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Abstract 
Analyzing wind speed trends provides valuable insights into regional climate dynamics, atmospheric circulation 

changes, and their impacts on environmental and energy systems. This study investigates the temporal trends of 

monthly and annual wind speed in the Darreh Dozdan River basin, located in Lorestan Province, Iran, using a 25-

year dataset (1998–2022) from the Kuhdasht synoptic station. Both parametric (linear regression and Pearson 

correlation coefficient) and nonparametric (Mann–Kendall test and Sen’s slope estimator) methods were applied 

to detect and quantify wind speed trends.  The Mann–Kendall test showed that all months had positive and 

statistically significant Z values greater than +1.96, confirming a persistent upward trend in wind speed. The 

strongest increases occurred in June, August, and September (Z = 4.27–4.86), reflecting intensified wind activity 

during the warmer months. The Sen’s slope and linear regression analyses revealed the largest increases in wind 

speed during February (0.12 m/s per year) and March (0.14 m/s per year), indicating that wind speeds rose most 

rapidly in late winter and early spring, while the annual results from both methods confirmed a steady increase in 

average wind speed of 0.08 m/s per year. Pearson correlation coefficients showed significant positive relationships 

(r > 0.6 for all months), with the strongest correlations in June, August, and September (r > 0.8), confirming a 

highly consistent and stable upward trend during these months. All four analytical methods converged on the 

conclusion that wind speed had increased in a statistically significant and persistent manner, differing only in 

which months exhibited the steepest or most stable growth, thereby providing a comprehensive and robust 

confirmation of wind intensification in the Darreh Dozdan River basin.  These findings highlight the importance 

of accounting for increasing wind intensity in future regional climate assessments, water resource management, 

and land-use planning within the basin. 
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1. Introduction 
Climate change refers to alterations in typical 

weather patterns at both local and global scales 

(Kara and Şahin, 2023). Primarily driven by the 

enhanced greenhouse effect, it has profoundly 

altered the Earth's atmospheric energy balance 

and circulation systems (Kleidon et al., 2023). 

As concentrations of greenhouse gases such as 

carbon dioxide, methane, and nitrous oxide 

continue to rise, global temperatures increase, 

leading to shifts in large-scale pressure 

gradients and atmospheric dynamics (Zhang et 

al., 2021). These changes influence major 

atmospheric circulation systems, including the 

Hadley, Ferrel, and Walker cells, directly 

affecting regional wind patterns and intensities. 
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Recent studies show that climate warming can 

cause both strengthening and weakening of 

wind regimes depending on geographic and 

topographic conditions. Such alterations impact 

energy and moisture transport, with 

consequences for weather systems, renewable 

energy resources, and agricultural processes 

(Park et al., 2024; Wang et al., 2024). 

Wind, defined as the horizontal movement of 

air due to differences in atmospheric pressure 

caused by uneven solar heating, plays a 

fundamental role in regulating the climate 

system (Kara and Şahin, 2023; Berna-Escriche 

et al., 2025). It redistributes heat, moisture, and 

pollutants, influences cloud formation and 

precipitation, and helps maintain the global 

energy balance between the equator and poles. 

Beyond its climatic function, wind is critical for 

environmental and socio-economic processes, 

including air quality management, renewable 

energy generation, and agricultural productivity 

(Rasheed and Ullah, 2023). 

Food security, defined as access to sufficient, 

safe, and nutritious food for all individuals to 

live a healthy life (FAO, 2023), is directly 

threatened by climate change (IPCC, 2022). 

Rising temperatures, altered precipitation 

patterns, and increased extreme weather events 

such as droughts, floods, and storms undermine 

agricultural productivity (Rahman et al., 2022; 

Tanikawa & Hashimoto, 2022). These impacts 

reduce crop yields, increase plant diseases and 

pests, and limit water availability for 

agriculture, particularly affecting developing 

countries and vulnerable populations (Owasa & 

Fall, 2024; Smith et al., 2022). 

Wind also significantly influences agricultural 

and hydrological processes. It affects 

evapotranspiration by enhancing moisture 

transfer from soil and plants to the atmosphere, 

thereby influencing soil moisture, crop water 

use, and productivity (Wanniarachchi & 

Sarukkalige, 2022; Fu et al., 2022). Changes in 

wind speed can alter crop water demand, 

affecting irrigation strategies and food 

production (Mincu et al., 2025). Additionally, 

wind impacts crop pollination, 

evapotranspiration rates, and soil erosion 

(Balfour & Ratnieks, 2025; Markwitz et al., 

2020; Qin et al., 2025). 

