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1 Introduction 29 

With the continued expansion of human activities, wind environments have become 30 

increasingly complex, particularly in mountainous terrain [1-2]. This complexity is reflected not 31 

only in the diverse distribution of wind profiles [3] but also in the strongly nonstationary nature of 32 

turbulence structuresௗ[4], posing significant challenges for complex-terrain meteorology and 33 

climatology [5], wind energy assessment [6], pollutant dispersion prediction [7], and structural 34 

design [8-9]. In such regions, the installation of tall meteorological towers, commonly used in large 35 

urban environments, is often impractical due to economic and topographic constraints, particularly 36 

in deep valleys [10]. As a result, high-frequency wind measurements are usually limited to near-37 

surface meteorological masts. At the same time, remote-sensing instruments widely applied in 38 

complex terrain, such as Lidar ௗand SODAR [11-14], mainly provide low-frequency mean wind 39 

profiles and are insufficient to capture turbulence characteristics directly. Therefore, developing a 40 

wind speed profile model tailored to complex mountainous terrain, one that integrates mean flow 41 

and turbulence structure to reveal their vertical coupling, is essential for boundary-layer 42 

environments and related applications. 43 

The Monin–Obukhov Similarity Theory (MOST) is a classical framework for wind profile 44 

corrections that jointly characterizes mean wind flow and turbulence transport by accounting for 45 

atmospheric stability, under the assumption that turbulent fluxes are independent of heightௗ [15-17]. 46 

According to MOST-based corrections, turbulence eddies and vertical heat transport are more active 47 

under unstable atmospheric conditions, which tends to suppress horizontal mean wind speedௗ[18]. 48 

In contrast, under stable atmospheric conditions, turbulent exchange is weaker, and flow tends to 49 

stratify, often resulting in enhanced horizontal windsௗ, typically accompanied by clear-air radiative 50 

cooling and nighttime low-level jetsௗ[18-19]. Based on the distinct turbulent features associated with 51 

different stability conditions, researchers have developed widely used empirical functionsௗ that 52 

enable mutual correction and derivation between wind profiles and turbulence structuresௗ, 53 

facilitating the accurate construction of vertical wind structure modelsௗ[21-23]. Therefore, on typical 54 

synoptic-scale wind days, surface heating during the daytime induces upward heat flux, which 55 

enhances vertical turbulence transportௗ, forming unstable atmospheric conditions [24]. After sunset, 56 

the direction of surface heat flux reverses, resulting in a stable stratified atmosphere where vertical 57 
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turbulence weakens or becomes confined within layersௗ[25].  58 

MOST-based corrections have been applied across diverse terrains and regions worldwide. 59 

Over flat surfaces, Kansas wheat-field observations set classical benchmarks [26]. Urban studies in 60 

Hamburg and Torino examined built-up effects [27-28], while marine measurements along China’s 61 

southeastern coast demonstrated applicability under typhoon winds [29]. Highland investigations in 62 

southeastern Mexico and Colorado extended MOST to elevated, thermally heterogeneous sites [30-63 

31]. Together, these studies highlight its adaptability across terrain types and broad climatic zones. 64 

However, certain thermally driven and topographically complex wind environments present unique 65 

challenges to conventional MOST-based approaches. 66 

As human activity expands, convective phenomena driven by surface temperature differences, 67 

such as urban heat island winds in large metropolitan areasௗ[32], sea–land breezes in coastal 68 

regionsௗ[33], and thermally-induced winds in complex mountainous terrainௗௗ[34-35], have become 69 

increasingly prominent and often exhibit wind-temperature consistency. In these cases, both wind 70 

speed and temperature rise after sunrise and typically peak in the afternoon. Although unstable 71 

atmospheric conditions may still suppress local weather-driven wind, intense winds of primary 72 

concern to wind engineering applications may already be present at structural locations. Moreover, 73 

complex terrain differs substantially from flat terrain, with more intricate turbulence structures and 74 

a higher degree of nonstationarityௗ[36-37]. Sudden intense wind eventsௗin mountainous areas 75 

significantly influence turbulence stability, resulting in pronounced spatiotemporal variability in 76 

wind fieldsௗ[38-39]. Such phenomena have been observed across diverse geographical settings, 77 

including severe windstorms generated by high-amplitude gap flows in Colorado [40], mountain 78 

waves over the Pyrenees [41], and widespread gust events in the mountainous regions of 79 

southwestern China [42]. This complexity challenges the applicability of traditional correction 80 

models in mountainous environments, underscoring the necessity to extend MOST-based 81 

atmospheric stability-corrected wind profile models to better fit complex terrain. A prerequisite for 82 

constructing such models is the effective identification of turbulence characteristics specific to 83 

complex topography. 84 

Turbulence characterization relies on the separation of high-frequency wind speed signals into 85 

trend components (representing mean flow) and detail components (representing fluctuating 86 
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wind)ௗ[42]. From the perspective of structural wind loading, this distinction corresponds to static 87 

and dynamic components [44-45], where the former is governed by mean wind speed, and the latter 88 

is calculated based on turbulent fluctuations. The modelling approaches and solution procedures 89 

differ considerably between the two componentsௗ[46]. In terms of flux transport, horizontal transfers 90 

of heat and momentum are generally attributed to mean wind flow, while vertical transport is 91 

dominated by small-scale eddies across vertical interfacesௗ[47]. As a result, nonstationarity within 92 

the fluctuating component can affect both structural responses and flux estimations, potentially 93 

leading to misinterpretation of the wind environment. However, traditional time-window-based 94 

separation methods are often inadequate under highly nonstationary wind conditionsௗ[48]. To 95 

address this issue, time-varying methods have been introduced to identify nonstationary components. 96 

Among them, the moving average (MA) methodௗ[48] is widely applied to extract time-varying mean 97 

wind speed. Time-frequency techniques such as discrete wavelet transform (DWT)ௗ[50] and 98 

empirical mode decomposition (EMD)ௗ[51] have also been extensively employed. Specifically, 99 

wavelet decomposition progressively concentrates on lower-frequency content across levels, 100 

yielding a low-frequency approximation subseries together with several high-frequency detail 101 

subseries. It performs well in extracting useful information and mitigating wind-speed fluctuations 102 

[52]. However, it can be limited in adaptivity, so careful selection of the mother wavelet and the 103 

number of decomposition levels is required. In recent years, empirical mode decomposition (EMD) 104 

and its improved variants have been widely applied in the domain of turbulence analysis [53-55]. 105 

EMD adaptively decomposes a time series, based on local characteristics, into intrinsic mode 106 

functions (IMFs) spanning different frequency bands and a residual, thereby improving 107 

decomposition performance. Several enhanced EMD methods [56] have proven highly effective for 108 

analyzing nonlinear and nonstationary processes. These methods can be interpreted as sets of band-109 

pass filters, in which the high-frequency components represent stationary fluctuations. In complex 110 

mountainous terrain characterized by pronounced nonstationarity, time–frequency approaches have 111 

been widely applied and have yielded substantial progress, which include turbulence parameter 112 

studies on gust factorௗ[57], turbulence intensityௗ[58], and integral length scalesௗ[59]; the 113 

identification of special wind events associated with mixed wind systemsௗ[60]; the development of 114 

probability distribution modelௗ[61] and turbulence spectraௗmodel [62]. However, although time–115 
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frequency decomposition is a key approach for extracting turbulent fluctuations in nonstationary 116 

wind fields, existing field studies provide limited insight into how it affects the coupling between 117 

fluxes and turbulent transport. This knowledge gap directly affects the determination of atmospheric 118 

stability in nonstationary wind fields and the derivation of stability-corrected wind profile models. 119 

Therefore, a comprehensive investigation that jointly evaluates the impacts of time-frequency 120 

algorithms and the relationship between turbulence and flux is needed, particularly in complex 121 

mountainous terrain. 122 

To overcome the limited applicability of traditional stability-corrected wind profile models in 123 

complex mountainous terrain, and to address the unresolved coupling between fluxes and turbulent 124 

transport under time–frequency decomposition in nonstationary wind fields, this study carried out 125 

long-term field measurements in the mountainous region of southwestern China. Based on the 126 

measurement data, an atmospheric stability-corrected wind profile model tailored specifically to 127 

mountainous environments was developed, together with methods for extracting turbulent 128 

fluctuations and their associated fluxes. The remainder of this paper is structured as follows: Section 129 

2 introduces the measurement site and data acquisition methods; Section 3 presents the turbulence 130 

decomposition approach and the resulting atmospheric stability analysis applicable to complex 131 

terrain; Section 4 derives the improved wind profile correction model and verifies its performance 132 

using observational data and a case study; and Section 5 summarizes the main conclusions. The 133 

research framework is shown in Fig. 1. 134 



 

6 

 

 

