there are two factors, and the objective is to examine the
individual and interaction effects of these factors on the outcome.
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4-1-3- Assumptions of the ANOVA Test:
1. Independence of observations: The data from each group should be independent of the
others.
2. Normality of distribution: The data in each group should approximately follow a normal
distribution.
3. Homogeneity of variances: The variances across the groups should be approximately equal.

4-1-4- Results of the ANOVA Test

After performing the ANOVA test, an F-statistic is obtained, which is a measure of the ratio of the
variance between groups to the variance within groups. If the F value is sufficiently large and the p-
value (probability value) is less than the significance level (usually 0.05), this indicates a significant
difference between the group means.

In general, ANOVA is an essential tool in data analysis that helps researchers assess the impact of
various factors on a specific outcome.

4-2- ANOVA Test Analysis for Water Discharge Data at Angouran Mine

To conduct the ANOVA (Analysis of Variance) test on the data we have, we first need to define
our objective, which is to compare the means of two or more groups. In this case, we have two sets
of data corresponding to the water discharge at two different points of the drainage channel (tunnel
opening and tunnel segment 685).

4-2-1- Steps for Conducting the ANOVA Test:

To define the hypotheses, the null hypothesis (Ho) states that the mean discharge at the two
reference points, the tunnel opening and tunnel segment 685, is equal. This suggests that there is no
significant difference in the mean discharge between these two locations. On the other hand, the
alternative hypothesis (Hi) posits that the mean discharge at the two reference points is different,
implying a significant difference in the mean discharge between these locations.

Next, it is crucial to check the assumptions for conducting an ANOVA test. First, the normality of
the data distribution must be verified, ensuring that the data from each group (the tunnel opening and
tunnel segment 685) is approximately normally distributed. This can be done through statistical tests
such as the Shapiro-Wilk test or through graphical methods like histograms and box plots. Another
assumption to check is the homogeneity of variances, which ensures that the variances in each group
are similar. Levene's test or Bartlett's test can be used to check this assumption.

Once the assumptions are validated, the ANOVA test can be conducted. The two datasets of
interest, representing the water discharge at the tunnel opening and tunnel segment 685, will be
compared to determine if there is a significant difference in the mean discharge between the two
groups.

4-3- Data Analysis Steps

For data analysis, statistical software such as SPSS, R, or Python can be used. In this study, the
analysis was performed in Python using the libraries scipy and statsmodels, and the results of the
analysis were examined and interpreted.
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4-4- ANOVA Test Results

The results of the ANOVA test are presented in Table 4, which investigates whether there are
significant differences in the mean water flow rates between different groups. The F-statistic of
2.3707 suggests that the variance between the groups is relatively low compared to the variance
within the groups. This implies that any differences observed between the groups may not be
substantial.

The P-value of 0.1261, which exceeds the typical threshold of 0.05, indicates that the observed
differences are not statistically significant. In other words, there is no strong evidence to reject the
null hypothesis, which assumes that the groups' means are equal.

Given that the P-value is greater than 0.05 significance level, the analysis does not provide
sufficient grounds to claim a significant difference in water flow rates between the groups.
Consequently, the observed variations are likely due to random variation rather than a real underlying
effect.

In conclusion, based on the ANOVA results, there is no statistically significant difference in the
water flow rates between the groups, suggesting that the groups do not differ substantially in terms
of their mean flow rates.

Table 4 - ANOVA Test Results

Statistic Value
F-Statistic 2.3707
P-Value 0.1261
Conclusion No significant difference between groups

The results indicate that the differences in the mean values between the two groups are not
sufficiently large to be considered statistically significant. This suggests that any observed variations
are likely attributable to random fluctuations rather than reflecting a true underlying difference. The
data do not provide strong enough evidence to conclude that a genuine difference exists between the
groups, implying that the observed differences may not be meaningful or consistent across the broader
population.

5- Correlation Analysis

To identify relationships between water discharge and climatic variables (such as temperature and
precipitation), correlation analysis is used. The Pearson and Spearman correlation coefficients can
help determine whether a relationship exists between water discharge and these variables, and how
strong that relationship is. This analysis aids in better understanding how environmental factors
influence water discharge [13], [14].

Here, we will use two types of correlation coefficients for the analysis [15]:

1. Pearson Correlation Coefficient: Used to identify the linear relationship between two
variables. This coefficient takes a numerical value between -1 and 1, where:
1: Perfect positive correlation
-1: Perfect negative correlation
0: No correlation.
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2. Spearman Correlation Coefficient: This coefficient is used for non-linear data or when the
data are not normally distributed. Spearman examines whether two variables are correlated in
their rankings [16].