To identify trends in wind speed over time, 

researchers employ parametric and non-

parametric statistical methods. Parametric 

approaches, assuming specific data 

distributions, include linear regression and 

Pearson’s correlation coefficient (Akçay et al., 

2022; Mirabbasi et al., 2020; Yılmaz & Kara, 

2024). Non-parametric methods, including the 

Mann–Kendall trend test and Sen’s slope 

estimator, are more robust against non-

normality and extreme values (Gutiérrez 

Hernández et al., 2024). Combining both 

approaches provides a more comprehensive 

assessment of wind speed trends (Akçay et al., 

2022; Aschale et al., 2023). 

A growing body of observational and 

reanalysis-based research has examined global 

and regional changes in wind speed. Deng et al. 

(2021) reported overall weakening over land 

surfaces but slight strengthening in some 

marine regions. Hahmann et al. (2022) found 

that mean wind speeds and wind power 

densities in parts of the North Sea may not 

change substantially in the annual mean 

between 2031–2050 compared to 1995–2014, 

though seasonal shifts are expected to affect 

summer energy production. Zhao et al. (2023) 

and Shi et al. (2022) emphasize that interpreting 

heterogeneous wind trends requires accounting 

for local factors such as topography, coastal 

versus inland location, measurement height, 

and regional circulation shifts. Siddiqui et al. 

(2025) reported significant reductions in near-

surface wind speeds and wind energy potential 

under high-warming scenarios across the 

Middle East and North Africa. Understanding 

spatial and temporal wind variability is 

essential for distinguishing long-term trends 

from short-term fluctuations. 

Despite numerous studies on wind speed trends, 

many rely solely on parametric or non-

parametric methods, potentially introducing 

biases or overlooking subtle variations (Totaro 

et al., 2020). Moreover, global or regional 

analyses may obscure localized dynamics 

crucial for water management, agriculture, and 

climate adaptation. To address these gaps, 

focused studies on specific basins or regions are 

essential. Such localized analyses provide 

detailed understanding of wind behavior, its 

interactions with topography, vegetation, and 

microclimate, and yield actionable insights for 

sustainable agriculture, water resource 

planning, and climate-resilient policy 

development (Luo et al., 2022). 

The Darreh Dozdan River basin, located in 

Lorestan Province, Iran, is a climatically 

sensitive region where wind dynamics 

influence local weather patterns, 

evapotranspiration, and land degradation. 
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Despite its environmental and agricultural 

importance, no previous studies have 

investigated wind speed trends in this basin. 

Assessing the temporal behavior of wind speed 

is crucial for understanding regional climate 

variability and its potential impacts on water 

resources, agriculture, and soil conservation. 

Therefore, the main objective of this study is to 

analyze monthly and annual trends in wind 

speed in the Darreh Dozdan River basin using 

both parametric and nonparametric statistical 

methods. The findings are expected to fill an 

important research gap and provide a scientific 

basis for future climate adaptation and resource 

management strategies in the region. 

 

2.Materials and methods 

2.1. Study area 
The Darreh Dozdan River basin is located in 

Lorestan Province, Iran. It is part of the second-

level watershed known as the Karkheh basin 

(Ahmadpari and Khaustov, 2025a). In this 

study, to analyze wind speed trends in the 

Darreh Dozdan River basin, data from the 

Kuhdasht synoptic station were utilized. The 

Kuhdasht synoptic station has been established 

and operated by the Iran Meteorological 

Organization since 1997. It is situated at 

47°38′52′′E longitude, 33°31′27′′N latitude, 

and an elevation of 1,197 meters above sea 

level (Ahmadpari and Khaustov, 2025b). Figure 

1 shows the geographic location of the study 

area within Lorestan Province and Iran. 

 

Figure 1. Geographical location of the study area 

 

2.2. Monthly and annual wind speed 

trends 
spanning 25 years from 1998 to 2022, were 

collected for analysis. The trends were assessed 

using both parametric methods, including 

regression analysis and Pearson correlation, and 

non-parametric methods, specifically the 

Mann–Kendall test and Sen’s slope estimator. 

The Mann–Kendall and Sen’s slope 

computations were performed using the 

MAKESENS 1.0 Excel macro, a freeware 

released by the Finnish Meteorological Institute 

in 2002. Mann–Kendall plots were generated 

using the Mann–Kendall Excel macro, 

developed in 2017 by the Iran Meteorological 

Organization. Regression analyses and Pearson 

correlation coefficients were calculated using 

Microsoft Excel 2019. A 95% confidence level 

was used to assess statistical significance, with 

p-values below 0.05 considered significant and 

those above 0.05 not significant (Kwak, 2023). 

 

2.2.1. Mann-Kendall test 
The Mann–Kendall test is a widely applied 

nonparametric method for identifying 

monotonic trends, whether increasing or 

decreasing, in hydrological and climatic time 

series, without assuming any specific 

underlying data distribution (Liu et al., 2022). 

