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ABSTRACT 10 

This study integrates remote sensing and spatial econometric techniques to identify pixel-level 11 

wind energy corridors in West Bengal, India. Weibull scale (A) and shape (K) parameter rasters 12 

at 100 m resolution were combined with Dynamic World land-cover data to evaluate the 13 

influence of landscape characteristics on wind potential. District-level zonal statistics were first 14 

extracted, and Ordinary Least Squares (OLS), Spatial Autoregressive (SAR), Spatial Error 15 

Model (SEM), and Spatial Durbin Model (SDM) were subsequently estimated. Global Moran's 16 

I (0.723, p < 0.01) revealed significant positive spatial autocorrelation, justifying the 17 

application of spatial econometric models. Model comparison indicated that the Spatial Error 18 

Model (SEM) provided the best statistical fit among the tested specifications, showing that tree 19 

cover and built-up areas are negatively associated with wind potential, whereas flooded 20 

vegetation exhibits a positive association. The estimated spatial error coefficient (lambda = 21 

0.945) further confirms the importance of latent regional environmental processes. Based on 22 

these findings, a pixel-level wind suitability index was developed to identify potential 23 

contiguous wind energy corridors across the state. The results suggest that several districts 24 

located in the southern and coastal parts of West Bengal possess relatively high wind energy 25 

development potential and highlight the importance of integrated land-use planning. However, 26 

the identified corridors should be interpreted as planning-support outputs that require further 27 

engineering, environmental, and infrastructure assessments before implementation. 28 
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1. Introduction 39 

he successful development of wind energy infrastructure depends fundamentally on 40 

appropriate site selection. Conventional wind resource assessment has primarily 41 

focused on evaluating average wind speed or wind power density using meteorological 42 

observations and statistical distributions, particularly the Weibull distribution. The two 43 

principal parameters of the Weibull model, namely the scale parameter (A) and the shape 44 

parameter (K), provide complementary information regarding wind resources. While the scale 45 

parameter reflects the overall strength of the wind regime, the shape parameter measures wind 46 

consistency and stability. Higher values of the Weibull scale parameter generally indicate 47 

greater energy production potential, whereas higher values of the shape parameter imply 48 

smoother wind conditions, reduced mechanical stress on turbines, and lower maintenance 49 

costs. Therefore, considering both parameters simultaneously offers a more comprehensive 50 

understanding of the long-term economic viability of wind energy projects. 51 

However, wind characteristics alone may not be sufficient for identifying high-52 

suitability locations for wind farm development. Local land-use patterns significantly influence 53 

near-surface wind behavior through variations in surface roughness, vegetation density, urban 54 

structures, and landscape configuration. Dense forests and urban built-up areas can generate 55 

turbulence and reduce wind efficiency, whereas open landscapes and certain low-roughness 56 

environments facilitate smoother airflow. Moreover, from an energy economics perspective, 57 

the spatial relationship between wind resources and existing infrastructure is equally important. 58 

Extremely remote locations may exhibit favorable wind conditions but require substantial 59 

investment in transmission networks, road infrastructure, and maintenance logistics. 60 

Conversely, areas located reasonably close to existing urban infrastructure may reduce 61 

electricity delivery costs and improve overall project feasibility. 62 

Recent advances in remote sensing technologies provide unprecedented opportunities 63 

for incorporating land-use information into renewable energy planning. The Dynamic World 64 

land-cover dataset, developed using high-resolution Sentinel-2 imagery and machine learning 65 

algorithms, offers near real-time global land-cover classification at a spatial resolution of 100 66 

meters. Compared with conventional static land-use inventories, Dynamic World enables 67 

detailed pixel-level analysis of landscape characteristics, making it particularly suitable for 68 

renewable energy site selection studies. Nevertheless, most existing wind energy assessments 69 

continue to rely on district-level averages or simple overlay techniques, often neglecting the 70 

spatial heterogeneity embedded within high-resolution remote sensing data.  71 

Another important limitation of the existing literature is the assumption of spatial 72 

independence. Wind regimes, topographic conditions, and land-use characteristics are 73 

inherently spatial phenomena, where neighboring locations tend to exhibit similar 74 

environmental properties. This concept is formally described by Tobler's First Law of 75 

Geography, which states that "everything is related to everything else, but near things are more 76 

related than distant things." Ignoring such spatial dependence may lead to biased parameter 77 

T 



estimates and misleading policy conclusions. Spatial econometric models, including the Spatial 78 

Autoregressive Model (SAR), Spatial Error Model (SEM), and Spatial Durbin Model (SDM), 79 

provide robust frameworks for explicitly accounting for spatial interactions and spillover 80 

effects. Despite their growing application in regional economics and environmental studies, 81 

their integration with remote sensing-based wind resource assessment remains relatively 82 

limited. 83 

Furthermore, the majority of previous studies emphasize the identification of isolated 84 

high-potential sites rather than contiguous development zones. From the perspective of 85 

infrastructure planning and new economic geography, renewable energy investments are more 86 

efficiently organized as connected development corridors, where resource availability, 87 

accessibility, and transmission infrastructure can be jointly optimized. Corridor-based planning 88 

may reduce grid expansion costs, simplify maintenance operations, and encourage regional 89 

clustering of renewable energy investments. However, a systematic framework for identifying 90 

wind energy corridors through the integration of wind characteristics, land-use dynamics, and 91 

spatial econometric analysis has received little scholarly attention. 92 

Against this background, the present study proposes an integrated spatial econometric 93 

and remote sensing framework for pixel-level wind energy corridor identification in West 94 

Bengal, India. West Bengal represents an interesting case study due to its highly heterogeneous 95 

landscape, encompassing coastal plains, agricultural regions, densely urbanized zones, forested 96 

uplands, and Himalayan foothills. Such diversity provides an ideal natural laboratory for 97 

examining how land-use patterns and spatial interactions influence wind resource distribution. 98 

Specifically, this study combines Weibull scale (A) and shape (K) parameters with 99 

Dynamic World land-cover data to construct a high-resolution wind suitability index. Spatial 100 

autocorrelation is first examined using Moran's I statistic, followed by the estimation of Spatial 101 

Autoregressive (SAR), Spatial Error (SEM), and Spatial Durbin (SDM) models to evaluate the 102 

influence of various land-cover classes on wind characteristics. Building upon the best-103 

performing spatial econometric specification, a pixel-level suitability framework is developed 104 

to delineate potential wind energy corridors across the state. 105 

The main contributions of this study are fourfold. First, it extends traditional wind 106 

resource assessment by jointly considering both wind strength and wind stability through the 107 

integration of Weibull A and Weibull K parameters. Second, it incorporates high-resolution 108 

Dynamic World land-cover information to capture the effects of landscape heterogeneity on 109 

wind suitability. Third, it explicitly accounts for spatial dependence through spatial 110 

econometric modeling, thereby overcoming the limitations of conventional regression 111 

approaches. Finally, it shifts the focus from isolated site identification toward corridor-based 112 

renewable energy planning, providing a practical decision-support framework for sustainable 113 

infrastructure development and regional energy policy. 114 

The remainder of the paper is organized as follows. Section 2 reviews the relevant 115 

literature and develops the theoretical framework. Section 3 describes the study area, datasets, 116 

and methodological approach. Section 4 presents the empirical findings and spatial 117 



econometric results. Section 5 discusses the policy implications of pixel-level wind energy 118 

corridor planning, and Section 6 concludes the study with recommendations for future research. 119 