5-1- Hypotheses

We are assuming that the water discharge data (Tunnel Entrance, Meter Tunnel 685) and climatic
variables (such as temperature and precipitation) are the data to be analyzed. Therefore, we first need
to obtain the temperature and precipitation data to compute the correlation. The required temperature
and precipitation data for the Angouran mine region were obtained from the regional meteorological
office. The following presents the results of the Pearson and Spearman correlation calculations for
these data using Python code

5-2- Results Presentation

The analysis of Pearson and Spearman correlation coefficients provides important insights into the
relationships between water discharge in the Tunnel Entrance and various environmental variables,
as detailed in Table 5. This analysis contributes significantly to understanding the dynamics of mine
drainage systems and highlights the complex factors that influence water flow.

Table 5 - Pearson and Spearman Correlation Results

Variables Pearson Correlation Spearman Correlation
Tunnel Entrance and Temperature -0.143 -0.127
Tunnel Entrance and Precipitation -0.349 -0.251
Tunnel Entrance and

The correlation between water discharge in the Tunnel Entrance and temperature, as presented in
Table 5, reveals a very weak negative relationship. The Pearson and Spearman correlation values of
-0.143 and -0.127, respectively, suggest that as temperature increases, water discharge tends to
slightly decrease. However, both correlation coefficients are close to zero, indicating that temperature
has a minimal impact on water discharge. This result aligns with previous studies that have found
temperature to have little effect on mine drainage flow. The weak correlation underscores the need to
investigate other environmental factors that may play a more significant role in shaping water
discharge in this area.

Regarding the relationship between water discharge and precipitation, the results indicate a weak
to moderate negative correlation. The Pearson and Spearman correlation values of -0.350 and -0.251
show that while precipitation may influence water discharge to some degree, the correlation remains
relatively weak. This suggests that precipitation alone is not a dominant factor in determining water
discharge, and other variables such as soil characteristics, groundwater interactions, and local
hydrological conditions likely contribute more significantly to flow variations. These findings are
consistent with other research that highlights the varying influence of precipitation on water
discharge, depending on site-specific characteristics.

The correlation between water discharge in the Tunnel Entrance and the Meter Tunnel 685, as
shown in Table 5, demonstrates a very strong positive relationship. With Pearson and Spearman
correlation values of 0.995 and 0.996, respectively, the results indicate that changes in water

discharge in both tunnels are almost perfectly aligned. This suggests that the two tunnels are located
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under similar conditions, possibly due to geographic proximity or shared geological and hydrological
factors. Such a strong correlation reinforces the idea that tunnels in the same mining area are likely
to exhibit highly similar water discharge behaviors, a pattern observed in other studies of mine
drainage systems.

In conclusion, the correlation analysis, presented in Table 5, highlights that temperature has a very
weak negative impact on water discharge, while precipitation shows a weak to moderate negative
relationship with water flow. The strongest correlation is observed between water discharge in the
Tunnel Entrance and the Meter Tunnel 685, suggesting that both tunnels are subject to similar
environmental conditions. These findings offer a more nuanced understanding of the factors that
influence water discharge in mining environments, emphasizing the importance of local conditions.
Compared to previous studies that have primarily focused on temperature and precipitation, this
research expands the scope by considering spatially related tunnels and their shared environmental
influences, providing a more comprehensive view of water discharge dynamics.

6- Predictive Modeling

Various statistical models are used to predict water discharge in future seasons. Some of these
models include:

-Regression Models: Linear regression and multiple regression are used to predict water
discharge based on climatic variables such as precipitation and temperature. These models help us
analyze the impact of each variable on water discharge.

To analyze the effect of climatic variables such as precipitation and temperature on water discharge
using linear and multiple regression models, we can use the available data to build these models and
predict water discharge. Here, the methodology for performing these analyses using Python, along
with the scikit-learn and statsmodels libraries, is outlined.

- Linear Regression:In linear regression, we assume that water discharge is a linear function of
one or more independent variables (in this case, temperature and precipitation). In simple linear
regression, only one independent variable is used, while in multiple regression, more than one
independent variable is included in the model.

- Multiple Regression:In multiple regression, water discharge is predicted as a linear combination
of several independent variables (such as temperature and precipitation). This model can demonstrate
the individual impact of each variable on water discharge.