In the Mann–Kendall test, the null hypothesis 

states that no trend is present, whereas the 

alternative hypothesis indicates the existence of 
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a monotonic trend, either upward or downward, 

throughout the study period (Afrazfar et al., 

2025). The Mann–Kendall test has proven 

particularly effective in environmental and 

climatological analyses (Totaro et al., 2020), 

especially for wind speed time series, as it is 

robust to non-normal distributions and 

insensitive to abrupt changes or breaks in the 

data (Ahmadpari et al., 2025). The S statistic of 

the Mann–Kendall test, which represents the 

cumulative difference between each 

observation and all subsequent observations, 

was calculated using Equation 1 (Ahmadpari et 

al., 2025). 

 

S = ∑ ∑ sgn( xj

n

j=i+1

n−1

i=1

− xi)                                        (1) 
 
In this relation, n is the number of observations 

in the series; 𝑥𝑗 and 𝑥𝑖 are the jth and ith data of 

the series, respectively. The 𝑠𝑔𝑛 function is 

calculated with Equation 2 (Thenmozhi and 

Kottiswaran, 2016). 
 

sgn(x)

= [

+1                (𝑥𝑗 − 𝑥𝑖) > 0

0                   (𝑥𝑗 − 𝑥𝑖) = 0

−1                (𝑥𝑗 − 𝑥𝑖) < 0

]                  (2) 

 

The variance of S is determined using Equation 

3 (Hejazizadeh et al., 2022). 
 

var( S) =
n(n − 1)(2n + 5)

18
                                  (3) 

 

Also, the standardized Z statistic is calculated 

using Equation 4 (Hejazizadeh et al., 2022). 

 

Z =

{
 
 

 
 

 

S − 1

√Var(S)
          if           S > 0

0                       if               S = 0
S + 1

√Var(S)
          if             S < 0

}
 
 

 
 

               (4) 

 

The null hypothesis is accepted if |𝑍| ≤ 𝑍𝛼
2
 at 

the 𝛼 level of significance in a two-sided test 

for trend (Chen et al., 2016). If Z is positive, the 

trend of the data series is considered upward, 

and if it is negative, the trend is considered 

downward (Chen et al., 2016). If the Z value 

lies between -1.96 and +1.96, the trend in the 

time series is not statistically significant at the 

0.05 confidence level. When the Z value 

exceeds +1.96, the time series trend is 

significantly increasing. Conversely, if the Z 

value is less than -1.96, the trend is significantly 

decreasing (Nguyen et al., 2022). The Mann-

Kendall Jump Test, also known as the 

sequential Mann-Kendall test or the Mann-

Kendall Change Point Test, is a statistical 

method for detecting abrupt changes  in time 

series data. It is an extension of the general 

Mann-Kendall trend test, which assesses the 

overall direction of change, whether increasing 

or decreasing, in a time series. The purpose of 

the Jump Test is to identify the specific points 

in time where a statistically significant change 

in the trend occurs (Mokari and Abbasnia, 

2020). The Mann-Kendall Jump Test involves 

calculating two series of statistics: a “forward” 

(𝑈𝑖) series and a “backward” (𝑈𝑖
′) series. The ‘i’ 

represents the time point in the series. The 

method of 𝑈𝑖 series and 𝑈𝑖
′ series calculations 

with all its formulas is described in the study by 

Liu and Xu (2016). A potential jump point, also 

known as a change point, is identified at the 

intersection of the two lines. For this 

intersection to be considered a statistically 

significant jump, it must occur beyond the 

critical value boundaries, which are set at ±1.96 

(Amiri et al., 2015). Multiple intersections may 

occur, indicating the presence of several jump 

points. When the lines representing 𝑈𝑖 and 𝑈𝑖
′ 

intersect beyond the critical value boundaries, 

this indicates a statistically significant change 

in the trend at that time. The intersection point 

corresponds to the estimated jump point. The 

direction of the jump can be deduced by 

analyzing the behavior of the 𝑈𝑖 line before and 

after the intersection. For instance, if 𝑈𝑖 is 

positive prior to the intersection and negative 

afterwards, this signifies a shift from an 

increasing trend to a decreasing trend, or vice 

versa. If no intersections occur outside the 

critical thresholds, then no statistically 

significant jump points are detected 

(Ahmadpari et al., 2025). 

 

2.2.2. Sen's Slope Estimator  
The Sen’s slope estimator is commonly used to 

detect linear trends in time series data (Afrazfar 

et al., 2025). The method is based on calculating 

the median slope of the time series and 

evaluating its linearity at different confidence 

levels. Sen’s slope has an advantage over linear 

regression because it is less affected by outliers 
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and data inaccuracies (Afrazfar et al., 2025). 

For N pairs of data points in the time series, the 

slope between these two points was calculated 

using Equation 5 (Keskin et al., 2025). 
 