2. Literature Review and Theoretical Framework 120 

2.1 Wind Resource Assessment and the Weibull Distribution  121 

The identification of suitable locations for wind energy development has become an 122 

increasingly important research topic as countries seek to accelerate the transition toward low-123 

carbon energy systems. Traditional wind resource assessment primarily relies on long-term 124 

wind speed observations and statistical models that characterize the probability distribution of 125 

wind regimes. Among these models, the Weibull distribution has emerged as the most widely 126 

applied approach because of its flexibility and empirical performance across diverse climatic 127 

regions (Justus et al., 1978; Seguro & Lambert, 2000). 128 

The Weibull distribution is generally represented by two parameters: the scale 129 

parameter (A) and the shape parameter (K). The scale parameter reflects the overall strength 130 

of the wind regime and is strongly associated with expected energy production, whereas the 131 

shape parameter measures wind consistency and temporal stability (Akdağ & Dinler, 2009). 132 

Previous studies have largely focused on average wind speed or wind power density, often 133 

emphasizing the scale parameter while paying comparatively less attention to the role of wind 134 

stability in long-term infrastructure performance (Carta et al., 2009). 135 

From an industrial energy economics perspective, however, sustainable wind energy 136 

planning requires consideration of both energy output and infrastructure durability. Turbines 137 

operating under highly variable wind conditions experience greater mechanical fatigue, 138 

increasing maintenance costs and reducing operational life. Consequently, the simultaneous 139 

consideration of Weibull A and Weibull K provides a more comprehensive measure of the 140 

long-run economic feasibility of wind energy investments. 141 

Despite the widespread application of the Weibull distribution in wind resource 142 

assessment, relatively few studies have integrated both parameters into spatial planning 143 

frameworks for identifying renewable energy development corridors. 144 

2.2 Land Use, Remote Sensing, and Renewable Energy Planning  145 

Wind energy potential is influenced not only by atmospheric conditions but also by the 146 

characteristics of the underlying landscape. Surface roughness generated by forests, urban 147 

structures, and heterogeneous land-cover patterns modifies local airflow and influences turbine 148 

performance (Wieringa, 1993). In particular, vegetation and built-up environments create 149 

aerodynamic resistance and turbulence, whereas open landscapes facilitate smoother wind 150 

movement. 151 

The increasing availability of high-resolution remote sensing data information has 152 

significantly improved the ability to incorporate land-use information into renewable energy 153 

planning. Satellite-based datasets provide consistent and spatially explicit observations of 154 

landscape dynamics that cannot be captured through conventional ground surveys. Recent 155 

advances in Earth observation have led to the development of the Dynamic World dataset, 156 



which provides near real-time global land-cover classification derived from Sentinel-2 imagery 157 

(Brown et al., 2022). 158 

Most existing studies employ land-use information primarily as an exclusion criterion 159 

by removing forests, urban settlements, protected areas, and water bodies from candidate 160 

locations (Baban & Parry, 2001; Tegou et al., 2010). While such approaches are useful for 161 

preliminary screening, they often overlook the broader economic implications of landscape 162 

characteristics. For example, highly remote locations may offer excellent wind resources but 163 

require substantial investments in transmission infrastructure and maintenance logistics. 164 

Conversely, moderate proximity to existing urban infrastructure may reduce electricity delivery 165 

costs and improve overall project viability. 166 

Therefore, land use should be viewed not merely as a physical constraint but also as an 167 

important determinant of renewable energy economics. 168 

2.3 Spatial Dependence and Spatial Econometric Modeling  169 

Conventional regression techniques generally assume that observations are independently 170 

distributed. However, geographical and environmental phenomena rarely satisfy this 171 

assumption because neighboring locations often share similar physical and socioeconomic 172 

characteristics. This principle is formally expressed by Tobler's First Law of Geography, which 173 

states that "everything is related to everything else, but near things are more related than distant 174 

things" (Tobler, 1970). 175 

Wind regimes, topography, and land-use patterns are inherently spatial processes that 176 

exhibit significant autocorrelation across neighboring regions. Ignoring such spatial 177 

dependence may produce biased coefficient estimates and unreliable statistical inference 178 

(Anselin, 1988). Spatial econometric models were developed specifically to address these 179 

challenges by incorporating spatial interactions directly into the estimation process. 180 

Among the most widely applied approaches are the Spatial Autoregressive Model 181 

(SAR), which captures direct spillover effects through a spatial lag of the dependent variable; 182 

the Spatial Error Model (SEM), which accounts for spatially correlated unobserved factors; 183 

and the Spatial Durbin Model (SDM), which considers spillover effects in both dependent and 184 

explanatory variables (LeSage & Pace, 2009). 185 

Although spatial econometric methods have become increasingly common in regional 186 

science, environmental economics, and urban studies, their application to wind energy planning 187 

remains relatively limited. Existing wind resource studies frequently rely on ordinary least 188 

squares estimation or simple GIS overlay methods, thereby neglecting the spatial interactions 189 

inherent in environmental systems. 190 

The integration of spatial econometric modeling with high-resolution remote sensing 191 

data therefore represents an important methodological advancement for renewable energy 192 

planning. 193 

2.4 Theoretical Framework 194 



The theoretical foundation of this study integrates five complementary perspectives: Weibull 195 

wind resource theory, landscape ecology theory, Tobler's First Law of Geography, central place 196 

theory, and new economic geography. 197 

Weibull theory suggests that both wind strength and wind stability jointly determine 198 

the technical and economic performance of wind energy systems. Landscape ecology argues 199 

that the structure and composition of land-cover patterns regulate the movement of physical 200 

flows, including wind, through variations in surface roughness (Forman & Godron, 1986). 201 

Tobler's First Law provides the conceptual basis for applying spatial econometric 202 

techniques, recognizing that neighboring locations are not independent. Central Place Theory 203 

(Christaller, 1933) further emphasizes the importance of infrastructure accessibility and 204 

transport efficiency, implying that renewable energy facilities should balance resource quality 205 

with proximity to transmission networks and demand centers. 206 

Finally, New Economic Geography proposes that economic activities tend to cluster 207 

spatially due to agglomeration economies and reduced transport costs (Krugman, 1991). 208 

Applying this perspective to renewable energy planning suggests that development should 209 

focus on contiguous corridors rather than isolated high-potential sites. 210 

Integrating these theoretical perspectives leads to the central proposition of this study: 211 

potential wind energy development depends on the joint interaction between wind resource 212 

quality, landscape characteristics, spatial dependence, and infrastructure accessibility. 213 

Accordingly, the following hypotheses are proposed: 214 

H1: Wind resource characteristics exhibit significant positive spatial autocorrelation across 215 

districts. 216 

H2: Land-use patterns significantly influence local wind characteristics. 217 

H3: Urban built-up areas and vegetation exert heterogeneous effects on wind suitability 218 

through their influence on surface roughness and infrastructure accessibility. 219 

H4: The integration of Weibull wind parameters, remote sensing data, and spatial econometric 220 

modeling facilitates the identification of potential wind energy development corridors. 221 

3. Study Area, Data, and Methodological Framework 222 

 3.1 Study Area 223 

The empirical analysis is conducted for the state of West Bengal, India. The state covers an 224 

area of nearly 88,752 square kilometers and exhibits remarkable geographical diversity, 225 

ranging from the Himalayan foothills in the north to the coastal plains bordering the Bay of 226 