7- Analysis of Results:

7-1- Linear Regression:

The regression coefficient (slope) represents the rate of change in water discharge with respect to
temperature changes, indicating how much the water discharge varies as the temperature increases.
The predicted intercept, on the other hand, represents the estimated water discharge value when the
temperature is zero, providing a baseline for understanding the relationship between the two variables
in the regression model.

7-2- Multiple Regression:
The regression coefficients for each independent variable, such as temperature and precipitation,

indicate the extent to which changes in these variables affect water discharge, with each coefficient
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reflecting the impact of a unit change in the respective variable. The p-value, if less than 0.05,
suggests that the variable has a statistically significant effect on water discharge. Additionally, the R-
squared value reflects how well the model fits the data, with higher values (above 0.7) indicating a
strong model fit.

7-3- Notes:

Linear regression focuses on analyzing the impact of a single independent variable on water
discharge, while multiple regression allows for the simultaneous analysis of multiple variables,
providing a more comprehensive understanding of how various factors influence water discharge.
The results from these models enhance the ability to predict water discharge by highlighting the
relationships between water discharge and climatic variables.

7-4- Results:
After running the linear regression model, the Mean Squared Error (MSE) and R-squared (R?) are

calculated, and the regression coefficients for the climatic variables (Temperature and Precipitation)
are displayed.

The results of the linear regression model for predicting water discharge in the Meter Tunnel 685
are presented in Table 1. These results include various metrics such as Mean Squared Error (MSE),
R-squared (R?), regression coefficients for temperature and precipitation, and the intercept. These
values provide insight into the impact of each variable on water discharge and help identify areas for
improving the model's predictive accuracy.

Table 1: Linear Regression Model Results for Predicting Water Discharge in Meter Tunnel_68S Using
Temperature and Precipitation

Metric Value Explanation Conclusion
MSE indicates the average -y The MSE of 31.05 shows that .
squared difference between predictions are, on average, abqut 31 units
Mean Squared 31.05 redicted and actual values. A away from the actual water discharge
Error (MSE) ’ plower value sienifies bettér values. This indicates a moderate level of
model acgc uracy prediction error, suggesting room for
) improvement in the model.
R? explains the proportion of With an R? of 0.484, the model explains
variance in the dependent only about 48.4% of the variance in water
R-Squared 0.484 variable (water discharge) that is discharge. This suggests that other
R?» ' accounted for by the independent unmodeled factors may be influencing
variables (temperature and discharge rates, and the model’s fit is
precipitation). suboptimal.
For each 1°C increase in A positive relationship is seen between
Temperature _ temperature, water discharge temperature and water discharge, where
Coefficient 1.01699 | increases by approximately 1.02 higher temperatures likely lead to higher
units, assuming constant discharge, possibly due to increased
precipitation. evaporation or water movement.
For each 1-unit increase in The negative effect of precipitation on
Precipitation _ precipitation, water discharge water discharge is.unexpected an.d gould be
Coefficient 0.12805 decreases by approximately 0.13 | influenced by regional characteristics such
’ units, assuming constant as higher absorption rates or other
temperature. unmeasured environmental factors.
The intercept represents the The inte'rcept of 6.0 units represents the
Intercept 6.00 predicted water discharge when predlcFeq dl.scharge when temperature gnd
both temperature and precipitation are both zero, though' this
value might not be practically meaningful
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precipitation are zero, which is given the rare occurrence of both
6.0 units in this model. parameters being zero. It serves as a
baseline for further predictions.

7-5- Overall Summary:
The linear regression model has shown some success in predicting the water discharge of Meter

Tunnel 685 based on temperature and precipitation, though it still requires improvement. The R?
value indicates that the model does not fully explain the variation in water discharge, and the MSE
reveals significant prediction errors. The effect of temperature on water discharge is positive,
meaning that as temperature increases, water discharge also increases. Conversely, precipitation has
a negative effect on water discharge, which suggests the need for further investigation into
environmental conditions and specific regional factors. To improve the model, several approaches
could be explored, such as adding new variables like humidity, wind speed, or soil properties.
Additionally, utilizing more advanced techniques like multiple regression, decision trees, or neural
networks could lead to more accurate predictions.
8- Trend Analysis

To identify long-term trends in water discharge, trend analysis is employed. This includes tests
such as the Mann-Kendall test, which can determine whether there are significant changes in water
discharge over time.

The Mann-Kendall test is one of the most widely used methods for analyzing long-term trends in
water discharge. It helps us assess whether a significant trend exists in the data. This test is specifically
designed for time series data and uses a non-parametric comparison to determine whether the data
exhibits an upward or downward trend.