𝑄𝑖 =
𝑥𝑗 − 𝑥𝑘

𝑗 − 𝑘
    for i = 1,, N                   (5) 

 

where 𝑥𝑗 and 𝑥𝑘 are the data values at times j 

and k (𝑗 > 𝑘), respectively. If there is only one 

datum in each time period, then 𝑁 =
𝑛(𝑛−1)

2
, 

where n is the number of time periods. If there 

are multiple observations in one or more time 

periods, then 𝑁 <
𝑛(𝑛−1)

2
, where n is the total 

number of observations (Gocic and Trajkovic, 

2013). The N values of 𝑄𝑖 are ranked from 

smallest to largest, and the median of the slope 

or Sen's slope estimator is computed using 

Equation 6 (Afrazfar et al., 2025). 
 

Qmed = {

Q
(
N+1
2
) 
                            if N is odd

Q
(
N
2
)
+ Q

(
N+2
2
)

2
,             if N is even

 (6) 

 

The sign of 𝑄𝑚𝑒𝑑 indicates the direction of the 

data trend, while its magnitude represents the 

steepness of the trend. To determine whether 

the median slope is statistically significantly 

different from zero, the confidence interval of 

𝑄𝑚𝑒𝑑 should be calculated at a specified 

confidence level. This confidence interval for 

the time slope can be computed using Equation 

7 and Equation 8 (Gocic and Trajkovic, 2013). 

 

 

Var (s)

=
n(n − 1)(2n + 5) − ∑ ti(ti − 1)(2ti + 5)

m
i=1

18
       (7) 

 

Cα
= Z

(1−
α
2
) 
√Var (S)                                                   (8) 

 

𝑍(1−𝛼 2⁄ ) is obtained from the standard normal 

distribution table. The lower and upper limits of 

the confidence interval are 𝑄𝑚𝑖𝑛 and 𝑄𝑚𝑎𝑥. The 

slope 𝑄𝑚𝑒𝑑 is statistically different than zero if 

the two limits (𝑄𝑚𝑖𝑛 and 𝑄𝑚𝑎𝑥) have similar 

sign (Ahmadpari et al., 2025). 

 

2.2.3. Pearson correlation coefficient 
The Pearson correlation coefficient, commonly 

denoted as  r, is a statistical measure that 

quantifies the strength and direction of a linear 

relationship between two continuous variables. 

Its value ranges from -1 to 1. The Pearson 

correlation coefficient is calculated using  

Equation 9 (Ahmadpari et al., 2018). 

 
Corr(X , Y)

=
Cov(X, Y)

ϬXϬY
                                              (9) 

 
where, X and Y are the values of two variables, 

𝜎𝑋 is standard deviation of variable X, 𝜎𝑌 is 

standard deviation of variable Y, Cov (X, Y) is 

covariance between X and Y. The comparison 

of the Pearson correlation coefficient and the 

correlation strength is shown in Table 1.

 
Table 1. Classification of Pearson correlation coefficient values by strength (Jiang and Sun, 2025) 

Range of Correlation Coefficients Correlation Strength 

0.0–0.2 Extremely weak correlated 

0.2–0.4 Weak correlated 

0.4–0.6 Medium correlated 

0.6–0.8 Strong correlated 

0.8–1.0 Highly correlated 

 

To test the significance of the Pearson 

correlation coefficient, a t-test is typically used. 

The test statistic (t) is calculated using the 

Equation 10 (Obilor and Amadi, 2018). 

 
t

=
r√n − 2

√1 − r2
                                                                (10) 

 

where, t= t-value required for the test of 

significance of the correlation coefficient r, n= 

sample size, r= the computed correlation 

coefficient being tested for significance. The 

degrees of freedom (df) for this test are equal to 

n-2, where n is the number of observations 

(Obilor and Amadi, 2018). After calculating the 

test statistic  t and the df, the p-value must be 

determined. The p-value, or probability value, 

is a statistical measure that helps researchers 

assess the significance of their experimental 
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results. It represents the probability of obtaining 

the observed data, or something more extreme, 

assuming that the null hypothesis is true. The 

null hypothesis typically states that there is no 

effect or no difference within the context of the 

study. The p-value is calculated using  the 

Equation 11 (Ahmadpari et al., 2025). 

 
p − value = T. DIST. 2T(ABS(t), df)           (11) 

 
where, ABS (t)=∣ t ∣, The ABS function is used 

to return the absolute value of a number. The 

"T.DIST.2T" function returns the two-tailed 

probability that a t statistic is less than or equal 

to a specified value, based on the t-distribution. 

The result of the "T.DIST.2T" function is a 

value between 0 and 1, representing the 

probability. A small p-value (typically ≤ 0.05) 

indicates strong evidence against the null 

hypothesis, so the null hypothesis would be 

rejected. A larger p-value (> 0.05) indicates 

weak evidence against the null hypothesis, so 

the null hypothesis would fail to be rejected 

(Ahmadpari et al., 2025). 