Bengal in the south. 227 

West Bengal provides an ideal case study for examining the interaction between land-228 

use characteristics and wind resources because of its heterogeneous landscape composition. 229 

The northern districts are dominated by forests and mountainous terrain, the central region 230 



consists primarily of agricultural land, while the southern part contains densely populated urban 231 

areas, coastal ecosystems, and extensive river networks. These variations generate substantial 232 

differences in surface roughness, atmospheric flow characteristics, and infrastructure 233 

accessibility. 234 

From the perspective of renewable energy planning, West Bengal faces increasing 235 

electricity demand driven by rapid urbanization and industrial development. At the same time, 236 

the state has relatively limited conventional energy resources and is actively exploring 237 

opportunities for expanding renewable energy generation. The coexistence of diverse land-238 

cover patterns and varying wind conditions makes West Bengal an appropriate region for 239 

identifying potential wind energy development corridors. 240 

The administrative boundaries of the nineteen districts of West Bengal constitute the 241 

primary spatial units for the district-level econometric analysis, while pixel-level observations 242 

are employed for the final corridor identification framework. 243 

3.2 Data Sources and Variable Construction 244 

3.2.1 Weibull Wind Parameters 245 

Wind resource information is represented using the Weibull scale parameter (A) and the 246 

Weibull shape parameter (K). The Weibull distribution is widely recognized as the standard 247 

statistical representation of wind speed frequency distributions (Justus et al., 1978; Seguro & 248 

Lambert, 2000). 249 

The scale parameter (A) reflects the overall magnitude of the wind regime and serves 250 

as a proxy for potential energy production. The shape parameter (K) captures the regularity and 251 

stability of wind conditions, with larger values indicating smoother wind patterns and reduced 252 

turbine fatigue. 253 

Raster datasets for Weibull A and Weibull K were obtained at a spatial resolution of 254 

approximately 100 meters. District-level average values were subsequently extracted through 255 

zonal statistical analysis using administrative boundary polygons. 256 

3.2.2 Dynamic World Land-Cover Data  257 

Land-use information was derived from the Dynamic World Version 1 dataset developed by 258 

Google earth engine and the World Resources Institute (Brown et al., 2022). Dynamic World 259 

provides near real-time global land-cover classification at a spatial resolution of 10 meters 260 

using Sentinel-2 imagery and machine learning algorithms. 261 

Annual land-cover composites were generated through Google Earth Engine by 262 

applying the modal (majority) classification to all available observations during the study year. 263 

The resulting land-cover raster was clipped to the administrative boundary of West Bengal and 264 

subsequently resampled to match the spatial resolution of the Weibull datasets. 265 

Table1.The Dynamic World classification system contains nine land-cover categories: 266 

Class Code Land Cover Type 



0 Water 

1 Trees 

2 Grass 

3 Flooded Vegetation 

4 Cropland 

5 Shrub and Scrub 

6 Built Area 

7 Bare Ground 

8 Snow and Ice 
Source: Google Earth Engine 267 

For each district, the percentage share of each land-cover class was calculated through zonal 268 

histogram analysis. Due to potential multicollinearity among land-cover categories as depicted 269 

in table 1, only the most economically and environmentally relevant variables were retained 270 

for the spatial econometric models. 271 

3.2.3 Spatial Weight Matrix  272 

Spatial interactions among districts were represented through a first-order Queen contiguity 273 

spatial weight matrix. Under this specification, two districts are considered neighbors if they 274 

share either a common boundary or a common vertex. 275 

The spatial weight matrix was row-standardized to ensure comparability across 276 

observations and was subsequently used for the calculation of Moran's I statistic and the 277 

estimation of spatial econometric models. 278 

3.3 Pixel-Level Data Processing  279 

The analysis integrates raster-based wind information with high-resolution land-cover data to 280 

construct a pixel-level wind suitability framework. 281 

First, the Dynamic World raster was re-sampled from 10-meter resolution to match the 282 

100-meter spatial resolution of the Weibull datasets using modal resampling. This procedure 283 

preserves the dominant land-cover category within each aggregated cell while minimizing 284 

classification distortion. 285 

Second, the Weibull A and Weibull K rasters were normalized using min-max 286 

transformation: 287 

𝑋௜∗ = 𝑋௜ − 𝑋௠௜௡𝑋௠௔௫ − 𝑋௠௜௡ 

 

(1) 

 288 

Where, 𝑋௜∗ denotes the normalized value of the variable, 𝑋௜is the original observation, and 𝑋௠௜௡ 289 

and 𝑋௠௔௫ represent the minimum and maximum values of the dataset, respectively. 290 

Third, binary masks representing major land-cover constraints were generated for built-up 291 

areas, tree cover, and flooded vegetation. These variables were selected because they exhibited 292 

the strongest relationships with wind characteristics during the econometric analysis. 293 



Finally, a composite wind suitability index was constructed by combining normalized wind 294 

parameters with land-cover characteristics: 295 ܹܵܫ௜ = ∗௜ܣ஺ߙ + ∗௜ܭ௄ߙ − ௜ܤ஻ߙ − ்ߙ ௜ܶ −  ௜ (2)ܨிߙ

 296 

Where, 297 ܣ௜∗= normalized Weibull scale parameter, 298 ܭ௜∗= normalized Weibull shape parameter, 299 ܤ௜= built-up land indicator, 300 

௜ܶ= tree cover indicator, 301 ܨ௜= flooded vegetation indicator. 302 

The weighting scheme assigns greater importance to wind resource quality while incorporating 303 

the effects of landscape characteristics identified through the spatial econometric analysis. 304 

3.4 Spatial Econometric Framework 305 

The presence of spatial dependence was initially evaluated using Global Moran's I statistic: 306 

ܫ = ݊ܵ0 . ∑ ∑ ௜௝(௑೔−௑̅)(௑ೕ−௑̅)௡௝=1௡௜=1ݓ ∑ (𝑋௜ − 𝑋̅)2௡௜=1  
(3) 

 307 

Where, 308 ܵ0 = ∑ ∑ ௜௝௡௝=1௡௜=1ݓ  309 

Where, ݓ௜௝denotes the spatial weight between locations i and j, 𝑋௜ and 𝑋௝ are the observed 310 

values, and 𝑋̅ is the sample mean. 311 

A statistically significant positive Moran's I indicates the presence of spatial clustering and 312 

justifies the application of spatial econometric techniques. 313 

To account for potential spatial dependence, three alternative model specifications were 314 

estimated. 315 

A statistically significant Moran's I indicates that conventional regression methods may 316 

produce biased estimates, thereby justifying the application of spatial econometric techniques. 317 

Three alternative spatial specifications were estimated: 318 

 319 

 320 



 321 

 Spatial Autoregressive Model (SAR) 322 

 323 ܻ = ܻܹߩ + 𝑋ߚ + ߳ (4) 

 324 

where ߩ is the spatial autoregressive coefficient that measures the influence of neighboring 325 

observations. 326 

Spatial Error Model (SEM) 327 ܻ = 𝑋ߚ +  (5) ݑ

With  ݑ = ݑܹߣ +  ߝ

(6) 

Where, ߣ captures the degree of spatial dependence contained within the disturbance process. 328 

 Spatial Durbin Model (SDM) 329 ܻ = 𝑋ܹߩ + 𝑋ߚ + ܹ𝑋ߠ + ߳ (7) 