Fig. 1 Schematic diagram of the research framework 

2 Measurement site and data acquisition methods 135 

The measurement data used to derive the new wind profile correction model were obtained 136 

from long-term measurements conducted in the mountainous region of southwestern China. Fig. 2 137 

shows the specific installation locations of the measurement system at the Jinan Bridge site and the 138 

topographic features of the surrounding study area. 139 

 

 

(a) Topographical map (b) Geomorphology map 
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(c) Schematic of the Jinan Bridge 

Fig. 2 Topography and geomorphology around the measurement site 

The measurement system is situated on the eastern bank of the Jinsha River, which flows 140 

southward through a north–south oriented deep canyon. The surrounding terrain is characterized by 141 

steep mountains exceeding 3,000ௗm in elevation on the eastern, western, and southern sides. At the 142 

canyon entrance, a high plateau lies to the southwest and a steep ridge borders the southeast. The 143 

measurement system was installed at an elevation of 1,498ௗm, approximately 70ௗm above the 144 

navigational water level of the Jinsha River. It is located about 265ௗm below the main span of the 145 

Jinan Bridge, which crosses the deep canyon with a span length of 1,386ௗm. 146 

The measurement system consists of a meteorological mast and a Doppler SODAR. The 147 

specific configurations of the two instruments are shown in Fig. 3. 148 

  
(a) Meteorological mast (b) SODAR system 

Fig. 3 Composition of the field measurement system 

As shown in Fig. 3a, three triaxial sonic anemometers (RM Young 8100) were mounted at 10ௗm, 149 

30ௗm, and 50ௗm on the meteorological mast to measure three-dimensional wind velocity and air 150 

temperature at 10ௗHz. Five biaxial propeller anemometers (RM Young 5106) were installed at 151 
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heights from 10ௗm to 50ௗm (in 10ௗm intervals) to record horizontal wind speed and wind direction at 152 

1ௗHz. The observation campaign spanned 45 months (January 2017 to September 2020). After 153 

removing outliers and interpolating missing values, 858 days of valid high-frequency wind and 154 

temperature data were retained. In this study, turbulence analysis near the surface is based on 50ௗm 155 

and 10 m sonic anemometers measurements. 156 

As shown in Fig. 3b, the SODAR was installed at the base of the meteorological mast and 157 

configured to measure wind profiles from 40ௗm to 410ௗm above ground level at 10ௗm intervals, 158 

covering 38 vertical points. It recorded 10-minute mean three-dimensional wind velocity 159 

components at each level. After excluding transmission errors and invalid records, a total of 219 160 

days of valid wind profile data were obtained between April 2017 and May 2018. 161 

The three-dimensional wind velocity data obtained from the sonic anemometers and SODAR 162 

are used to calculate the fundamental wind parameters. The calculations of mean wind speed U163 

(m/s), mean wind direction  (°) and mean angle of attack  (°) used in the analysis are as follows: 164 

 
2 2 2
x y zU U U U     (1) 

 1 1

2 2
tan ) tan )( (

y x y

zx UU

U U U
   


 (2) 

where Ux represents the west-to-east component, Uy represents the south-to-north component, and 165 

Uz represents the downward-to-upward component. Wind direction indicates the horizontal inflow 166 

orientation, while the angle of attack represents the inclination of the wind vector relative to the 167 

horizontal plane. 168 

Atmospheric stability is calculated as follows: 169 
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where u, v, and w denote the fluctuating velocity components along the wind coordinate system, κ 172 

is the von Karman constant, g is the gravitational acceleration, and T is the air temperature. Both 173 

the numerator (friction velocity u*) and the denominator (heat flux w T  ) are calculated using the 174 
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eddy covariance method. Their ratio is used in the calculation of L, known as the Obukhov length, 175 

allowing the relative influence of thermal buoyancy and shear-driven turbulence at the site to be 176 

evaluated. The sign of L indicates the atmospheric stability: 177 

(1) A positive L corresponds to a stable atmosphere. 178 

(2) A negative L indicates an unstable atmosphere. 179 

(3) If the absolute value is large, the atmosphere is considered to be close to neutral. 180 

Fig. 4 presents two representative wind events in mountainous terrain and their corresponding 181 

wind profiles. Subplot (1) shows the atmospheric stability time series. Subplot (2) displays the high-182 

frequency wind speed time series, color-coded by the stability classes in (1); timestamps used for 183 

the wind profiles are marked. Subplot (3) presents the typical wind profiles. 184 

 

(a) Event1 (June 7, 2017) 
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(b) Event2 (June 9, 2017) 

Fig. 4 Typical time history of wind events and wind profiles 

Fig. 4 shows that after sunrise (about 08:00), wind speed and air temperature rise concurrently, 185 

reaching peak values around 12:00 to 16:00, during which distinctly unstable stratification prevails. 186 

By about 18:00, the temperature begins to decline; wind speed drops first and then partially recovers 187 

after 22:00 as neutral and stable conditions develop, although the speeds remain below the afternoon 188 

values observed under unstable conditions. This pattern illustrates the case described in Section 1, 189 

where thermally driven diurnal circulation yields the co-occurrence of unstable conditions and high 190 

winds. At the microscale, the instability-induced suppression of the mean wind may still operate via 191 

enhanced vertical transport, yet intense winds are already established at the structural site. Therefore, 192 

the empirical assumption that instability necessarily suppresses the mean wind becomes inadequate 193 

for complex mountainous terrain, underscoring the need for a new stability-corrected wind profile 194 

model. 195 

3 Extraction of turbulent fluctuations and determination of atmospheric stability 196 

The development of a stability-based wind profile correction model requires accurate 197 

extraction of turbulent fluctuations and reliable determination of atmospheric stability. Therefore, 198 

this section will determine the method for extracting fluctuations and examine the coherent transport 199 

between heat flux and turbulence. 200 

(1) Coordinate system transform 201 

To obtain physically meaningful turbulent fluctuations and reduce contamination from terrain-202 

induced directional biases, the sonic measurements in the instrument-fixed (body-axis) frame are 203 

rotated into the wind-axis coordinate system. Fig. 5 illustrates the geometric relationship between 204 

these two frames. The grey solid arrows denote the north–south, east–west, and vertical body axes. 205 

The red solid vector represents the three-dimensional mean-wind direction, while the blue solid 206 

arrows indicate its projections onto the horizontal and vertical planes; the blue dashed segment 207 

outlines the horizontal plane. The black dashed arrows depict the rotated wind-axis frame in which 208 

the longitudinal component u aligns with the mean-wind vector, and the v-w components represent 209 

the lateral and vertical turbulent motions orthogonal to it. 210 
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Fig. 5 Transformation from instrument coordinates to the wind-axis coordinate system 

As seen in Fig. 5, aligning the coordinate system with the mean-wind direction ensures that the 211 

turbulent components are defined relative to the physically relevant flow axis rather than the 212 

instrument orientation, which may be influenced by local terrain and mast geometry. This 213 

transformation is essential for subsequent analyses, such as nonstationary decomposition, friction-214 

velocity estimation, and heat-flux computation, because it eliminates cross-component correlations 215 

that would otherwise arise in the body-axis frame. The direction cosines required for this rotation 216 

are calculated using Eq.(5) to Eq.(7), based on the three-dimensional mean-wind vector. 217 
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Based on the direction cosines described above, the three-dimensional wind velocity 218 

components in the wind axis were obtained using Eq.(8). 219 
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where Uu(t), Uv(t), and Uw(t) denote the time series of wind velocity along the wind axis in the 220 

longitudinal, lateral, and vertical directions. 221 

(2) Stationary test 222 

The run test method [57, 63] is used to assess time-series stationarity, evaluating the signal via 223 

the test statistic z. 224 
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where E(r) and σ(r) are the mean value and standard deviation of r, for a fluctuating series xt (5 225 

minutes), choose the sample median as the reference. Encode each point as positive if xt is above 226 

the reference and negative if below. Let n1 and n0 be the counts of positive and negative, and let r 227 

be the number of runs (maximal consecutive identical signs). Then, evaluate the test statistic z. The 228 

null hypothesis is that the sample is stationary. If |z|≥1.96 (p-value<0.05), reject the null hypothesis 229 

and classify the signal as nonstationary. Stationarity is evaluated for each 5-minute window, and the 230 

nonstationarity ratio is the proportion of windows deemed nonstationary in the original signal. 231 

3.1 Decomposition model 232 

Accurate separation of trend and fluctuations in mountainous wind fields requires selecting an 233 

appropriate decomposition model. Application needs differ [49]: extreme-wind analyses demand 234 

precise trend extraction, whereas spectral and flux computations require strictly stationary 235 

fluctuations. Because complex-terrain winds are strongly nonstationary, event-prone, thermally 236 

mixed, and structurally complex, the model must satisfy trend-fidelity and stationarity requirements 237 

[64]. 238 

3.1.1 Stationary method 239 

The stationary method is first introduced, in which the commonly used wind speed model 240 

within the stationary boundary layer (SBL) is expressed in Eq.(11). This model employs a fixed 241 

time window to calculate mean values and is directly associated with the wind axis transformation 242 

defined in Eq.(5) to Eq.(8). 243 
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where U  and T denote the mean wind speed and temperature within each time window, u(t), v(t), 244 

w(t), and Tf(t) denote the time series of fluctuating components in the longitudinal, lateral, vertical 245 