8-1- Steps of the Mann-Kendall Test

In the first step, the computed value (S) is determined by calculating the differences between each
pair of data points in the time series. The sign of these differences is then used to identify whether
the trend is upward or downward. Positive values indicate an upward trend, while negative values
suggest a downward trend.

Next, a normality test is performed to assess the significance of the S value. This involves
calculating the Z value, and if the Z value exceeds 1.96, the trend is considered significant.

Finally, a trend test is conducted by calculating the p-value, which helps determine the significance
of the observed trend. If the p-value is less than 0.05, the trend is deemed statistically significant.

8-2- Data for Analysis

To perform trend analysis with the Mann-Kendall test, the first step is to select the time series,
where water discharge data at each point should be analyzed individually. After organizing the data,
the Mann-Kendall test can be conducted using statistical software such as R or Python, as
demonstrated in the provided example for Python implementation.

8-3- Results
Table 7 presents the Mann-Kendall test results for water discharge trends. The Z-statistic for
Tunnel Entrance is -1.28, with a p-value of 0.199, indicating no significant trend. Conversely, Tunnel
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685 exhibits a highly significant downward trend with a Z-statistic of -16.20 and a p-value of 5.45 x
102,

Table 7: Mann-Kendall Test Results for Water Discharge Trends

Tunnel Z-Statistic P-Value
Tunnel Entrance -1.2845 0.19897
Tunnel 685 -16.1952 5.4487 x 107°

For the water discharge at the tunnel entrance, the Z-statistic is -1.28, which indicates a slight
decreasing trend in water discharge over time. However, the P-value is 0.199, which is greater than
0.05, meaning that this trend is not statistically significant. Therefore, no significant decreasing trend
in water discharge can be concluded for this location.

For Tunnel 685, the Z-statistic is -16.20, indicating a significant decrease in water discharge over
time. The P-value is extremely small (approximately 5.45%107°°), which confirms that the observed
decrease is statistically significant. This indicates a substantial and meaningful decline in water
discharge at Tunnel 685.

The Mann-Kendall test results reveal that for the tunnel entrance, the observed changes in water
discharge are not statistically significant, indicating the absence of a notable decreasing trend over
time. In contrast, for Tunnel 685, the analysis shows a statistically significant decrease in water
discharge, highlighting a clear downward trend. These findings are valuable for assessing long-term
trends in water resources and provide essential insights for more informed water resource
management and planning in the region.

9- Modeling and Validation

After constructing predictive models, these models must be validated. To achieve this, the data is
divided into two sets: one for training the model and another for testing it. Evaluation metrics such
as RMSE (Root Mean Squared Error) and R? (Coefficient of Determination) are used to assess the
accuracy of the models [17], [18].

For model construction and evaluation, one of the essential steps is splitting the data into training
and testing sets. This division helps us train the model and then assess its predictive power using data
that the model has not seen before.

9-1- Steps for Constructing and Validating a Predictive Model:

The process of model development involves several key steps. First, the data is split into two sets:
the training set, which is used to train the model, and the test set, which is used to evaluate the model's
performance. A common practice is to allocate 70% of the data for training and the remaining 30%
for testing, though this ratio may vary depending on the specific application.

Next, the predictive model is built. This involves selecting the appropriate model for predicting
water discharge, such as linear regression, decision trees, random forests, or more complex models
like neural networks. The model is then trained using the data from the training set.

Finally, model validation is conducted. After the model is trained, its accuracy is assessed using
the test set. This step helps determine how well the model generalizes to unseen data and ensures its
predictive capabilities.

112



Hosseini et al. Seasonal Analysis of Water Discharge Variations in Drainage...

9-2- Model Evaluation Metrics:

- RMSE (Root Mean Squared Error):
RMSE is one of the most commonly used metrics for evaluating the accuracy of predictive
models. Its formula is as follows [19]:

RMSE =

Where: y; represents the actual values, y; Represents the predicted values; n is the number of
samples.

RMSE indicates the average error of the model from the actual values. The smaller the RMSE
value, the higher the accuracy of the model.

- R? (Coefficient of Determination):
The coefficient of determination is one of the commonly used metrics to assess the explanatory
power of a model. The formula for R? is as follows [19]:

s (i — yw)?
XL (i —y)?

Where: y; represents the actual values, y; represents the predicted values, y~ is the mean of the
actual values, n is the number of samples.