 330 

 331 

Where,  ܹ𝑋 denotes the spatially lagged explanatory variables and ߠ measures the indirect 332 

spillover effects from neighboring regions. 333 

The final model specification was selected based on statistical significance, model diagnostics, 334 

and information criteria. 335 

3.5 Wind Energy Corridor Identification Framework 336 

The final stage of the analysis extends conventional site-selection approaches by identifying 337 

spatially connected wind energy development corridors. 338 

A pixel-level suitability surface was generated using the integrated wind suitability index. 339 

High-potential pixels were subsequently identified using a percentile threshold criterion: 340 

௜ݎ݋݀݅ݎݎ݋ܥ = {1, ௜ܫܹܵ ݂݅ ≥ ,0,(ܫܹܵ)0.90ܳ ௜ܫܹܵ ݂݅ <  {(ܫܹܵ)0.90ܳ

 

(8) 

 341 

where,  represents the 90th percentile of the Wind Suitability Index distribution. 342(ܫܹܵ)0.90ܳ

Unlike conventional binary exclusion methods, this framework enables the identification of 343 

contiguous zones where favorable wind characteristics, suitable land-cover patterns, and 344 

infrastructure accessibility jointly maximize the long-term feasibility of wind energy 345 

development. 346 



4. Empirical Findings and Spatial Econometric Results 347 

 348 

Table 2. Ordinary Least Squares (OLS) Estimates of the Determinants of the Weibull Scale 349 

Parameter (A) 350 

Dependent Variable: Weibull Scale Parameter (Weibull A) 351 

VARIABLES COEFFICIENT 

CONSTANT 5.143***  
(0.284) 

BUILT-UP AREA -0.001  
(0.006) 

TREES -0.027***  
(0.007) 

GRASS -0.094  
(0.345) 

SHRUB AND SCRUB 0.048  
(0.037) 

BARE LAND -0.259**  
(0.118) 

FLOODED VEGETATION 0.586**  
(0.209) 

MODEL STATISTICS 
 

OBSERVATIONS 19 

R2 0.809 

ADJUSTED R2 0.714 

F-STATISTIC 8.479*** 

PROB > F 0.0009 

LOG-LIKELIHOOD -6.306 

AKAIKE INFORMATION CRITERION (AIC) 26.612 

BAYESIAN INFORMATION CRITERION (BIC) 33.223 

DURBIN-WATSON STATISTIC 1.982 

OMNIBUS TEST (P-VALUE) 0.535 

JARQUE-BERA TEST (P-VALUE) 0.626 

CONDITION NUMBER 133.0 

Source: Calculated by Author 352 

4.1 Ordinary Least Squares Estimation 353 

Table 2 presents the baseline Ordinary Least Squares (OLS) estimation results for the 354 

determinants of the district-level Weibull scale parameter (A). The model explains 355 

approximately 80.9% of the cross-district variation in wind potential R2 (0.809), while the 356 

adjusted R2 (0.714) suggests that the explanatory variables collectively provide substantial 357 

predictive power even after accounting for model complexity. The overall F-statistic (8.479) is 358 

highly significant p-val (0.01), indicating that the null hypothesis that all slope coefficients are 359 

jointly equal to zero can be rejected. 360 

Among the land-cover variables, tree cover exhibits a statistically significant negative 361 

relationship with the Weibull scale parameter. The estimated coefficient (-0.027), p-val (0.01) 362 

implies that, holding other factors constant, districts with larger shares of forested land tend to 363 

experience lower average wind intensity. This finding is consistent with the principles of 364 

landscape ecology and boundary-layer meteorology, according to which dense vegetation 365 



increases surface roughness and creates greater aerodynamic resistance, conditions that are 366 

generally associated with lower near-surface wind speeds.  367 

Similarly, bare land also displays a negative and statistically significant coefficient (-368 

0.259), p-val (0.05). Although open terrain is often considered favorable for wind energy 369 

development, the present result suggests that, within the context of West Bengal, districts 370 

containing relatively larger proportions of bare surfaces are generally associated with lower 371 

Weibull scale parameters. This outcome may reflect the geographical concentration of bare 372 

land in regions that naturally possess weaker wind regimes rather than a direct causal 373 

relationship. 374 

In contrast, flooded vegetation exerts a positive and statistically significant influence 375 

on wind potential. The estimated coefficient (0.586), p-val(0.05) indicates that districts 376 

containing larger shares of wetlands and seasonally inundated landscapes tend to exhibit higher 377 

average wind intensity. Such environments typically present relatively smooth surfaces with 378 

limited physical obstructions, allowing more stable air movement and potentially enhancing 379 

local wind flow characteristics. 380 

The coefficients associated with built-up areas, grasslands, and shrublands are 381 

statistically insignificant at conventional significance levels. The estimated coefficient for 382 

built-up land is extremely small (-0.0001) and insignificant, suggesting that, after controlling 383 

for other land-cover characteristics, the proportion of urbanized land does not independently 384 

explain cross-district variation in the Weibull scale parameter. Likewise, the effects of 385 

grassland and shrubland are not statistically distinguishable from zero. 386 

From a policy perspective, these findings imply that the spatial distribution of wind 387 

resources in West Bengal is influenced more strongly by natural landscape characteristics than 388 

by the current extent of urban development. In particular, extensive tree cover is associated 389 

with lower average wind intensity, whereas flooded vegetation is associated with relatively 390 

favorable wind conditions. These relationships provide an initial empirical basis for integrating 391 

land-use information into wind energy planning and motivate the subsequent application of 392 

spatial econometric models. 393 

The diagnostic statistics further support the adequacy of the baseline specification. The 394 

Durbin-Watson statistic (1.982) is close to the benchmark value of two, suggesting little 395 

evidence of first-order serial correlation in the residuals. In addition, the Omnibus and Jarque-396 

Bera tests fail to reject the null hypothesis of normally distributed residuals, indicating that the 397 

model satisfies the standard distributional assumptions reasonably well. 398 

Finally, the table 3 represents the Variance Inflation Factor (VIF) diagnostics reported 399 

in Table 2 suggest that multicollinearity is not a major concern. All explanatory variables 400 

exhibit VIF values substantially below the conventional threshold of 10, with the maximum 401 

VIF equal to only 2.627. Consequently, the estimated coefficients are unlikely to suffer from 402 

instability arising from strong linear dependence among the regressors, thereby increasing 403 

confidence in the interpretation of the estimated effects. 404 



Table 3. Variance Inflation Factor (VIF) Diagnostics 405 

VARIABLES VIF 

CONSTANT 8.489 

BUILT-UP AREA 1.292 

TREES 1.912 

GRASS 2.627 

SHRUB AND SCRUB 1.601 

BARE LAND 1.835 

FLOODED VEGETATION 1.600 

Source: Calculated by Author 406 

Table 4. Spatial Autoregressive (SAR) Model Estimates 407 

Dependent Variable: Weibull Scale Parameter (Weibull A) 408 

VARIABLES SAR MODEL 

CONSTANT 2.171***  
(0.599) 

BUILT-UP AREA -0.005  
(0.003) 

TREES -0.021***  
(0.004) 

GRASS -0.260  
(0.181) 

SHRUB AND SCRUB 0.023  
(0.019) 

BARE LAND 0.038  
(0.080) 

FLOODED VEGETATION 0.393***  
(0.107) 

SPATIAL LAG (RHO) 0.628***  
(0.115) 