 

13 

 

directions and temperature within each time window. 246 

3.1.2 Nonstationary method 247 

Unlike the stationary wind speed model, the nonstationary method directly decomposes the 248 

time series into a time-varying mean component and the corresponding fluctuation component, as 249 

shown in Eq.(12). 250 

 

* *

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( )

( ) ( ) ( )

u u

v v

w w

f

U t U t u t

U t U t v t

U t U t w t

T t T t T t

 

 

 

 

 

 

















 (12) 

where ( )U t  , ( )V t  , ( )W t  , *( )T t  represent the time-varying mean component, while u*(t), v*(t), 251 

w*(t), Tf
*(t) denote the stationary fluctuating components obtained using the nonstationary model. 252 

In this study, both the moving average method and the discrete wavelet transform (DWT) are 253 

employed for comparative analysis. 254 

(1) Moving Average Method 255 

The moving average method is one of the most straightforward and widely used approaches 256 

for constructing time-varying mean wind, and it has been applied across various research contexts. 257 

This method is based on a classical assumption: by selecting an appropriately sized time window, 258 

the averaging process can effectively filter out low-frequency components or trend signals. 259 
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/20
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t T
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
   (13) 

where the time-varying mean wind ( , )U z t  is determined using a moving average (MA) over a 260 

short time interval T0. 261 

(2) Discrete Wavelet Transform 262 

In the discrete wavelet transform (DWT), many wavelet bases—such as the Daubechies 263 

family—possess compact support in function space [65], which minimizes frequency leakage and 264 

modal mixing during decomposition, ensures strong local orthogonality and spectral independence 265 

among decomposed components. Orthogonal DWT expands x(t) on the scaling φ(t) and wavelet ζ(t) 266 

(Eq.(14)). The φ(t) encodes the low-frequency trend and the ζ(t) encodes the multiscale fluctuations. 267 

ζ(t) follows from φ(t) via high-pass coefficients gk (Eq.(15)), and dilation and translation yield ζj,k(t) 268 

(Eq.(16)). 269 
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where m denotes the number of decomposition levels, and k represents the time index associated 270 

with the location of the mother wavelet in the time series during the DWT process. The coefficients 271 

am,k, bj,k correspond to the low-frequency (trend) and high-frequency (detail) components at the mth 272 

and jth levels, respectively. The φ(t) and ζ(t) are the basis functions associated with the selected 273 

wavelet family, such as db10 from the Daubechies wavelet series. The cutoff frequency and the 274 

equivalent window length [49] for each decomposition level are calculated as follows: 275 
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1
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( ) / 2
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log ( 2 )j
j s

j j
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f f

f
d 
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


 (17) 

where fs denotes the sampling frequency of the signal, and j represents the corresponding 276 

decomposition level. 277 

3.2 Determination of the turbulent wind decomposition method 278 

3.2.1 Determination of wind speed decomposition model 279 

(1) Stationary method 280 

In the stationary model, window length controls fluctuation extraction because it changes the 281 

mean wind in the body coordinate system used for the wind-axis transformation (Eqs. (5)–(8)), 282 

thereby altering the direction-cosine matrix. Time series of three-component wind speeds 283 

(longitudinal, lateral, vertical) and temperature collected from May 1 to June 30, 2017 were 284 

analyzed using ten window lengths (30–1 min) to extract turbulent fluctuations. Stationarity was 285 

tested at each window length, and the proportion of stationary segments is summarized in Fig. 6. 286 
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Fig. 6 Stationarity testing of fluctuating samples obtained using different time window lengths 

As shown in Fig. 6, the proportion of stationary samples rises as the window shortens, and 287 

signals are fully stationary below 2 minutes. However, short windows induce frequent mean changes 288 

in the wind-axis transform and conflict with 10-minute mean profiles. 1–2-minute windows can 289 

truncate 100–200-second wind events (such as gusts or thunderstorm outflows), missing their full 290 

evolution. These issues indicate that fixed-window stationary models are inadequate in complex 291 

mountainous terrain, and nonstationary methods are more effective in such environments. 292 

(2) Nonstationary method 293 

A typical strong wind event was selected from 14:00 to 16:00 on May 2, 2017. The same 294 

turbulent-wind signal was decomposed with sliding intervals of 300–10 s and DWT levels 12–4 295 

using the Daubechies-10 (db10) basis, followed by previous studies [66]. Fig. 7 (a1) and (b1) show 296 

the relationship between the original signal and the time-varying mean (trend) extracted with the 297 

MA (a1) and DWT (b1) methods using three representative window lengths T0 (MA) and equivalent 298 

windows d (DWT). Fig. 7 (a2) and (b2) present the stationarity tests for the longitudinal component 299 

Uu. 300 
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(a1) Time-varying mean wind obtained using the MA method 

 
(a2) Time-varying mean wind obtained using the DWT method 

 
(b1) Fluctuating wind component extracted using the MA method 

 
(b2) Fluctuating wind component extracted using the DWT method 
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Fig. 7 Decomposition of a representative nonstationary wind event using MA and DWT 

methods 

As shown in Fig. 7, full stationarity of the fluctuating wind is achieved when the moving 301 

average window reaches 90 seconds, or the wavelet decomposition level reaches 10 (equivalent to 302 

a 102-second window). Both MA and DWT can remove the time-varying mean wind; however, it 303 

remains unclear whether this removal fully eliminates large-scale inflow trends while ensuring 304 

stationarity and meeting the requirements for reconstructing small-scale turbulence. We therefore 305 

further examine the structure of the extracted signals to assess their adequacy. 306 

3.2.2 Selection of decomposition method and decomposition level 307 

Two metrics are used to compare decomposition methods: correlation and turbulent kinetic 308 

energy (TKE) [10, 67]. The correlation test assumes that residual trend leaves dependence between 309 

the time-varying mean wind and the extracted fluctuations, so coefficients closer to zero indicate 310 

more complete trend removal. The TKE test evaluates spectral energy across scales: lower 311 

frequencies reflect large-scale motions, higher frequencies smaller eddies, and the dominant energy-312 

containing band identifies the turbulent component [68]. Abrupt TKE shifts across scales can 313 

indicate a clean separation of trend from fluctuations [66]. To address nonstationarity in complex 314 

terrain, evolutionary power spectral density (EPSD) is used to resolve the time-varying spectrum 315 

[69]. 316 

To assess the ability of different nonstationary decomposition methods to separate low-317 

frequency trend components from turbulent fluctuations, the correlation between the time-varying 318 

mean and the corresponding fluctuation components (longitudinal, lateral, vertical wind speed, and 319 

temperature) is evaluated using both the moving-average (MA) method and the discrete wavelet 320 

transform (DWT). Fig. 8 summarizes these correlations across a range of MA window lengths (10–321 

200 s) and DWT decomposition levels (4–11), where lower correlation values indicate a more 322 

effective separation between the trend and fluctuating components. 323 
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(a) MA method: correlation across window 

lengths (10–200 s) 

(b) DWT method: correlation across 

decomposition levels (4–11) 

Fig. 8 Correlation between the time-varying mean component and the turbulent fluctuation 

extracted using nonstationary decomposition methods 

As shown in Fig. 8, the MA method yields correlation coefficients consistently above 0.04 for 324 

all components when the sliding interval is shorter than 200 s, indicating that residual low-frequency 325 

trends remain in the fluctuation signal. In contrast, the DWT-based decomposition produces 326 

correlation values below 0.04 across a wide range of scales, and the correlation approaches zero 327 

when the decomposition level corresponds to time scales shorter than approximately 100 s. These 328 

results demonstrate that the DWT provides a cleaner and more physically consistent separation 329 

between the mean and turbulent components, supporting its use for nonstationary decomposition in 330 

complex-terrain wind environments. 331 

The longitudinal turbulent wind components extracted at different decomposition scales, 332 

shown in Fig. 7, were analyzed using EPSD, following Priestley’s evolutionary spectrum method 333 

[70]. The time-varying spectral content of the stochastic process Xt is estimated using a localized 334 

Fourier transform of the form: 335 
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where g(u) is a time-domain window function, this formulation enables the characterization of 336 

spectral evolution by extracting frequency information around each time instant. The use of the 337 

window function effectively limits the contribution of distant samples, introducing a smoothing 338 

effect in the frequency domain. The squared modulus of the filtered result |Ux(ω,t)|2 is weighted-339 

averaged within the neighborhood of time t using a specific window function, yielding the local 340 
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power spectral density (PSD) estimate at frequency ω: 341 
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where S(ω,t) represents the estimated evolution power spectral density (EPSD) of Xt; WT′(t) is the 342 

weighting function proposed in this study; T’ denotes the effective time width of WT′(t) (in seconds). 343 