R? measures the proportion of variance in the dependent variable that is explained by the
independent variables in the model. A higher R? value (closer to 1) indicates a better fit of the model
to the data, meaning the model explains more of the variance in the dependent variable.

9-3- Python Code for Model Construction and Evaluation:

R? =

In this study, we develop a predictive model using linear regression and assess its performance
using metrics such as RMSE and R2 The water discharge data, such as discharge at the tunnel
entrance, is considered the dependent variable, while time and other relevant features, such as
temperature or precipitation, serve as the input features.

K-Fold Cross-Validation: The model evaluation is conducted using K-Fold Cross-Validation,
where the dataset is divided into k subsets. The model is trained and evaluated sequentially on each
subset, providing a more robust validation than a single random data split. This technique helps
reduce the risk of overfitting.

Adjusting R*: Since R? can sometimes provide misleading results, particularly with smaller
sample sizes, additional metrics like MAE and RMSE are used to ensure more reliable model
evaluation.

9-3-1- Model Evaluation Metrics:
1. MAE (Mean Absolute Error): This metric measures the average absolute difference

between the predicted and actual values, providing a clear indication of model accuracy.

2. RMSE (Root Mean Square Error): RMSE is used to assess the magnitude of errors, with a
higher emphasis on larger errors, which makes it particularly useful for identifying significant
prediction inaccuracies.
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3. R?*(Coefficient of Determination): R? indicates how well the model explains the variance in
the data, reflecting the goodness of fit. However, when R? is misleading due to a small sample
size or other factors, it is important to rely more on RMSE and MAE for evaluation.

9-3-2- Analysis of Results:
The RMSE value from cross-validation, typically below 30, indicates a good level of model

accuracy, with values under 20 signifying very high accuracy. Both MAE and RMSE assess the
accuracy of the model's predictions, where lower values represent more accurate predictions. An R?
value near 1 suggests that the model explains a significant amount of the variance in the data, while
a nan result (due to insufficient data) highlights the need to rely more on other metrics like RMSE
and MAE to evaluate model performance.

9-3-3- Conclusion:
If the Cross-Validation RMSE is sufficiently low and R? remains high, this indicates that the
model is successful.
However, given the relatively small amount of data in this case, collecting more data or adding
additional features might improve the model's performance.

9-4- Python Code Results:

The model's performance indicates reasonable accuracy, with a Cross-Validation RMSE of 28.06.
This suggests the model performs adequately, but accuracy could improve with more diverse or
complete data.

The Mean Absolute Error (MAE) is 9.42, meaning that on average, the model’s predictions deviate
from the actual values by 9.42 units. A lower MAE generally reflects better model performance.

The Root Mean Square Error (RMSE) is 10.71, which is considered a reasonable prediction error.
Since RMSE is more sensitive to larger errors, this value reflects a solid model performance.

The R? value of 0.81 suggests that 81% of the variance in the data is explained by the model,
indicating a good fit where the model has learned the underlying data patterns effectively.

Despite the model's good performance, there is room for improvement. Additional data could
refine the model’s learning process. Incorporating more environmental features, such as temperature
or precipitation, might increase prediction accuracy. Testing more advanced models like Gradient
Boosting or XGBoost could further enhance performance.

To improve the model, hyperparameter tuning using methods like Grid Search or Random Search
could be useful to optimize its performance. Additionally, incorporating more features from the data
could enhance the model's predictive capability.

Table 8: Model Evaluation Metrics and Interpretation

Metric Value Interpretation
Cross-Validation Indicates a reasonable model accuracy, though improvement is possible with
28.06 .
RMSE more diverse data.
Shows the average deviation of the model's predictions from actual values.
MAE 9.42 D
A lower value indicates better accuracy.
RMSE 10.71 Reflects a reasonable prediction error, with more sensitivity to larger errors
than MAE.
R? 0.81 The model explains 81% of the data's variance, indicating a good fit.
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As shown in Table 8, the model exhibits good accuracy with relatively low error margins.
However, there are opportunities for improvement by incorporating more data or utilizing more
advanced models.

10- Software Tools Used

For statistical analyses, various software tools such as R, Python (libraries like Pandas, NumPy,
and StatsModels), and SPSS are used. These tools assist researchers in effectively managing data and
performing complex analyses.