MODEL STATISTICS 
 

OBSERVATIONS 19 

MEAN DEPENDENT VARIABLE 4.481 

STANDARD DEVIATION OF DEPENDENT VARIABLE 0.793 

DEGREES OF FREEDOM 11 

PSEUDO (R2 0.925 

SPATIAL PSEUDO R2 0.821 

LOG-LIKELIHOOD 1.081 

SIGMA-SQUARE ML 0.045 

STANDARD ERROR OF REGRESSION 0.211 

AKAIKE INFORMATION CRITERION (AIC) 13.838 

SCHWARZ BAYESIAN CRITERION (BIC) 21.394 

Source: Calculated by Author 409 

Table 5. Direct, Indirect, and Total Effects from the Spatial Autoregressive (SAR) Model 410 

VARIABLES DIRECT EFFECT INDIRECT EFFECT TOTAL EFFECT 

BUILT-UP AREA -0.0047 -0.0079 -0.0125 

TREES -0.0207 -0.0349 -0.0556 

GRASS -0.2603 -0.4401 -0.7004 

SHRUB AND SCRUB 0.0226 0.0382 0.0607 

BARE LAND 0.0381 0.0644 0.1025 

FLOODED VEGETATION 0.3935 0.6651 1.0585 

Source: Calculated by Author 411 



4.2 Spatial Dependence and Spatial Autoregressive Model Results  412 

The presence of significant spatial dependence has important methodological implications. 413 

Conventional Ordinary Least Squares estimation assumes that observations are spatially independent. 414 

However, the significant Moran's I statistic suggests that this assumption is violated, implying that OLS 415 

estimates may suffer from bias or inefficiency due to the omission of spatial interactions. Consequently, 416 

the application of spatial econometric techniques is justified. 417 

Table 4 reports the estimation results from the Spatial Autoregressive (SAR) model. Compared 418 

with the baseline OLS specification, the SAR model provides a substantially better fit to the data. The 419 

pseudo-R² increases to 0.925, indicating a substantial improvement in model fit after accounting for 420 

spatial interactions. Moreover, the Akaike Information Criterion (AIC) value of 13.838 is considerably 421 

lower than that obtained from the OLS model, further suggesting improved model performance. 422 

The most notable result is the estimated spatial autoregressive coefficient (RHO) (0.628), which 423 

is positive and highly significant at the one percent level. This coefficient measures the degree to which 424 

wind conditions in one district are influenced by neighboring districts. The positive estimate implies 425 

that districts tend to inherit or share similar wind characteristics with adjacent districts, reflecting the 426 

continuous nature of atmospheric circulation processes. This finding provides strong empirical support 427 

for Tobler's First Law of Geography, which argues that nearby locations are more strongly related than 428 

distant ones. 429 

The estimated coefficients for the explanatory variables reveal several important relationships. 430 

Tree cover maintains a negative and highly significant association with wind potential. The estimated 431 

coefficient (-0.0207), p-val (0.01) indicates that higher forest coverage is associated with lower average 432 

local wind intensity. This result is consistent with the principles of landscape ecology and boundary-433 

layer meteorology, according to which dense vegetation increases aerodynamic roughness and is 434 

generally associated with weaker near-surface wind flow. 435 

Flooded vegetation, by contrast, exerts a positive and statistically significant effect (0.3935), p-436 

val (0.01). Districts containing relatively larger proportions of wetlands and seasonally inundated 437 

landscapes tend to experience stronger wind conditions. Such surfaces generally offer fewer physical 438 

barriers to airflow and therefore facilitate smoother atmospheric movement. 439 

The estimated coefficients for built-up areas, grasslands, shrublands, and bare land are not 440 

statistically significant after accounting for spatial interactions. In particular, the built-up coefficient 441 

becomes small and insignificant, suggesting that the direct effect of urban land cover on wind potential 442 

is relatively weak once regional spatial dependence is explicitly modeled. 443 

An important feature of the SAR model is that the estimated coefficients cannot be interpreted 444 

solely as local effects because changes in one location may propagate through neighboring regions. 445 

Therefore, Table 5 decomposes the estimated impacts into direct, indirect, and total effects. 446 

The direct effects measure the influence of land-cover characteristics within a district on its 447 

own wind potential. The indirect effects, often referred to as spatial spillovers, capture how changes in 448 

one district affect neighboring districts through spatial interactions. The total effects represent the 449 

combined influence of both channels. 450 

The decomposition reveals that tree cover generates both substantial local and regional impacts. 451 

The direct effect (-0.0207) indicates a negative association between forest cover and district-level wind 452 

potential. while the indirect effect (-0.0349) suggests that this influence extends beyond administrative 453 

boundaries and also affects adjacent districts. The total effect (-0.0556) therefore implies that 454 

vegetation-induced surface roughness has consequences at a broader regional scale. 455 



Flooded vegetation exhibits the opposite pattern. The direct effect (0.3935) indicates a positive 456 

association between flooded vegetation and local wind potential. whereas the indirect effect (0.6651) 457 

demonstrates an even stronger spillover influence on neighboring districts. The resulting total effect 458 

(1.0585) represents the largest estimated impact among all explanatory variables, highlighting the 459 

importance of open wetland landscapes in sustaining favorable wind regimes. 460 

Although grassland and built-up areas are statistically insignificant in the coefficient estimates, 461 

their spillover effects remain informative. Grassland exhibits a relatively large negative total effect (-462 

0.7004), whereas built-up land displays only a modest overall influence (-0.0125). Shrubland and bare 463 

land show small positive total effects, although these estimates should be interpreted cautiously given 464 

their lack of statistical significance. 465 

Overall, the SAR results indicate that the spatial distribution of wind resources in West Bengal 466 

is governed not only by local land-cover characteristics but also by strong interactions among 467 

neighboring districts. The significant positive spatial lag coefficient and the presence of meaningful 468 

indirect effects suggest that wind energy planning should move beyond isolated site selection and 469 

instead adopt a corridor-based regional perspective. These findings provide empirical support for the 470 

theoretical framework developed in Section 2 and motivate the subsequent estimation of the Spatial 471 

Error Model, which further investigates whether unobserved spatial processes contribute to the 472 

observed clustering patterns. 473 

Table 6. Global Moran's I Test for Spatial Autocorrelation 474 

STATISTIC VALUE 

MORAN'S I 0.723*** 

P-VALUE 0.001 

SPATIAL WEIGHT MATRIX First-order Queen Contiguity 

NUMBER OF OBSERVATIONS 19 

Source: Calculated by Author 475 

Before estimating the spatial econometric models, the existence of spatial dependence was examined 476 

using the Global Moran's I statistic. As reported in Table 6, Moran's I equals (0.723) and is highly 477 

significant p-val (0.01). This finding indicates a strong positive spatial autocorrelation in district-level 478 

wind potential across West Bengal. In practical terms, districts characterized by relatively high Weibull 479 

scale parameters tend to be geographically surrounded by other districts with similarly favorable wind 480 

conditions, while districts with lower wind potential are generally clustered together. Such a pattern 481 

confirms that wind resources are not randomly distributed across space but instead exhibit clear regional 482 

clustering. 483 

 484 

Table 7. Spatial Error Model (SEM) Estimates 485 

Dependent Variable: Weibull Scale Parameter (Weibull A) 486 

VARIABLES SEM MODEL 

CONSTANT 5.250***  
(0.559) 

BUILT-UP AREA -0.011***  
(0.003) 

TREES -0.027***  
(0.003) 

GRASS -0.041  
(0.094) 

SHRUB AND SCRUB 0.013 



 
(0.015) 