Following previous studies [10, 57] on spectral resolution in time-frequency analysis, the parameter 344 

h in Eq.(19) is set as 7/ΔT = 70, where ΔT is the sampling interval of 0.1s. The effective time width, 345 

T’, is set to 256s. 346 

To examine how different nonstationary decomposition methods represent the time–frequency 347 

characteristics of turbulent motions, the EPSD is computed for fluctuation components obtained 348 

using both the MA method and the DWT. The EPSD provides a localized spectral representation of 349 

energy distribution across time and frequency, allowing the identification of leakage, scale mixing, 350 

and the clarity of multiscale turbulent structures. Fig. 9 compares the EPSD patterns generated by 351 

the two methods across representative decomposition scales. 352 
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(a) EPSD obtained using MA method at representative window lengths 
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(b) EPSD obtained using DWT at representative decomposition levels 

Fig. 9 EPSD of turbulent wind fluctuations extracted using nonstationary decomposition 

methods 

As illustrated in Fig. 9, the MA method exhibits persistent bright bands in the low-frequency 353 

region, even when short window lengths are applied, indicating incomplete removal of large-scale 354 

trends and consequent spectral leakage. This leakage blurs the separation among turbulent scales 355 
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and results in mixed-frequency structures that do not reflect the underlying physics. In contrast, the 356 

DWT suppresses these low-frequency components more effectively, producing EPSD patterns with 357 

distinct and well-resolved multiscale features. This clearer separation of energy across frequencies 358 

demonstrates that wavelet-based decomposition is better suited for representing nonstationary 359 

turbulence and underpins the later selection of DWT as the primary detrending method. 360 

The selection of decomposition levels for turbulent wind must be guided by the specific 361 

research objectives. For flux estimation and spectral modelling, it is critical to identify the cutoff 362 

frequency of the trend component to prevent contamination of the turbulent signal by large-scale 363 

trends. This identification is typically done by spotting abrupt changes in energy content across 364 

decomposition levels. Further inspection of the EPSD results in Fig. 9 reveals that decomposition 365 

levels 10 and 8 both show more than a 50% reduction in spectral energy relative to the previous 366 

level. Prior studies [36, 49, 71] indicate that to capture the turbulent characteristics of rapidly 367 

evolving nonstationary strong-wind events (e.g., thunderstorm winds), the analysis window should 368 

satisfy stationarity requirements and exceed the duration of the event’s intense gusts. For short-lived 369 

strong-wind conditions, a window of approximately 30 seconds to 2 minutes is recommended [71]. 370 

With the 10 Hz sampling used here, the equivalent window computed from the governing relation 371 

1
1

( ) / 2
2 j

s
j

f
d 


  maps to wavelet levels with characteristic duration d≥26s; here, they are level 8 372 

and higher. Given the coexistence of nonstationarity and localized intense wind events in complex 373 

mountainous terrain, level 10—corresponding to a relatively large equivalent time window (104s)—374 

was reasonably selected as the target decomposition level. 375 

3.3 Determination of flux transport 376 

In the troposphere, vertical heat transport is governed by vertical turbulence; however, it is not 377 

straightforward to determine how eddies of different sizes (with large eddies concentrating energy 378 

at lower frequencies and small eddies at higher frequencies) convey thermal fluctuations of different 379 

scales. Unlike the stationary models, the use of nonstationary models extracts low-frequency, large-380 

scale motions as part of the time-varying mean. In such cases, it is essential to first determine 381 

whether the transport of physical quantities such as heat or atmospheric pollutants is primarily 382 

governed by small-scale high-frequency turbulent eddies or by large-scale low-frequency motions 383 
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associated with the time-varying mean flow. Therefore, flux transport should not be determined 384 

solely based on energy content, but rather by identifying the coupled variability between the 385 

transported scalar and the corresponding turbulent fluctuations, with particular emphasis on 386 

transitions in effective transport. 387 

Meanwhile, multiscale decompositions such as DWT, EMD, and VMD partition a signal into 388 

components characterized by intrinsic time scales; each decomposition level can be associated with 389 

a center frequency and an effective bandwidth (or an equivalent cutoff interval). Consequently, these 390 

decompositions do not necessarily preserve identical scale partitions across different variables (e.g., 391 

vertical velocity and temperature). To quantify the coupling between variables, the cospectrum is 392 

introduced (Eq.(22)) to quantify this scale-by-scale transport on a frequency-by-frequency basis. 393 

The cospectrum is defined as the real part of the cross-spectrum between two fluctuating signals 394 

[73]. It reflects the degree of coupled transport between the two variables across different 395 

frequencies, where the frequency indicates the characteristic scale of turbulent eddies, and the 396 

amplitude represents the intensity of scalar transport (e.g., heat) at that scale [74]. The cospectrum 397 

reflects the coherence between two fluctuating variables, and its integral (Eq.(23)) represents the 398 

cumulative flux contribution across the frequency domain [75]. Therefore, the cospectrum density 399 

provides a direct measure of flux contributions across different frequency bands.  400 

 ( ) ( ) }( ) Re{ ( ) ( )
fwT w t T tC f S f S f  (22) 

 *( ) ( )dwTH f C f f   (23) 

where f denotes the frequency. 401 

To investigate the coupled transport across scales, the cospectrum of sensible heat flux was 402 

computed under different decomposition levels of turbulent wind. By retaining different frequency 403 

components in the decomposed wind and temperature signals, the resulting cospectrum reveals the 404 

corresponding scale-dependent coupling behavior. In Fig. 10, j denotes the discrete wavelet 405 

decomposition level applied to the vertical wind component used in the cospectrum calculation. 406 

Within each subfigure, spectral lines of different colours represent varying decomposition levels k 407 

applied to the temperature fluctuations. The cumulative cospectrum provides further insight into the 408 

contribution of each scale combination to the total flux. 409 
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(a) Cospectrum of heat flux 
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(b) Cumulative cospectrum of heat flux 

Fig. 10 Heat-flux transport characteristics under different DWT decomposition levels of vertical 

wind and temperature 

Because the cospectra are plotted on logarithmic axes, Fig. 10a shows only the positive 410 

portions of the scale-by-scale heat-flux contributions; negative values occurring in some frequency 411 

bands are fully retained in the integrated flux shown in Fig. 10b. The cumulative cospectra exhibit 412 

pronounced spectral-line overlap, indicating that beyond a certain scale, additional high-frequency 413 

temperature components contribute negligibly to the total flux. This behavior is consistent across 414 

different wind events, wind-profile types, and stability regimes, as further illustrated in Appendix 415 

Fig. A2. 416 

The convergence of the cumulative curves demonstrates that the integrated flux becomes 417 

essentially insensitive to the choice of temperature decomposition level once the dominant flux-418 

carrying scales are included. For instance, when the vertical-wind decomposition level is varied 419 

from j = 11 to j = 8, the uppermost cumulative curves successively correspond to k = 11, 10, 9, and 420 

8, yet the curves nearly coincide. This strong overlap confirms that meaningful heat-flux transport 421 

is concentrated within a limited frequency band and that decomposition levels beyond this band 422 

have no substantive impact on flux estimation. This convergence property provides a practical 423 
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criterion for selecting temperature and wind decomposition levels when applying DWT-based flux 424 

estimation in nonstationary mountainous winds. 425 

Since both the wind-speed and temperature series were detrended using wavelet decomposition, 426 

selecting an unduly low decomposition level (i.e., a cutoff that is too high and too broad) removes 427 

the low-frequency content from both signals, leaving little or no power in the low-frequency band, 428 

which leads to sharp drops in the figure. This circumstance can be addressed by constraining the 429 

analysis window and choosing decomposition levels whose characteristic window length is 430 

sufficiently long and aligned with the study objectives. The frequency band of the trend component 431 

should be determined with respect to the study objective and the analysis window. Prior study [49] 432 

indicates that, for strongly nonstationary intense-wind events, an equivalent window of 433 

approximately 30 seconds to 2 minutes is appropriate. Therefore, they are level 8 and higher. 434 

Consequently, cross-spectral comparisons that involve levels ≤7 (finer than level 8) are not 435 

physically informative for this purpose; they are shown only to illustrate the general phenomenon 436 

of cumulative cospectral overlap. For levels ≥8, both the spectra and the cumulative cospectra are 437 

smooth, the spectral-line overlap is evident, and the estimates are reliable. 438 

Given that the integral of the cospectrum corresponds to the flux value, the observed 439 

convergence behavior suggests that, under a fixed decomposition level for the fluctuating wind, 440 

higher decomposition levels of temperature—despite containing more high-frequency energy—can 441 

no longer find corresponding “coherent partners” in the wind field for effective heat transport. Since 442 

vertical heat flux depends on the coherence between temperature and velocity fluctuations, once the 443 

frequency range represented by the temperature decomposition exceeds that of the wind, the excess 444 

high-frequency temperature components cease to contribute to coherent transport and instead 445 

behave as isolated disturbances. Therefore, the decomposition level of temperature should be 446 

truncated at the point where the cospectral curves begin to converge, ensuring a frequency range 447 

compatible with the wind fluctuations that actively participate in heat transport. Based on this 448 

criterion, level 9 is selected as the optimal decomposition level for temperature fluctuations. 449 