 

2.2.4. Regression analysis 
To assess the temporal trend of wind speed in 

the Darreh Dozdan River basin, a simple linear 

regression method was applied.  This statistical 

method evaluates the linear association 

between a single independent variable (time) 

and a dependent variable (wind speed). The 

model fits a straight line to the observed data, 

mathematically represented as Equation 12 

(Muhlbaueret al., 2009). 

 
Y = a + bX                                                                (12) 

 
where Y denotes the dependent variable (wind 

speed in the Darreh Dozdan River basin), X is 

the independent variable (time or year), a is the 

intercept, and b is the slope, representing the 

rate of change in wind speed over the study 

period.  The slope parameter b provides insight 

into the direction and magnitude of the trend. A 

positive value of b indicates an increasing trend, 

while a negative value signals a decrease. To 

determine if the observed trend was statistically 

significant, the p-value associated with the 

slope coefficient was checked. A p-value below 

the standard threshold (typically 0.05) suggests 

that the trend is unlikely to have occurred by 

random chance, confirming its significance in 

the population (Ahmadpari et al., 2025). All 

regression analyses were conducted using the 

Regression feature available in the Analysis 

ToolPak of Microsoft Excel 2019, which 

computes all model estimates and significance 

tests efficiently for large datasets.  

 

3. Results and Discussion 

3.1. Monthly and annual wind speed 

trends 

3.1.1. Mann-Kendall test 
Figure 2 presents the results of the Mann–

Kendall jump test applied to the monthly wind 

speed time series of the Darreh Dozdan River 

basin over the period 1998–2022 (25 years). 
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Figure 2. Mann–Kendall jump test on monthly wind speed time series data 

 

The Mann–Kendall test results for the monthly 

wind speed data indicate that all months exhibit 

positive Z values greater than +1.96, 

confirming statistically significant increasing 

trends at the 95% confidence level. The Z 

values range from 3.32 in October to 4.86 in 

September, showing that the increase in wind 

speed is consistent throughout the year. The 

most substantial upward trends occur during 

summer and early autumn (June to September), 

while the lowest, though still significant, 

increase is observed in October. This consistent 

pattern suggests that wind speeds have 

intensified across all months, with stronger 

growth during warmer seasons.  Figure 3 

presents the results of the Mann–Kendall jump 

test applied to the annual wind speed time series 

of the Darreh Dozdan River basin over the 

period 1998–2022 (25 years). 

 

 

Figure 3. Mann–Kendall jump test on annual wind speed time series data 

 
The annual Mann–Kendall Z value of 4.53 is 

also greater than +1.96, indicating a statistically 

significant upward trend in the annual average 

wind speed at the 95% confidence level. This 

result demonstrates a long-term increase in 

wind speed over the 25-year period from 1998 

to 2022. The persistence of positive trends both 

monthly and annually suggests a systematic 

intensification of wind activity in the Darreh 

Dozdan River basin, which may be attributed to 

broader climatic changes or shifts in regional 

atmospheric circulation patterns over time.  The 

results of this study indicate a statistically 

significant upward trend in monthly and annual 

wind speeds, which aligns with several regional 

and global investigations but also contrasts with 

others. For example, the findings are in 

agreement with the results of Ghaedi (2019) 

and Molaei and Lashkari (2020), who both 

reported significant increasing wind speed 
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trends in various parts of Iran, particularly in 

central and mountainous regions, where 

seasonal and annual analyses based on the 

Mann–Kendall test confirmed positive and 

significant Z values. These results suggest that, 

at least in parts of Iran, wind intensity has 

strengthened over recent decades. On a global 

scale, the observed trend partially corresponds 

with the findings of Kim and Paik (2015), who 

documented a recovery of surface wind speeds 

in South Korea after decades of decline, 

indicating that a reversal of the “stilling” 

phenomenon may be occurring in certain 

regions. However, other studies such as 

McVicar et al. (2012) and Vautard et al. (2010) 

have shown that, over the past 30–50 years, 

many parts of the Northern Hemisphere have 

experienced a marked reduction in near-surface 

wind speeds, often attributed to increased 

surface roughness, vegetation growth, and land-

use changes. Additionally, Azorín-Molina et al. 

(2018) highlighted that part of the reported 

global decline in wind speed could be due to 

instrumental biases, particularly the aging of 

cup anemometers, suggesting that some stilling 

effects may be artificial. Therefore, while the 

increasing wind trend observed in this study is 

consistent with regional Iranian evidence and 

emerging signs of recovery in East Asia, it 

contrasts with the long-term global stilling 

trend observed in other mid-latitude regions, 

underscoring the spatial heterogeneity of wind 

speed variability and the importance of local 

climatic and surface conditions. 

 

3.1.2. Sen’s slope estimator  
Table 2 presents the results of the wind speed 

trend analysis for the Darreh Dozdan River 

basin over the period 1998–2022 (25 years), 

conducted using Sen’s slope estimator at both 

monthly and annual scales. 