BARE LAND -0.023  
(0.050) 

FLOODED VEGETATION 0.281***  
(0.079) 

SPATIAL ERROR COEFFICIENT (LAMBDA) 0.945***  
(0.035) 

MODEL STATISTICS 
 

OBSERVATIONS 19 

MEAN DEPENDENT VARIABLE 4.481 

STANDARD DEVIATION OF DEPENDENT VARIABLE 0.793 

DEGREES OF FREEDOM 12 

PSEUDO (R2 0.598 

LOG-LIKELIHOOD 6.297 

SIGMA-SQUARE ML 0.017 

STANDARD ERROR OF REGRESSION 0.130 

AKAIKE INFORMATION CRITERION (AIC) 1.406 

SCHWARZ BAYESIAN CRITERION (BIC) 8.017 

Source: Calculated by Author 487 

4.3 Spatial Error Model Results  488 

Table 7 presents the estimation results obtained from the Spatial Error Model (SEM). Unlike 489 

the Spatial Autoregressive (SAR) model, which assumes that wind potential directly spills over 490 

across neighboring districts, the SEM assumes that spatial dependence arises primarily through 491 

unobserved geographical and environmental factors that are spatially correlated. In the context 492 

of wind resource assessment, these latent factors may include topography, atmospheric 493 

circulation patterns, micro-climatic conditions, and other omitted physical characteristics that 494 

cannot be directly measured by the available land-cover variables. 495 

The estimated spatial error coefficient (LAMBDA) (0.945) is positive and highly 496 

significant at the one percent level p-val (0.01). The magnitude of this coefficient is remarkably 497 

high, indicating that a substantial proportion of the spatial dependence observed in district-498 

level wind potential is embedded within the disturbance process rather than being transmitted 499 

directly through neighboring values of the dependent variable. In other words, adjacent districts 500 

appear to share common environmental characteristics that jointly influence their wind 501 

regimes. This result strongly supports the argument that wind resources are fundamentally 502 

spatial phenomena and validates the application of spatial econometric techniques. 503 

The coefficient estimates further reveal several important relationships between land-504 

cover characteristics and wind potential. Tree cover remains negative and highly significant (-505 

0.0268), p-val (0.01), indicating that districts with greater proportions of forested landscapes 506 

tend to exhibit lower Weibull scale parameters. This finding is highly consistent across the 507 

OLS, SAR, and SEM specifications, suggesting that the negative influence of vegetation on 508 

wind intensity is robust to alternative model assumptions. From a physical perspective, dense 509 

tree cover increases surface roughness and creates turbulence, conditions that are generally 510 

associated with weaker near-surface wind flows. 511 

Built-up land also becomes statistically significant in the SEM specification. The 512 

estimated coefficient (-0.0106), p-val (0.01) implies that increasing urbanization is associated 513 

with a reduction in average wind intensity. Compared with the OLS and SAR models, where 514 

the built-up coefficient was statistically insignificant, the SEM suggests that the effect of urban 515 

development becomes more apparent after controlling for latent spatially correlated factors. 516 

Urban structures such as buildings and infrastructure increase aerodynamic drag and create 517 

complex wind turbulence patterns, which may reduce the efficiency of wind energy generation. 518 

Flooded vegetation continues to exhibit a positive and statistically significant 519 

association with wind potential (0.2809), p-val (0.01). Districts containing relatively larger 520 



shares of wetlands and seasonally inundated landscapes tend to experience stronger wind 521 

conditions. Such environments typically present smooth and open surfaces with relatively few 522 

physical barriers, thereby facilitating stable atmospheric circulation. The persistence of this 523 

positive relationship across all model specifications indicates that flooded vegetation is one of 524 

the most important environmental determinants of wind potential within the study area. 525 

The estimated coefficients for grassland, shrubland, and bare land are statistically 526 

insignificant. Although these land-cover categories may influence local surface roughness, 527 

their effects appear to be relatively weak once broader spatial processes are incorporated into 528 

the model. Consequently, there is insufficient statistical evidence to conclude that these 529 

variables independently affect district-level wind potential in West Bengal. 530 

From a model performance perspective, the SEM exhibits several notable 531 

improvements over the previous specifications. Although its pseudo-R2 (0.598) is lower than 532 

that reported for the SAR model, the SEM achieves a substantially higher log-likelihood value 533 

(6.297) and considerably lower information criteria (AIC) (1.406) and (BIC) (8.017). Since 534 

lower values of AIC and BIC indicate a superior balance between model fit and parsimony, 535 

these statistics suggest that the SEM provides the most appropriate representation of the 536 

underlying data-generating process. 537 

Taken together, the empirical evidence indicates that the spatial variation in wind 538 

resources across West Bengal is driven less by direct interactions between neighboring districts 539 

and more by common latent environmental processes shared across space. This finding aligns 540 

closely with Tobler's First Law of Geography and the theoretical framework developed in 541 

Section 2, which emphasizes the importance of spatially continuous atmospheric and landscape 542 

processes. 543 

Moreover, the superiority of the SEM specification has important policy implications. 544 

It suggests that wind energy planning should not focus exclusively on isolated local 545 

characteristics but should instead consider broader regional environmental systems. The strong 546 

and significant spatial error process implies that neighboring districts often share similar 547 

underlying wind-generating mechanisms, thereby supporting the concept of integrated regional 548 

wind corridors rather than fragmented site-specific development strategies. 549 

Overall, Table 6 provides strong empirical evidence that unobserved spatial 550 

environmental factors play a dominant role in shaping the distribution of wind resources in 551 

West Bengal. Consequently, the Spatial Error Model is selected as the preferred econometric 552 

specification for the subsequent pixel-level wind corridor identification framework. 553 

Table 8. Spatial Durbin Model (SDM) Estimates 554 

Dependent Variable: Weibull Scale Parameter (Weibull A) 555 

VARIABLES SDM MODEL 

CONSTANT -2.246**  
(1.091) 

BUILT-UP AREA -0.011***  
(0.004) 

TREES -0.025***  
(0.002) 

GRASS -0.199*  
(0.110) 

SHRUB AND SCRUB 0.019  
(0.016) 

BARE LAND 0.038  
(0.041) 

FLOODED VEGETATION 0.165** 



 
(0.080) 

SPATIALLY LAGGED BUILT-UP (W \TIMES) BUILT-UP) 0.009  
(0.008) 

SPATIALLY LAGGED TREES (W \TIMES) TREES) 0.041***  
(0.006) 

SPATIALLY LAGGED GRASS (W \TIMES) GRASS) -0.109  
(0.352) 

SPATIALLY LAGGED SHRUB (W \TIMES) SHRUB) -0.133***  
(0.048) 

SPATIALLY LAGGED BARE (W \TIMES) BARE) 0.184  
(0.148) 

SPATIALLY LAGGED FLOODED VEGETATION (W \TIMES) 

FLOODEDVEG) 

-0.763** 

 
(0.351) 

SPATIAL LAG (RHO) 1.500***  
(0.244) 

MODEL STATISTICS 
 

OBSERVATIONS 19 

MEAN DEPENDENT VARIABLE 4.481 

STANDARD DEVIATION OF DEPENDENT VARIABLE 0.793 

DEGREES OF FREEDOM 5 

PSEUDO (R2 0.987 

LOG-LIKELIHOOD Not Reported 

SPATIAL PSEUDO (R2 Omitted 

ESTIMATION METHOD Spatial Two-Stage Least Squares 

(S2SLS) 