3.4 Atmospheric stability estimation and dimensional analysis 450 

Given that the Obukhov similarity theory and its main empirical functions were developed in 451 

earlier periods, the underlying fluctuating wind components were primarily extracted using 452 
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stationary models based on fixed time windows. To extend their applicability to modern 453 

nonstationary decomposition methods, it is necessary to compare the differences between stationary 454 

and nonstationary wind speed models in flux estimation and atmospheric stability calculations. In 455 

this study, Obukhov length was calculated using both the conventional 10-minute stationary model 456 

and wavelet-based nonstationary decomposition. 457 

The normalized standard deviations of each fluctuating component were then compared. Fig. 458 

11 depicts how the normalized standard deviations (σ/u*, σ/θ*) of wind components (u, v, w) and 459 

temperature (θ* calculated by (24)) vary as a function of the stability parameter z/L. 460 

 * || /H u   (24) 

 
(a) Stationary method 
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(b) Nonstationary method 

Fig. 11 Normalized standard deviations of the velocity and temperature fluctuations versus the 

stability parameter z/L under stationary and nonstationary decomposition. 

The results show that, regardless of atmospheric stratification, the normalized standard 461 

deviation of wind speed varies with z/L according to a 1/3-power law, a behavior that closely 462 

matches the dimensional-analysis prediction of the Monin–Obukhov similarity theory (MOST). 463 

Under MOST and Eq.(4), the ratio of friction velocity to a characteristic turbulence length scale is 464 

the principal controlling parameter, leading to the following dimensional relationship: 465 
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 466 

This dimensional relationship has been validated by numerous theoretical and experimental 467 

studies [76-78] and represents a typical formulation of the Monin–Obukhov similarity theory, 468 

thereby providing a basis for verifying the constant-flux assumption. To further substantiate the 469 

general applicability of this relationship, we validated it across three independent seasonal datasets; 470 

see Fig. A1. 471 

Analysis of measured data shows that the normalized temperature standard deviation σθ/θ* 472 

exhibits a −2/3 power-law dependence on the stability parameter z/L, consistent with previous 473 

observational findings. This relationship is consistent with previous observational studies [79-80], 474 
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which reported a power-law dependence between normalized thermal fluctuations and z/L. The 475 

corresponding dimensional relationship can be expressed as follows. 476 
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 477 

According to the formulation of atmospheric stability in Eq.(4), the heat flux appears in the 478 

denominator, which implies that the negative exponent in the −2/3 power law is inevitable, and the 479 

normalized temperature standard deviation is therefore proportional to the inverse of the stability 480 

parameter raised to the 2/3 power. Dimensional analysis of the relationship between turbulent wind 481 

and heat fluctuations with stability parameters reveals that the dimensional expression for 482 

temperature fluctuations corresponds to the square of that for momentum fluctuations. This 483 

relationship is in agreement with the classical Businger–Dyer relationships [81-82], which suggest 484 

that the thermal universal function Φh is approximately equal to the square of the momentum 485 

universal function Φm (Φh ≈ Φm²). It is worth noting that the Businger–Dyer relationships are derived 486 

based on the assumption of similarity between momentum and heat transport ratios [17]. 487 

The power-law fitting results of wind speed and temperature, respectively, reflect the 488 

dimensionally consistent momentum structure (first-order structure) and the statistical 489 

characteristics associated with thermal transport (second-order structure) as described by Monin–490 

Obukhov similarity theory (MOST). These results provide strong support for the applicability of 491 

MOST, even under complex terrain and nonstationary convective conditions, where consistent 492 

scaling behavior is still maintained. This consistency confirms the reliability of atmospheric stability 493 

estimations derived from nonstationary and cospectral methods for calculating wind and 494 

temperature fluctuations. Considering the dimensional relationship between heat and momentum, 495 

the subsequent refinement of the stability-corrected wind profile model will be developed based on 496 

the Businger–Dyer relationship. 497 

4 Stability-corrected wind profile model for complex mountainous terrain 498 

For the study of turbulence characteristics over complex turbulent exchange surfaces, it is 499 

generally accepted that observations from multiple measurement sites are required for validation 500 

and confirmation [83]. Due to site limitations in actual field measurements, this study is based on 501 
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data from only a single measurement site and derives a correction function model based on 502 

atmospheric stability, specifically designed for complex mountainous terrain. 503 

Wind profile patterns in mountainous terrain are shaped by complex topography, leading to 504 

variations in the evolution of wind parameters, which may weaken the applicability assumptions of 505 

the MOST correction framework—near-surface homogeneity, quasi-stationarity, constant-flux 506 

conditions, and weak horizontal gradients. In this study, the assumptions of stationarity and constant 507 

flux are addressed by nonstationary decomposition and verified using the normalized second-order 508 

statistics shown in Fig. 11. The weak-horizontal-gradients and near-surface homogeneity 509 

assumption is enforced through dataset screening.  510 

To isolate wind-profile regimes suitable for MOST-based stability correction, all measured 511 

profiles were classified using a Self-Organizing Map (SOM) following Yan et al. [84]. This shape-512 

based clustering removes jet-like or non-gradient-flow profiles, which are known to violate MOST 513 

assumptions [85-87], and retains only gradient-wind-type profiles for further analysis. As shown in 514 

Fig. 12, the SOM identifies two representative patterns: a monotonic, power-law-like profile 515 

(Pattern 1) and an S-shaped profile influenced by terrain-modified shear (Pattern 2). 516 

  
(a) Pattern 1 (P1): monotonic, power-law-like 

profiles 

(b) Pattern 2 (P2): S-shaped profiles 

influenced by terrain-modified shear 

Fig. 12 Wind-profile patterns identified by SOM clustering 

The two identified patterns correspond to distinct physical regimes in the deep-canyon 517 

environment. Pattern 1 exhibits a smooth, nearly linear increase with height, resembling the classical 518 

power-law wind profile and indicating that the vertical shear is governed primarily by large-scale 519 

gradient flow. Pattern 2 displays an S-shaped structure associated with ridge-induced flow 520 
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modification and thermally driven circulations commonly observed in mountainous terrain. At this 521 

site, aggregation effects confine the wind direction to a nearly uniform orientation between 50 and 522 

250 m, with veering occurring only above this layer [3]. Because this veering height exceeds the 523 

typical MOST reconstruction range of approximately 100–150 m above the reference level [22-23, 524 

88], the weak-horizontal-gradient and homogeneity assumptions can be considered valid for both 525 

patterns within the target height range. These two flow regimes, therefore, form the basis for 526 

deriving separate stability functions and applying the proposed correction model under complex-527 

terrain conditions. 528 

4.1 Challenges to traditional stability-corrected wind profile models 529 

Before introducing a new correction model based on atmospheric stability, it is necessary to 530 

clarify the rationale for its development and to define its applicable conditions. This section 531 

discusses two issues that reveal the challenges faced by existing wind profile correction models. 532 

4.1.1 Calculation of universal function 533 

As noted in Section 1, wind events driven by thermally driven circulations often exhibit the 534 

co-occurrence of unstable atmospheric conditions and intense winds, and they frequently display 535 

wind–temperature consistency. The following presents a representative case from a mountainous 536 

site to further illustrate this issue, with the calculations performed using Eq.(25) to Eq.(26) and the 537 

results shown in Fig. 13: 538 
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where Φm denotes the wind profile universal function, and U2 and U1 represent the measured mean 539 

wind speeds at heights z2 and z2, respectively, which in this study correspond to 50ௗm and 10ௗm 540 

above ground. The numerator of the expression reflects the observed wind speed difference between 541 

two levels, while the denominator represents the theoretical wind speed difference derived from the 542 

gradient wind model. A ratio greater than 1 indicates a steeper observed wind profile gradient than 543 

the theoretical one (Eq.(25)); conversely, a value less than 1 implies a weaker gradient.  544 
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Fig. 13 shows the scatter plot of Obukhov length L (Eq.(4)) and the universal wind profile 545 

function Φm (Eq.(26)) derived from measured data in mountainous terrain using classical gradient-546 

based formulations (Eq.(25)). The scatter points are computed using the stationary decomposition 547 

to demonstrate the prevalent co-occurrence of intense winds and unstable stratification. 548 

 
Fig. 13 Distribution of atmospheric stability and the wind profile universal function 

According to traditional theory, this ratio should be less than 1 under unstable atmospheric 549 

conditions and greater than 1 under stable conditions. However, as shown in Fig. 13, a substantial 550 

number of cases exhibit values greater than 1 even under unstable conditions. This discrepancy 551 

highlights the need to redefine the atmospheric stability correction function, providing new 552 

perspectives for both wind engineering applications and the extension of Monin–Obukhov 553 