 

 
Table 2. Results of monthly and annual wind speed trends analysis using the Sen's slope estimator 

Time series Qmed Qmin Qmax B Bmin Bmax 

January 0.08 0.05 0.13 1.24 0.53 1.82 

February 0.12 0.08 0.17 1.50 0.78 1.93 

March 0.14 0.09 0.19 1.53 0.55 2.50 

April 0.06 0.03 0.10 2.08 1.32 2.73 

May 0.05 0.04 0.07 1.77 1.44 1.99 

June 0.09 0.07 0.11 1.65 1.22 1.92 

July 0.07 0.05 0.08 1.45 1.29 1.88 

August 0.07 0.05 0.07 1.31 1.21 1.58 

September 0.06 0.05 0.08 1.38 0.91 1.56 

October 0.05 0.02 0.07 1.43 1.05 1.95 

November 0.04 0.02 0.06 1.15 0.88 1.30 

December 0.05 0.03 0.08 1.21 0.83 1.41 

Annual 0.08 0.06 0.10 1.28 1.00 1.74 

 
The Sen’s slope analysis for the Darreh Dozdan 

River basin over the 1998–2022 period 

indicates a consistent and significant upward 

trend in wind speed for all months and annually. 

The median slopes (Qmed) range from 0.04 m/s 

per year in November, representing the smallest 

increase, to 0.14 m/s per year in March, 

reflecting the most pronounced strengthening 

of wind intensity. February (0.12 m/s per year) 

and March (0.14 m/s per year) show the highest 

monthly increases, indicating that late winter 

(February) and early spring (March) experience 

the fastest growth in wind speed. Conversely, 

May (0.05 m/s per year), October (0.05 m/s per 

year), and December (0.05 m/s per year) exhibit 

relatively low but still positive slopes, 

suggesting slower upward trends in late spring, 

autumn, and early winter, respectively. The 

annual Sen’s slope value of 0.08 m/s per year 

confirms a steady long-term rise in wind speed 

across the region. These results demonstrate a 

persistent increase in wind activity, with 

seasonal variations showing more rapid growth 

during the transition from winter to spring and 

slower increases in late spring, autumn, and 

early winter.  Figures 4 and 5 show the fitting of 

the Sen’s line on the time series of monthly and 

annual wind speed data for the Darreh Dozdan 

River basin from 1998–2022 (25 years). 

 



10 Journal of The Nivar, Volume50, Special Issue, Spring and Summer 2026                                        

  

  

  

  

  



11                                 Decoding the Direction and Magnitude of Wind Speed Trends.…/ Ahmadpari et al  

  
Figure 4. Fitting the Sen’s line on the monthly wind speed time series data 

 

 
Figure 5. Fitting the Sen’s line on the annual wind speed time series data 

 
The comparison between the Mann–Kendall 

test and Sen’s slope analysis for the Darreh 

Dozdan River basin wind speed data (1998–

2022) reveals both consistencies and 

differences. Both methods confirm a 

statistically significant upward trend in wind 

speed across all months and annually, 

indicating a persistent increase in wind activity. 

However, the two approaches highlight 

different aspects of the trend. The Mann–

Kendall Z values are highest in late summer and 

early autumn (August–September), reflecting 

strong statistical significance in these months, 

while the Sen’s slope shows the largest annual 

increases in late winter and early spring 

(February–March), indicating that the greatest 

actual rise in wind speed occurs during this 

period. This discrepancy arises because Mann–

Kendall measures trend significance without 

quantifying magnitude, whereas Sen’s slope 

directly estimates the rate of change in m/s per 

year. Consequently, combining these two 

methods provides a comprehensive 

understanding of both the significance and the 

intensity of wind speed trends, showing that the 

region experiences steadily increasing wind 

speeds with seasonal variations in growth rates. 

 

3.1.3. Pearson correlation coefficient 
Table 3 presents the results of the wind speed 

trend analysis for the Darreh Dozdan River 

basin from 1998–2022 (25 years), using the 

Pearson correlation coefficient, on both 

monthly and annual scales. 
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Table 3. Results of wind speed trend analysis using the Pearson correlation coefficient 