Source: Calculated by Author 556 

Table 9. Diagnostic Tests for the Spatial Durbin Model1 557 

DIAGNOSTIC TEST STATISTIC P-VALUE 

ANSELIN-KELEJIAN SPATIAL DEPENDENCE TEST 2.466 0.116 

COMMON FACTOR HYPOTHESIS TEST 11.233 0.082 

 558 

ADDITIONAL INFORMATION 
 

INSTRUMENTED VARIABLE (W \times) Weibull A 

INSTRUMENTS USED (W2) Built-up, (W2) Trees, (W2) Grass, (W2) Shrub, (W2) Bare, (W2) 

Flooded Vegetation 

SPATIAL IMPACTS Not Computed 

REASON Estimated spatial lag coefficient outside the admissible interval 

Source: Calculated by Author 559 

Table 8 depicts the results of the Spatial Durbin Model (SDM) examining how different land-560 

use types influence the Weibull scale parameter (wind speed potential). The findings show that 561 

built-up areas, trees, and grass have negative and statistically significant effects on wind 562 

potential, indicating that urbanization and vegetation increase surface roughness and reduce 563 

wind speed. Flooded vegetation, however, has a positive and significant effect, suggesting that 564 

 

1
Model Selection Note: Although the Spatial Durbin Model achieves the highest pseudo-R2, the estimated spatial 

autoregressive parameter exceeds the theoretical stability boundary RHO>1). Combined with the omission of impact 

decomposition, this suggests that the SDM is not the preferred specification for the present dataset. In contrast, the Spatial 

Error Model (SEM) exhibits stable parameter estimates together with the lowest AIC and BIC values, and is therefore adopted 

as the preferred econometric specification for subsequent wind corridor identification and policy analysis. 



smoother and moisture-rich surfaces enhance wind flow. Shrub and scrub, as well as bare land, 565 

do not show significant direct effects. 566 

The spatially lagged variables reveal spillover effects from neighboring regions. Tree 567 

cover in surrounding areas has a positive and significant influence, implying that it may help 568 

channel or redirect wind into a given location. In contrast, neighboring shrub areas and flooded 569 

vegetation exert significant negative spillover effects, indicating that these land covers may 570 

reduce wind movement across regions. Other lagged variables are not statistically significant. 571 

The spatial lag coefficient (ρ = 1.500) is positive and highly significant, suggesting strong 572 

spatial dependence in wind potential across regions. However, since this value exceeds the 573 

acceptable range, it indicates model instability and limits the reliability of spatial 574 

interpretations. Despite a very high pseudo R² (0.987), the small sample size and the issue with 575 

the spatial parameter suggest that the model results should be interpreted with caution. 576 

Additionally, Table 9 represents the diagnostic tests for the Spatial Durbin Model. The 577 

Anselin–Kelejian test for spatial dependence is not statistically significant (p = 0.116), 578 

indicating that there is no strong residual spatial autocorrelation and that the model has 579 

adequately captured spatial dependence. The Common Factor Hypothesis test is marginally 580 

insignificant (p = 0.082), suggesting that the SDM cannot be simplified into a more basic spatial 581 

model, and its specification is generally appropriate. 582 

However, spatial impacts (direct, indirect, and total effects) were not computed because 583 

the estimated spatial lag coefficient falls outside the admissible range. This further confirms 584 

instability in the model and limits the ability to draw reliable conclusions about spillover 585 

effects. The model uses spatially lagged instruments (second-order lags of land-use variables) 586 

within a Spatial Two-Stage Least Squares framework, which is appropriate for addressing 587 

endogeneity, but the validity of results remains constrained by the spatial parameter issue. 588 

5. Policy Implications of Pixel-Level Wind Energy Corridor 589 

Planning 590 

The empirical findings and spatial visualizations presented in Figures 1 and 2 provide important 591 

insights for renewable energy planning in West Bengal. Rather than treating wind resource 592 

development as a district-level administrative exercise, the results demonstrate that wind 593 

potential exhibits substantial intra-district heterogeneity and forms continuous spatial clusters 594 

across the landscape. Consequently, effective wind energy policy should focus on the 595 

development of integrated wind energy corridors rather than isolated project locations. 596 

 597 

 598 

 599 

 600 



Figure 1  601 
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Calculated by Author 623 
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Figure 2.Pixel-Level Wind Energy Suitability and Proposed Development Corridors 626 

in West Bengal 627 

Source: Calculated by Author 628 



The results indicate considerable variation across districts. Pashchim Medinipur 629 

exhibits the highest estimated potential (36.30 GW), followed by Barddhaman (28.09 GW), 630 

Bankura (26.07 GW), Puruliya (22.69 GW), and Murshidabad (20.68 GW). In contrast, 631 

districts such as Kolkata (0.05 GW), Haora (4.13 GW), and Darjiling (8.29 GW) display 632 

relatively limited development opportunities due to either urban congestion or unfavorable 633 

topographical conditions. 634 

From a policy perspective, these findings suggest that future investments should 635 

prioritize western and southwestern districts, particularly Pashchim Medinipur, Bankura, 636 

Puruliya, and Barddhaman, where large contiguous areas combine favorable wind 637 

characteristics with relatively low landscape constraints. The presence of high potential across 638 

adjacent administrative units further indicates the possibility of developing regional wind 639 

clusters capable of sharing transmission infrastructure, maintenance facilities, and grid 640 

integration systems. 641 

However, district-level averages alone may conceal important local variations. Figure 642 

2 addresses this limitation by presenting a pixel-level wind suitability surface generated 643 

through the integration of remote sensing and spatial econometric modeling. The map reveals 644 

that highly suitable locations are not uniformly distributed within districts but instead form 645 

spatially connected corridors extending across multiple administrative boundaries. These 646 

corridors reflect the combined influence of favorable Weibull parameters, lower tree density, 647 

reduced urban obstruction, and the positive contribution of open flooded landscapes identified 648 

by the Spatial Error Model. Additionally, the identified potential wind energy corridors cover 649 

approximately 105,776 hectares across West Bengal. Based on a simplified assessment using 650 

representative deployment assumptions for modern utility-scale wind turbines, these corridors 651 

may possess substantial renewable energy generation potential. However, the estimated 652 

contribution should be interpreted as an indicative planning scenario rather than a forecast of 653 

actual electricity production, as future generation outcomes will depend on turbine technology, 654 

capacity factors, land-use regulations, environmental clearances, grid connectivity, and 655 

investment feasibility. Nevertheless, the results suggest that strategically planned wind energy 656 

development could contribute meaningfully to the state's transition toward a more sustainable 657 

energy system.  658 

The superiority of the Spatial Error Model has direct implications for renewable energy 659 

planning. The highly significant spatial error coefficient indicates that neighboring districts 660 

share common environmental characteristics that influence wind resources. This suggests that 661 

planning decisions based solely on local administrative boundaries may fail to capture the 662 

broader geographical processes governing wind availability. Instead, policymakers should 663 

adopt a corridor-based planning framework that recognizes the regional continuity of wind-664 

generating environments. The maroon colored corridor approach of southern part of West 665 

Bengal near coastal regions offers several practical advantages.  666 

First, it allows multiple wind farms to be strategically clustered, thereby reducing the 667 

costs associated with transmission lines direct to the southern industrial belt, substations, and 668 

operation and maintenance activities. Shared infrastructure can substantially improve the 669 

economic viability of renewable energy investments, particularly in developing regions where 670 

grid expansion costs remain significant. 671 

Second, pixel-level suitability mapping enables more effective land-use management. 672 