Similarity Theory to complex terrain. 554 

4.1.2 Influence of time–frequency decomposition methods 555 

To address the pervasive nonstationarity of wind fields in complex mountainous terrain, time–556 

frequency decomposition is a key approach for extracting turbulent fluctuations. Nevertheless, the 557 

chosen decomposition can influence both the formulation and performance of the proposed stability-558 

corrected wind profile model.  559 

To examine how different detrending approaches influence the estimation of turbulent 560 

momentum flux, the friction velocity u* (Eq.(3)) was computed from the fluctuating wind 561 

components extracted using both the stationary fixed-window method and the nonstationary DWT-562 

based decomposition. Because u* is directly linked to the momentum exchange coefficient in MOST, 563 

differences in its distribution reflect the sensitivity of stability corrections to the chosen 564 



 

34 

 

decomposition method. Fig. 14 compares the resulting u* distributions for the two wind-profile 565 

patterns (P1 and P2) under stable L>0 and unstable L<0 conditions. 566 

  

(a1) P1-Nonstationary method (Stable) (b1) P1-Stationary method (Stable) 

  

(a2) P1-Nonstationary method (Unstable) (b2) P1-Stationary method (Unstable) 

  

(a3) P2-Nonstationary method (Stable) (b3) P2-Stationary method (Stable) 

  

(a4) P2-Nonstationary method (Unstable) (b4) P2-Stationary method (Unstable) 
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Fig. 14 Distributions of friction velocity u* obtained using stationary and nonstationary 

(DWT) detrending methods 

As shown in Fig. 14, the friction velocity u* computed using the DWT-based nonstationary 567 

decomposition is systematically lower than that obtained from the conventional stationary fixed-568 

window method across both wind-profile patterns and stability regimes. This reduction reflects the 569 

more effective removal of low-frequency nonstationary motions, which reduces the covariance and 570 

therefore lowers the estimated momentum flux. In contrast, the stationary method retains portions 571 

of these large-scale motions within the fluctuation component, producing inflated u* values and 572 

broader distributions. 573 

The higher skewness and kurtosis observed under the stationary method further indicate that 574 

residual nonstationary disturbances amplify tail behavior and introduce terrain-induced outliers, 575 

whereas the nonstationary decomposition yields distributions closer to Gaussian turbulence. Such 576 

artifacts directly affect MOST-based scaling: because the numerator of the universal wind-profile 577 

function in Eq.(26) depends on the ratio between wind-speed differences and u*, an inflated u* 578 

suppresses the function value, thereby contributing to the underestimation of gradient winds noted 579 

earlier. 580 

Table 1 compares the u* distributions across the wind-profile patterns by conducting pairwise 581 

two-sample Kolmogorov–Smirnov (K–S) tests to assess the statistical significance of distributional 582 

differences under the different stability regimes, reporting p-values and Cliff’s delta (δ) to quantify 583 

distributional differences.  584 

Table 1 Significance testing between Stationary and Nonstationary methods 585 

Dataset P1-Stable P1-Unstable P2-Stable P2-Unstable 

p-value <0.0001 <0.0001 <0.0001 <0.0001 

Cliff’s delta (δ) -0.2976 -0.2741 -0.3768 -0.4143 

Following common guidelines and previous studies [89-91], a p-value < 0.05 indicates a 586 

statistically significant difference in distributions. For Cliff’s delta (δ), |δ|≥0.147 indicates 587 

discernible differences between two distributions. Accordingly, Table 1 shows that, across the four 588 

groups, the pairwise comparisons reveal distributional differences, indicating that different methods 589 

exhibit distinct friction velocity distributions. 590 

Given the above two issues, the traditional wind profile correction model exhibits limitations. 591 

Therefore, it is necessary to derive a new wind profile correction model based on field measurements 592 
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and tailored to the wind environment characteristics of the structure’s location. 593 

4.2 Gradient wind correction model based on Monin-Obukhov Similarity Theory 594 

Based on the gradient wind model, by introducing the Obukhov length, the wind profile 595 

universal function that accounts for atmospheric stability is expressed in the form of Eq.(27). The 596 

universal function represents the deviation of the gradient wind from the neutral stratification within 597 

the atmospheric stability layers. When the atmosphere is in a neutral state (with a large absolute 598 

value of the Obukhov length), the universal function should approach 1, indicating that neutral 599 

stratification is unaffected by turbulent transport characteristics and reverts to the general gradient 600 

wind model. This assumption is based on MOST, which states that the ratio of wind speed and 601 

temperature universal functions should be equal to the corresponding turbulent exchange coefficient, 602 

as shown in Eq.(28). 603 
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Where Φh is the universal function for the temperature profile, and Φm is the universal function 604 

for the wind speed profile, Kh is the turbulent heat exchange coefficient, Km is the turbulent 605 

momentum exchange coefficient, and γ is the constant ratio between the turbulent exchange 606 

coefficients.  607 

4.2.1 The empirical stability function satisfying the MOST correction framework 608 

To quantify the influence of atmospheric stability on wind speed flow in the vertical direction 609 

and to correct the wind profile under different turbulent flux conditions, the neutral component in 610 

Eq.(27) should be removed, and an integration is performed over the vertical height. This process 611 

yields the correction function for atmospheric stability in Eq.(29) and the corresponding corrected 612 

wind profile model in Eq.(30). Therefore, the “influencing factor” of the correction function with 613 

height can be extracted, and its functional relationship with atmospheric stability can be considered 614 

separately. In this study, this factor is referred to as the stability function Φms(z/L). Based on the 615 

requirements of the universal function, when the atmosphere is in a neutral state, the correction 616 

function should be zero. Similarly, the stability function Φms(z/L) used for the correction function 617 
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integral should approach zero under neutral atmospheric conditions. 618 
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where Φms(z/L) is the stability function obtained by removing the neutral component from the 619 

universal function.  620 

Taking the classical Businger–Dyer (B-D) stability correction functions established over flat 621 

terrain in Eq.(31) to Eq.(33) as an example:  622 
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Its correction function Eq.(33) is derived based on the form of Eq.(32). The stability function 623 

Φms(z/L) is derived by subtracting a value of one from the universal function, ensuring it approaches 624 

zero under neutral conditions. Its corresponding integral over height can also be understood as 625 

removing the neutral component represented by the 1/z gradient integral, indicating that this part is 626 

considered unaffected by turbulent transport in the atmosphere. 627 

Atmospheric stability varies across different terrains and thermal conditions, making it 628 

challenging to establish a universal function that strictly satisfies the similarity criterion shown in 629 

Eq.(28). Typically, empirical fitting is required based on observed data characteristics to 630 

accommodate different turbulent transport features [26]. Therefore, following the correction 631 

function derivation process from Eq.(27) to Eq.(30), constructing an empirical stability function 632 
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that meets the integral requirements and effectively captures deviations from neutral atmospheric 633 

conditions based on locally measured data is a reasonable approach. Directly integrating the 634 

empirical stability function avoids the complex derivation of the universal function and the 635 

determination of neutral conditions during stability function construction, making it more suitable 636 

for engineering applications in complex terrain. The process should adhere to the MOST correction 637 

framework: 638 

(1) The stability function should be constructed based on a universal function that satisfies the 639 

similarity criterion, ensuring compliance with the requirements of Eq.(27) and Eq.(28). 640 

(2) The stability function should effectively capture deviations from neutral atmospheric 641 

stratification, meaning its value should approach zero under neutral conditions. 642 

Additionally, it should possess the capability to adjust wind speed across different heights 643 

smoothly, ensuring integrability in the vertical direction, in accordance with the 644 

requirements of Eq.(29). 645 

(3) The integral of the stability function over vertical height, which forms the correction 646 

function, should also reflect deviations from neutral atmospheric stratification. That is, the 647 

integrated correction function should approach zero under neutral stratification conditions, 648 

ensuring compliance with the requirements of Eq.(30). 649 

It is important to note that this integration process assumes that the turbulent flux and wind 650 

direction remain nearly constant with height, indicating that their variations with height are 651 

considered negligible [83]. 652 

4.2.2 Determination of the empirical stability function and universal function 653 

Under stable atmospheric conditions, the universal function that satisfies the similarity 654 

criterion is typically parameterized in a “log-linear” form in vertically stratified flows, whereas 655 

under special circumstances, a height-independent (“z-less”) form may emerge [81]. Then, the 656 

stable stability function satisfies the requirements outlined in process (1) for the stability function. 657 
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To account for complex influences on buoyancy and heat flux, such as cases where heat flux 658 

exchange is not entirely near-surface, a special transformation can be introduced that incorporates 659 

height-independent heat flux density and vertical gradients [92]. Then, the stable stability function 660 

can satisfy the requirements outlined in process (2) for the stability function. 661 
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Under unstable atmospheric conditions, the universal function is given in Eq.(36) . The 662 

derivation, based on the Richardson number and the Businger–Dyer (B–D) relationships [93], is 663 

provided in the appendix (A3. Derivation of the Universal Function for Unstable Stratification). 664 