Time series r n t df p-value Significance level 

January 0.73 25 5.17 23 0.00 Significant 

February 0.77 25 5.78 23 0.00 Significant 

March 0.79 25 6.27 23 0.00 Significant 

April 0.64 25 3.96 23 0.00 Significant 

May 0.63 25 3.87 23 0.00 Significant 

June 0.81 25 6.74 23 0.00 Significant 

July 0.71 25 4.86 23 0.00 Significant 

August 0.84 25 7.44 23 0.00 Significant 

September 0.82 25 6.98 23 0.00 Significant 

October 0.64 25 3.98 23 0.00 Significant 

November 0.70 25 4.76 23 0.00 Significant 

December 0.70 25 4.64 23 0.00 Significant 

Annual 0.84 25 7.46 23 0.00 Significant 

 
The Pearson correlation analysis for the Darreh 

Dozdan River basin from 1998 to 2022 shows a 

statistically significant and positive relationship 

between wind speed and time at the 95% 

confidence level (p < 0.05) for all months and 

the annual series. The correlation coefficients 

(r) indicate that wind speed trends are strongly 

correlated (0.6 < r < 0.8) in nine months of the 

year, while highly correlated relationships (r > 

0.8) are observed in June, August, September, 

and the annual scale. This pattern suggests that 

the increase in wind speed is particularly 

consistent and intense during the summer 

months, while remaining stable and notable 

throughout the rest of the year. A comparison 

between Pearson correlation coefficients and 

Mann–Kendall Z values shows a strong 

agreement in detecting statistically significant 

upward trends in wind speed across all months 

and annually at the 95% confidence level. The 

main similarity is that both methods confirm 

persistent long-term increases. Notably, the 

months June, August, and September show the 

highest values in both Mann–Kendall Z (4.27, 

4.71, 4.86) and Pearson r (0.81, 0.84, 0.82), 

indicating a strong alignment between the 

monotonic trend and the linear correlation. 

Minor differences appear in July, which has a 

high Mann–Kendall Z (4.02) but a slightly 

lower Pearson r (0.71), reflecting a strong 

monotonic increase that is less strictly linear. 

This discrepancy arises because Mann–Kendall 

detects the significance of monotonic trends 

regardless of linearity, whereas Pearson 

emphasizes linear consistency, making months 

with smoother year-to-year increases appear 

stronger in correlation.  Comparing Pearson 

correlation with Sen’s slope highlights both 

agreement and differences. Both methods 

indicate positive and significant trends across 

all months. The highest Sen’s slope values 

occur in February (0.12 m/s per year) and 

March (0.14 m/s per year), representing late 

winter and early spring, whereas the highest 

Pearson r values occur in June, August, and 

September, representing summer months with 

the most stable linear trend. The similarity is 

that both methods identify months with long-

term wind speed increases, but the difference 

lies in what each emphasizes: Sen’s slope 

measures the absolute rate of change, capturing 

periods with steep increases even amid 

interannual variability, while Pearson reflects 

linear stability, highlighting months where the 

increase is more consistent over time. Lower 

Sen’s slope months (November 0.04, May 0.05, 

October 0.05) correspond reasonably well with 

lower Pearson r (0.63–0.70), confirming that 

both methods detect slower increases, albeit 

through different perspectives. 

 

3.1.4. Regression analysis 
Table 4 presents the results of the wind speed 

trend analysis for the Darreh Dozdan River 

basin from 1998–2022 (25 years), using linear 

regression analysis on both monthly and 

annual scales. 
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Table 4. Results of wind speed trend analysis using the linear regression analysis 

Time series a b p-value Significance level 

January -171.96 0.09 0.00 Significant 

February -231.45 0.12 0.00 Significant 

March -284.21 0.14 0.00 Significant 

April -137.56 0.07 0.00 Significant 

May -118.31 0.06 0.00 Significant 

June -191.30 0.10 0.00 Significant 

July -133.56 0.07 0.00 Significant 

August -130.29 0.07 0.00 Significant 

September -127.99 0.06 0.00 Significant 

October -91.21 0.05 0.00 Significant 

November -79.83 0.04 0.00 Significant 

December -113.12 0.06 0.00 Significant 

Annual -150.65 0.08 0.00 Significant 

 
The linear regression analysis of monthly and 

annual wind speed data for the Darreh Dozdan 

River basin during 1998–2022 indicates 

statistically significant positive trends for all 

months and the annual series at the 95% 

confidence level (p < 0.05). The slope 

coefficients (b) reveal seasonal variations in the 

rate of increase. The highest monthly increases 

are observed in March (0.14 m/s per year) and 

February (0.12 m/s per year), indicating the 

most pronounced rise in wind speed during late 

winter and early spring. Several months exhibit 

moderate increases, including January (0.09), 

June (0.10), April (0.07), July (0.07), and 

August (0.07), showing steady growth during 

winter and summer. Lower increases occur in 

May (0.06), September (0.06), December 

(0.06), October (0.05), and November (0.04), 

reflecting slower upward trends in late spring, 

early autumn, and late autumn. The annual 

slope of 0.08 m/s per year confirms a consistent 

long-term upward trend in wind speed across 

the region. Overall, the linear regression results 

indicate a systematic intensification of wind 

activity throughout the year, with strongest 

growth during late winter to early spring and 

weaker growth in autumn months, accurately 

reflecting the seasonal distribution of slope 

values. Figures 6 and 7 show the fitting of the 

linear regression on the time series of monthly 

and annual wind speed data for the Darreh 

Dozdan River basin from 1998–2022 (25 

years). 
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Figure 6. Fitting the linear regression on the monthly wind speed time series data 

 

 
Figure 7. Fitting the linear regression on the annual wind speed time series data 

 
The comparison of wind speed trends obtained 

from Mann–Kendall, Sen’s slope, Pearson 

correlation, and linear regression reveals both 

strong agreements and minor discrepancies, 

reflecting the complementary nature of these 

methods. All four approaches consistently 

indicate a statistically significant upward trend 

in wind speed across all months and annually at 

the 95% confidence level, confirming the 

persistent long-term intensification of wind 

activity in the Darreh Dozdan River basin.  