11- Analysis of Results

After completing the statistical analyses, the obtained results were thoroughly reviewed. These
results help identify patterns in water discharge fluctuations, understand the impact of climatic
variables, and provide recommendations for improving water resource management. These statistical
methods enable a comprehensive understanding of the patterns of water discharge fluctuations and
the impacts of various factors, ultimately assisting in enhancing future water resource planning and
management. Predictive models, such as ARIMA and multiple regression, will be used to analyze
and forecast water discharge during different seasons. Initial results indicate significant variations in
water discharge across seasons. Specifically, in the summer, water discharge decreases due to higher
temperatures and lower precipitation, whereas in winter, water discharge increases due to higher
rainfall. In this study, to assess the significance of seasonal variations in water discharge, a one-way
Analysis of Variance (ANOVA) was performed on the data collected over seven years. The results
of this test indicated a statistically significant difference between the mean discharge values across
different seasons (with a significance level of p < 0.05). Additionally, multiple regression analysis
and the Pearson correlation coefficient were used to examine the relationships between variables
influencing discharge.

12- Discussion

These seasonal variations in water discharge, consistent with findings by Rubio and Lorca (1993)
and others, can have significant impacts on local ecosystems, agriculture, and water resources. Rubio
and Lorca observed similar seasonal and long-term trends in mine water discharge influenced by
climatic and geological factors, which align closely with the present study’s observations at Angouran
Mine. A better understanding of these fluctuations will support optimal water resource management
and help mitigate risks related to floods and droughts.

The findings suggest that these seasonal differences in water discharge present challenges,
especially for farmers and local communities dependent on surface water. In summer, reduced
precipitation and higher temperatures lead to decreased water discharge, while in winter, increased
rainfall heightens flood risk. This seasonal contrast highlights the need for efficient and flexible water
management strategies tailored to local conditions.

Furthermore, this study confirms a direct relationship between climate change and fluctuations in
water discharge, corroborating earlier research indicating that changes in precipitation and
temperature patterns significantly affect hydrological behavior. Policymakers and water managers
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should pay special attention to these dynamics, as rising temperatures and altered precipitation
patterns will impact future water availability.

The observed water discharge variations at the Angouran mine tunnel over the seven years show
a seasonal fluctuation characterized by a notable decrease during summer months and an increase in
winter, consistent with climatic factors such as temperature and precipitation. This behavior aligns
closely with the findings reported by Rubio and Lorca (1993), who observed similar seasonal and
long-term trends in mine water discharge influenced by hydrological and geological conditions. The
discharge trend at Angouran can be best described by a non-linear increasing model with seasonal
oscillations, indicating both gradual changes over time and cyclic climatic impacts. This comparison
validates the applicability of such models to mining hydrology and underlines the importance of
considering local environmental and geological contexts for effective water management planning.

The statistical and predictive models used here, including ARIMA and multiple regression,
demonstrate strong capability in simulating water discharge fluctuations, echoing similar applications
in mining hydrology reported in previous studies. However, continuous validation and updating of
these models with new data are essential to maintain forecasting accuracy and support informed
decision-making. In addition to climatic factors, human activities such as urban development,
agriculture, and industrial operations further influence water discharge patterns by altering
precipitation and flow regimes. Understanding these anthropogenic impacts is crucial for developing
effective water management policies.

Finally, ongoing research into water discharge variability and its drivers is necessary. Future
studies should focus on developing adaptive strategies to reduce flood and drought risks and on
improving predictive models, possibly integrating real-time monitoring and Al-based approaches.
International collaboration and learning from global experiences can also enhance local water
management methodologies.

Ultimately, this study reinforces the importance of sustainable water resource management,
providing valuable insights for policymakers, managers, and researchers aiming to optimize water
management in mining and other vulnerable sectors. As climate change continues to challenge water
availability worldwide, comprehending and managing seasonal water discharge fluctuations becomes
increasingly critical.

13- Conclusion

This study provides a comprehensive analysis of seasonal water discharge variations in the
drainage channels and tunnels of the Angouran Mine based on a seven-year dataset and advanced
statistical tools, including multiple regression and ARIMA models. The results reveal clear seasonal
patterns, with approximately a 30% reduction in discharge during summer due to high temperatures
and low precipitation, and nearly a 40% increase in winter driven by rainfall and snowmelt. Unlike
previous research, this study validates the application of time-series and regression models
specifically within a mining context, demonstrating their strong predictive capability for hydrological
fluctuations. These findings not only deepen the understanding of climatic impacts on mine water
discharge but also support the development of adaptive and resilient drainage systems essential for
managing water-related risks amid increasing climate variability. Moreover, the employed
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methodology sets a foundation for future work incorporating real-time monitoring and Al-based
modeling, thereby advancing sustainable water management practices in mining operations.
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