Then, the unstable stability function satisfies the requirements outlined in process (1) for the stability 665 

function. 666 
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In Eq.(36), the universal function approaches a under neutral conditions. Therefore, the 667 

function can be rewritten in the form of Eq.(37). Then, the unstable stability function satisfies the 668 

requirements outlined in process (2) for the stability function. 669 
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(1) Construction of the empirical stability function 670 

Based on Eq.(35) and Eq.(37), the new stability function can be expressed as: 671 
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 (38) 

Where z=50 m, L is the Obukhov length, and a, b, c are fitting coefficients. 672 

(2) Derivation of the correction function 673 

Referring to the transformation of the corresponding stability function in Eq.(32) based on 674 

Eq.(31), the unstable stability function in Eq.(38) can be rewritten in the form of Eq.(33) after 675 

substituting it into Eq.(29). If the integration process of the correction function represented by 676 

Eq.(33) is regarded as ψ’m(z/L), the unstable correction function with updated coefficients can be 677 

transformed into the form of Eq.(39), the calculation steps can be simplified, and the new correction 678 

function can be expressed in the form of a*ψ’m(z/L). 679 
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Referring to the treatment of the stable correction function in Eq.(33), removing the constant 680 

term related to z0, the new correction function can be derived as: 681 
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The correction function satisfies the requirements outlined in the process (3), meaning its value 682 

approaches zero under neutral conditions. In the final correction function, a denotes the unstable-683 

atmosphere (upward heat flux) correction coefficient for complex terrain. A positive a indicates that 684 

the net atmospheric effect inferred from the single-site measurements, including the combined 685 

influence of canyon topography and surface roughness, suppresses the gradient mean flow. A 686 

negative a indicates an enhancement of the mean flow. The absolute value of |a| quantifies the 687 

strength of this suppression/enhancement on the gradient wind. Parameter b is a shape parameter 688 

for the unstable-atmosphere correction, introduced to improve the flexibility of the functional form; 689 

it is constrained to be positive. Parameter c denotes the stable-atmosphere (downward heat flux) 690 

correction coefficient for complex terrain. Because the heat-flux direction is reversed, the sign of c 691 

is interpreted oppositely to a with respect to its effect on the mean flow, and |c| likewise measures 692 

the magnitude of that effect. 693 

4.3 Correction result 694 

The applicability of the MOST decreases when the wind speed is too low, and the Obukhov 695 

length exhibits strong randomness [94]. Therefore, measured wind profiles with a maximum wind 696 

speed greater than 5.5 m/s were selected for stability function calculation and corresponding 697 

coefficient fitting. The corresponding values of the universal function are obtained based on the 698 

mean wind speed at 50 m and 10 m meteorological towers, calculated using Eq.(26). Fit results for 699 

each wind-profile pattern under the stationary and nonstationary decompositions are shown in Fig. 700 

15. The red-shaded region denotes the 95% confidence interval (CI) of the fitted curve.  701 
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(a1) P1-Nonstationary method (Stable) (b1) P1-Stationary method (Stable) 

  
(a2) P1-Nonstationary method (Unstable) (b2) P1-Stationary method (Unstable) 

  
(a3) P2-Nonstationary method (Stable) (b3) P2-Stationary method (Stable) 
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(a4) P2-Nonstationary method (Unstable) (b4) P2-Stationary method (Unstable) 

Fig. 15 Stability function representation for each wind profile pattern 

As shown in Fig. 15, the new atmospheric stability correction model demonstrates good 702 

agreement between the fitted curves and the measured samples. In unstable conditions, a substantial 703 

fraction of the observations yield stability functions exceeding 1, consistent with the findings 704 

reported in Section 4.1.1. Moreover, comparison of Fig. 14a and 14b shows that a larger friction 705 

velocity leads to smaller fitted values, in agreement with the discussion in Section 4.1.2. For Pattern 706 

1 wind profiles, stable conditions dominate with relatively few unstable samples, while Pattern 2 is 707 

primarily characterized by unstable conditions. These results indicate that atmospheric stability 708 

directly influences the shape of wind profiles. 709 

Based on the gradient wind model (Eq.(25)), the energy loss and momentum transfer at a given 710 

height zr can be derived. These effects are typically represented by the drag coefficient Cd (Eq.(41)).  711 
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Moreover, at the reference height zr, Eq.(41) can be transformed into the form of Eq.(42): 712 

 1/ 2
r dru U C   (42) 

By substituting the new correction function into Eq.(30), the gradient wind profile can be 713 

corrected using the MOST method to account for the atmospheric stability near the surface (Eq.(43)). 714 

This formulation produces an improved wind speed profile model that incorporates the effects of 715 

atmospheric stratification stability and mountainous terrain influences. 716 
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Taking the 50 m height as the reference height, the corrected wind profiles for each pattern are 717 

plotted in Fig. 16. The shaded regions around the fitted curves denote the corresponding 95% 718 

confidence intervals. Additionally, the atmospheric stability profiles calculated using the empirical 719 

B-D and Holtslag [95] correction function from Eq.(33) and Eq.(44) are also included for 720 

comparison. 721 
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(a1) P1-Nonstationary method (all) (b1) P1-Stationary method (all) 

  
(a2) P2-Nonstationary method (all) (b2) P2-Stationary method (all) 
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(a3) P1-Nonstationary method (classification) (b3) P2-Stationary method (classification) 

  
(a4) P1-Nonstationary method (classification) (b4) P2-Stationary method (classification) 

Fig. 16 Mountainous wind profile correction model considering atmospheric stability 

As shown in Fig. 16, the atmospheric stability model derived using the empirical stability 722 

function underestimates the wind speed in mountainous wind profiles. Previous studies have shown 723 

that the MOST effectively corrects wind profiles within approximately 100 to 150 m above the 724 

reference height [23, 88]. The correction functions derived for Pattern 1 and Pattern 2 show better 725 

correction capability, effectively correcting wind profiles up to approximately 230 m above ground 726 

level, which is the height at which deviations in angle of attack and wind direction occur [3]. 727 

Detailed fitting accuracies for the different models are provided in Appendix Table A1 and Table 728 

A2. Regardless of whether the stationary or nonstationary decomposition is used, the improved 729 

correction model attains higher fitting accuracy. Further examination by stability class shows that 730 

under unstable conditions, the improved method is consistently superior. This is attributable to the 731 

co-occurrence of unstable stratification and thermally driven intense winds in complex mountainous 732 

terrain, a regime for which classical formulations for unstable conditions are not well suited. These 733 

correction results suggest that once an appropriate correction function is established, MOST remains 734 

applicable in complex mountainous terrain, allowing wind profiles to be adjusted based on near-735 

surface atmospheric stability.  736 
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4.4 Application method and case study of the correction model 737 

The MOST method has been demonstrated to be an effective approach for deriving turbulence 738 

characteristics based on wind profile data. Therefore, it is necessary to establish a wind profile 739 

model related to the gradient wind profile shape (Eq.(45)) to facilitate further applications in wind 740 

engineering research.  741 
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 (45) 

Eq.(45) yields the normalized wind-profile shape for different stability regimes, defined as 742 

U(z)/U(zr), where zr is the reference height, and z0 is the surface roughness length. Eq.(45) explicitly 743 

incorporates the correction function and z0, it establishes a gradient wind-profile correction model 744 

that accounts for atmospheric stability. In practical engineering applications, wind-profile modelling 745 

requires only the mean wind speed specified at a near-surface reference height zr. To assess how 746 

different profile patterns deviate from the ideal gradient-wind (log(z/z₀)/log(zr/z₀)) reference under 747 

the action of the correction function, we first invert z0 from the mast observations and then compile 748 

statistics separately for stable (L>0) and unstable (L<0) conditions (Fig. 17). 749 

  

(a1) P1-Unstable (b1) P1-Stable 
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(a2) P2-Unstable (b2) P2-Stable 

Fig. 17 Distribution of surface roughness z0 

Using the mean z0 for each pattern under stable and unstable conditions from Fig. 17, we adopt 750 

a reference height zr=10 mௗ to better display the normalized profile shape. Substituting these values 751 

into Eq.(45) yields the wind-profile curves for each stability class, as shown in Fig. 18. 752 

 

(a) Pattern 1 (Unstable z0=0.2958, Stable z0=0.2906) 

 

(b) Pattern 2 (Unstable z0=0.4008, Stable z0=0.3030) 

Fig. 18 Non-dimensional logarithmic wind profile 

In Fig. 18, the red line denotes the ideal gradient-wind log(z/z₀)/log(zr/z₀), which highlights 753 

departures from the ideal state induced by the correction function. For both patterns, within the 754 

unstable range (L > -990), the normalized profiles lie above the gradient-wind line, indicating an 755 

enhancement relative to the gradient flow. This behavior is consistent with the wind-profile 756 

correction results and supports the reliability of the proposed model.  757 

To examine how surface characteristics influence the stability-based correction of wind profiles, 758 

we computed normalized profiles by setting z₀=0.5, 1, and 2 m (Fig. 19). 759 
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(a1) Pattern 1 (z₀=0.5) 