Months with the highest increases generally 

align across methods. February and March 

show the largest slopes in Sen’s slope (0.12–

0.14 m/s per year) and linear regression (0.12–

0.14 m/s per year), indicating rapid growth in 

late winter and early spring. Mann–Kendall and 

Pearson highlight the summer months of June, 

August, and September as periods with strong 

trends, reflecting both monotonic and linear 

increases. Low-growth months such as 

November and October are consistently 

identified across all methods.  Minor 

discrepancies arise due to methodological 

focus. Mann–Kendall emphasizes the statistical 

significance of monotonic trends, highlighting 

August–September as peak months, even if the 

actual increase is moderate. Sen’s slope and 

linear regression quantify the magnitude of 

change, with February–March showing the 

fastest growth. Pearson assesses linearity and 

consistency, so months with more stable year-

to-year increases, particularly June, August, 

and September, exhibit higher correlation 

coefficients, even if their slope is slightly lower 

than February–March. This explains why the 

peak months differ between Pearson and 

regression despite both measuring linear trends: 

Pearson is influenced by stability and low 

interannual variability, whereas regression 

captures the absolute rate of change.  Integrating 

these four methods provides a comprehensive 

understanding of wind speed trends, showing a 

persistent annual increase, with seasonal 

variations in both intensity and linearity, and 
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highlighting months of maximum growth and 

strongest trend stability. 

 

4.Conclusion 
This study analyzed monthly and annual wind 

speed trends in the Darreh Dozdan River Basin 

from 1998 to 2022 using four statistical 

methods: the Mann–Kendall test, Sen’s slope 

estimator, Pearson correlation coefficient, and 

linear regression. The key results are presented 

below: 

1. The Mann–Kendall test showed that all 

months had positive and statistically 

significant Z values greater than +1.96, 

confirming a persistent upward trend in 

wind speed. The strongest increases 

occurred in June, August, and September (Z 

= 4.27–4.86), reflecting intensified wind 

activity during the warmer months. 

2. The Sen’s slope and linear regression 

analyses revealed the largest increases in 

wind speed during February (0.12 m/s per 

year) and March (0.14 m/s per year), 

indicating that wind speeds rose most 

rapidly in late winter and early spring, while 

the annual results from both methods 

confirmed a steady increase in average wind 

speed of 0.08 m/s per year. 

3. Pearson correlation coefficients showed 

significant positive relationships (r > 0.6 for 

all months), with the strongest correlations 

in June, August, and September (r > 0.8), 

confirming a highly consistent and stable 

upward trend during these months. 

4. All four analytical methods converged on 

the conclusion that wind speed had 

increased in a statistically significant and 

persistent manner, differing only in which 

months exhibited the steepest or most stable 

growth, thereby providing a comprehensive 

and robust confirmation of wind 

intensification in the Darreh Dozdan River 

basin. 

In the context of the Darreh Dozdan River 

basin, several recommendations can be made 

based on the findings of this study. First, it is 

suggested that future analyses employ Regional 

Climate Models (RCMs) instead of statistical 

models such as LARS-WG, which assume 

stationary wind patterns. The use of RCMs 

would enable the simulation of wind trends 

under actual climate change scenarios by 

capturing the influence of large-scale 

atmospheric circulation, topography, and 

regional variability. This approach would 

provide more reliable projections of future wind 

behavior in the basin. Second, future research 

should carefully select appropriate methods for 

estimating reference evapotranspiration. Many 

conventional approaches neglect the role of 

wind speed, which can introduce substantial 

errors in evapotranspiration calculations. 

Incorporating wind-sensitive methods will 

yield more accurate estimates of water 

requirements and contribute to improved 

irrigation scheduling and water resource 

management within the basin. Finally, it is 

recommended to assess the potential impacts of 

increasing wind speed on soil erosion processes 

in the Darreh Dozdan River basin. The 

identified upward trend in wind speed may 

intensify wind-driven soil loss, particularly in 

areas with sparse vegetation or loose surface 

materials. Future studies should integrate wind 

erosion modeling with field observations to 

identify vulnerable zones and develop effective 

land management and soil conservation 

strategies. 
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