 

(a2) Pattern 1 (z₀=1) 

 

(a3) Pattern 1 (z₀=2) 



 

48 

 

 

(b1) Pattern 2 (z₀=0.5) 

 

(b2) Pattern 2 (z₀=1) 

 

(b3) Pattern 2 (z₀=2) 

Fig. 19 Non-dimensional logarithmic wind profile with different z₀ 

As demonstrated in Fig. 19, increasing z₀ leads to higher normalized wind speeds under both 760 

stable and unstable conditions, and the departure of the unstable profile from the ideal gradient-761 

wind reference occurs at progressively more negative stability (L) values: for z₀=0.5 m the profile 762 

shows enhancement relative to gradient-wind for L>−990, for z₀=1 m near L≈−900; and for z₀=2 m 763 

near L≈−800. This feature indicates that application of the model requires rigorous verification of 764 
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the terrain-specific roughness length z₀ to avoid potential bias. 765 

5 Conclusions 766 

Based on field measurement data, this study compared stationary and nonstationary models to 767 

determine appropriate methods for extracting turbulent fluctuations and corresponding heat fluxes, 768 

providing a valuable reference for turbulence decomposition and atmospheric stability calculation 769 

in complex mountainous terrain. A wind profile correction model consistent with the Monin–770 

Obukhov similarity theory (MOST) framework was developed, linking complex terrain turbulence 771 

characteristics with vertical wind profile structures. The model was validated using field 772 

measurements. The main conclusions are as follows: 773 

1. Under strong convective conditions induced by temperature gradients and when extracting 774 

turbulent fluctuations using time-frequency methods, the applicability of the classical 775 

MOST-based wind profile correction model is notably reduced. 776 

2. The stationary model is not well-suited for nonstationary wind fields in complex terrain. 777 

In the nonstationary model, the discrete wavelet transform outperforms the moving 778 

average method in both signal correlation decomposition and turbulent kinetic energy 779 

distribution. 780 

3. Cospectral analysis effectively identifies the coupled transport of turbulent wind and heat 781 

extracted via nonstationary decomposition methods and enables a reasonable selection of 782 

the optimal decomposition level for the discrete wavelet transform. 783 

4. An atmospheric stability-corrected wind profile model was derived and validated; it 784 

constructs an empirical stability function within the MOST framework and captures the 785 

terrain-specific behavior of the universal functions, ensuring applicability to nonstationary 786 

wind fields in complex mountainous terrain. 787 

5. A case study demonstrates the wind engineering application of the proposed correction 788 

model, in which an established correction relationship between turbulent components and 789 

wind profiles enables reconstruction of the vertical wind profile from near-surface mean 790 

wind speeds, with effective correction heights of 150–200 m above the reference level. 791 

6. Limitations and scope of applicability: The method is intended for complex terrain where 792 

pronounced thermal signatures and thermally driven intense winds co-occur under 793 

unstable stratification, with profiles screened to satisfy the weak horizontal-gradient 794 
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assumption (gradient-wind-type profiles without significant veering within the correction-795 

height range). A full flux budget/closure analysis was not feasible given the measurement 796 

layout; the correction framework was evaluated at a single site, and thus its external 797 

validity/generalizability remains to be established. 798 

 799 
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APPENDIX 808 

A1.Three independent time periods. 809 

 
(a) Spring (April–May 2017) 

 
(b) Summer (July–August 2017) 
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(c) Autumn (October–November 2017) 

Fig. A1 Three independent time periods 

A2.Cumulative cospectrum of three typical time series 810 

Fig. A2 shows the cumulative cospectral integrals for the three representative event time series. 811 

Pattern 3 corresponds to the jet-like wind profile that was removed in bulk in this study; it is shown 812 

here solely as a representative wind type to illustrate the general applicability of the cospectral 813 

method and is not included in the wind-profile correction calculations. For Event 1 and Event 3, the 814 

selected time series are dominated by stable stratification (downward sensible heat flux), so the 815 

cospectral values are negative. To enable plotting on logarithmic axes, the spectra are displayed with 816 

the sign reversed. 817 
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(a) Event 1: June 6, 2017, 20:00 to 22:00, Pattern 1 wind profile (Neutral) 
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(b) Event 2: June 7, 2017, 16:00 to 18:00, Pattern 2 wind profile (Unstable) 
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(c) Event 3: May 20, 2017, 1:00 to 3:00, Jet-type wind profile (Stable) 

Fig. A2 Cumulative cospectrum of three typical time series 

A3.Derivation of the Universal Function for Unstable Stratification 818 

The Richardson number (Ri) is likewise a stability index based on the relative behavior of 819 

momentum and heat. Its computation is given in Eq.(46). Under the similarity hypothesis (Eq.(27)), 820 

the vertical gradients of temperature and wind speed can be expressed in terms of the universal 821 

functions for momentum (Φm) and heat (Φh), which ultimately allows Ri to be rewritten in a form 822 

involving the Obukhov length (Eq.(4)) together with the universal functions. The detailed derivation 823 

is presented in connection with Eq.(46). 824 
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Under similarity theory, the ratio of turbulent exchange coefficients is identical to the ratio of 825 

universal functions, allowing the relationship between the Richardson number and the universal 826 

function to be derived, as shown in Eq.(47). 827 
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Based on the Businger-Dyer relationship [93], the Richardson number under different 828 

atmospheric stability conditions is expressed as a function of ζ as follows. 829 
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Substituting Eq.(47) into the turbulent equilibrium equation for the boundary layer atmosphere 830 

[77], the equation can be rewritten in the form of Eq.(49). 831 
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Substituting Eq.(48) into Eq.(49) yields a specific solution for the universal function under 832 

unstable conditions in terms of the Richardson number, as shown in Eq.(46). Moreover, if a linear 833 

transformation is introduced, like aΦm, it does not affect the similarity criterion in Eq.(28) or the 834 

validity of Eq.(49). 835 

 

1 1
1

4 4
4

1

4

(1 )

( 0)

Φ 1 Ri 1

Φ (1 )

m

m

z z

L L

z
a b

b

b
L


 



 




   
      
  

 

  





 (50) 

A4.Wind-profile correction accuracy 836 

Table A1-1 Wind-profile correction accuracy under the nonstationary method (50-230 m) 837 

P1 (all) P2 (all) 

Accuracy Improved B-D Holtslag Accuracy Improved B-D Holtslag 

R2 0.8845 0.3612 -0.2819 R2 0.9819 -0.5186 -0.7912 

RMSE 0.3172 0.7908 1.0711 RMSE 0.1584 1.4523 1.5773 

Table A1-2 Pattern 1 correction accuracy under the nonstationary method (50-230 m) 838 

P1-Unstable P1-Stable 

Accuracy Improved B-D Holtslag Accuracy Improved B-D Holtslag 

R2 0.9488 -1.6882 -1.8137 R2 0.8062 0.7175 -0.0111 
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RMSE 0.1766 1.2822 1.3093 RMSE 0.4122 0.4977 0.9415 

Table A1-3 Pattern 2 correction accuracy under the nonstationary method (50-230 m) 839 

P2-Unstable P2-Stable 

Accuracy Improved B-D Holtslag Accuracy Improved B-D Holtslag 

R2 0.9400 -1.3390 -1.4695 R2 0.9579 0.7443 0.3388 

RMSE 0.2736 1.7081 1.7553 RMSE 0.2323 0.5726 0.9207 

Table A2-1 Wind-profile correction accuracy under the stationary method (50-230 m) 840 

P1 (all) P2 (all) 

Accuracy Improved B-D Holtslag Accuracy Improved B-D Holtslag 

R2 0.8852 0.4489 0.0809 R2 0.9465 0.1378 -0.1269 

RMSE 0.3253 0.7127 0.9204 RMSE 0.2721 1.0922 1.2492 

Table A2-2 Pattern 1 correction accuracy under the stationary method (50-230 m) 841 

P1-Unstable P1-Stable 

Accuracy Improved B-D Holtslag Accuracy Improved B-D Holtslag 

R2 0.9828 -1.2915 -1.4381 R2 0.8495 0.7675 0.7893 

RMSE 0.1052 1.2133 1.2513 RMSE 0.3613 0.4487 0.4271 

Table A2-3 Pattern 2 correction accuracy under the stationary method (50-230 m) 842 

P2-Unstable P2-Stable 

Accuracy Improved B-D Holtslag Accuracy Improved B-D Holtslag 

R2 0.9503 -0.8029 -0.9542 R2 0.9743 0.9730 0.8650 

RMSE 0.2512 1.5131 1.5755 RMSE 0.1794 0.1842 0.4114 

 843 

  844 
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