Traditional renewable energy planning often relies on district averages or broad exclusion 673 



criteria, which may overlook environmentally sensitive areas or fail to exploit highly suitable 674 

local sites. By integrating Dynamic World land-cover information with wind characteristics, 675 

the proposed framework allows planners to identify locations that minimize conflicts with 676 

dense forests and highly urbanized landscapes while utilizing relatively open terrain. Such an 677 

approach can reduce ecological disturbance and improve public acceptance of renewable 678 

energy projects. 679 

Third, the results provide guidance for state-level energy diversification strategies. 680 

West Bengal has traditionally depended heavily on hydro and thermal powerd electricity 681 

generation, despite increasing national commitments toward renewable energy expansion. The 682 

estimated corridor network demonstrates that significant wind resources exist beyond the 683 

coastal belt and extend into western plateau regions and several central districts. These findings 684 

broaden the geographical scope for renewable energy deployment and support a more balanced 685 

regional energy portfolio. 686 

The pixel-level corridor framework also has important implications for transmission 687 

planning. Rather than expanding the electricity network reactively after wind farms are 688 

constructed, planners can proactively identify future high-potential development zones and 689 

align grid investments accordingly. This integrated planning strategy has the potential to reduce 690 

transmission bottlenecks and facilitate the more efficient integration of renewable energy into 691 

the state electricity system. 692 

Furthermore, the methodology developed in this study provides a transferable decision-693 

support tool for regional renewable energy planning. By combining satellite-derived 694 

environmental information with spatial econometric analysis, the framework can be updated 695 

regularly as new remote sensing products become available. This dynamic capability allows 696 

policymakers to monitor changes in land cover, urban expansion, and environmental 697 

conditions, thereby supporting adaptive and evidence-based energy planning. 698 

Overall, the findings suggest that future wind energy policy should move beyond 699 

conventional administrative planning approaches and embrace geographically continuous 700 

development strategies. The proposed wind energy corridors represent not merely zones of 701 

high wind availability but integrated landscapes where favorable atmospheric conditions, 702 

suitable land cover, and spatial spillover effects jointly create high-suitability environments for 703 

renewable energy investment. Such a corridor-based planning paradigm offers a practical 704 

pathway for maximizing renewable energy generation while minimizing infrastructure costs 705 

and environmental conflicts, thereby contributing to the broader objectives of sustainable 706 

regional development and energy transition in West Bengal. 707 

In addition to identifying priority locations for renewable energy investment, the 708 

present findings highlight the importance of integrating wind resource conservation into 709 

broader urban planning policies. The Spatial Error Model indicates that built-up land exerts a 710 

statistically significant negative influence on wind potential, suggesting that rapid and 711 

unplanned urban expansion may disrupt the natural movement of near-surface air masses. 712 

Dense clusters of buildings, industrial structures, and other artificial obstacles increase 713 

aerodynamic roughness and generate turbulence, thereby reducing the efficiency of wind flow 714 

across the landscape. Consequently, indiscriminate urban sprawl may gradually degrade areas 715 

that are currently suitable for wind energy development. 716 



From a policy perspective, this finding implies that land-use planning and renewable 717 

energy planning should not be treated as separate processes. Future urban development 718 

strategies should incorporate wind-sensitive zoning regulations, particularly within identified 719 

high-potential wind corridors. Preserving open landscapes and maintaining sufficient spatial 720 

continuity between major built-up areas can help sustain favorable wind conditions while 721 

simultaneously supporting long-term renewable energy generation. In this regard, the proposed 722 

pixel-level corridor framework can serve not only as a tool for identifying suitable sites for 723 

wind farms but also as a spatial planning instrument for preventing land-use changes that could 724 

undermine future wind energy resources. 725 

Furthermore, the results suggest that environmental impact assessments for large urban and 726 

industrial projects should explicitly evaluate their potential effects on local wind regimes. 727 

Similar to the concept of ecological corridors used in biodiversity conservation, the 728 

establishment of protected wind corridors could help ensure that future infrastructure 729 

development does not obstruct the free movement of atmospheric flows necessary for efficient 730 

renewable energy production. 731 

5.1 Limitations of the Study 732 

Several limitations should be acknowledged when interpreting the findings of this study. 733 

First, the spatial econometric analysis was conducted using district-level observations 734 

for West Bengal. Although the models reveal statistically significant spatial relationships, the 735 

relatively limited number of administrative units may constrain the generalizability of 736 

coefficient estimates and spatial spillover effects. 737 

Second, the identification of wind energy corridors is based on a suitability framework 738 

that integrates Weibull wind parameters and land-cover characteristics. While this approach 739 

provides a useful planning tool, the delineated corridors should be interpreted as potential 740 

priority areas rather than definitive locations for wind farm development. 741 

Third, the present analysis focuses primarily on environmental and landscape 742 

characteristics. Important factors such as transmission infrastructure, grid accessibility, land 743 

acquisition constraints, environmental regulations, investment costs, and engineering 744 

feasibility were not explicitly incorporated into the suitability model. 745 

Fourth, the corridor identification procedure depends on the selected suitability 746 

threshold and weighting scheme. Alternative threshold values or weighting assumptions may 747 

generate somewhat different spatial patterns of corridor delineation. 748 

Finally, the results represent a regional-scale planning assessment and should not be 749 

interpreted as a substitute for detailed site-specific wind measurements, engineering 750 

evaluations, or environmental impact assessments that would be required prior to project 751 

implementation. 752 

Despite these limitations, the study provides an integrated framework that combines 753 

remote sensing and spatial econometric analysis for identifying potential wind energy 754 

development corridors and supporting evidence-based renewable energy planning. 755 

 756 



6. Conclusion and Directions for Future Research 757 

The present study demonstrates the value of integrating remote sensing data with spatial 758 

econometric techniques for renewable energy planning. Using high-resolution Weibull 759 

parameter rasters and Dynamic World land-cover information, this research developed a novel 760 

framework for identifying pixel-level wind energy corridors across West Bengal, India. Unlike 761 

conventional approaches that rely primarily on administrative averages or isolated site 762 

assessments, the proposed methodology explicitly accounts for both local landscape 763 

characteristics and spatial interactions among neighboring regions. 764 

The empirical findings reveal that wind resources in West Bengal exhibit significant spatial 765 

clustering. The Global Moran's I statistic confirms the presence of strong positive spatial 766 

autocorrelation, indicating that districts with favorable wind conditions tend to be located near 767 

one another. Consequently, the assumption of spatial independence underlying conventional 768 

regression methods is violated, justifying the application of spatial econometric models. 769 

Among the alternative specifications considered, the Spatial Error Model (SEM) provided the 770 

best statistical fit among the evaluated models and was therefore selected as the preferred 771 

specification for subsequent analysis. The highly significant spatial error coefficient suggests 772 

that unobserved environmental and geographical factors shared across neighboring districts 773 

play an important role in shaping regional wind potential. The analysis further demonstrates 774 

that tree cover and built-up areas exert statistically significant negative effects on wind 775 

resources, while flooded vegetation contributes positively to wind suitability. These findings 776 

are consistent with the principles of landscape ecology and atmospheric boundary-layer theory, 777 

where vegetation and urban structures increase surface roughness and reduce wind flow, 778 

whereas open landscapes facilitate more stable atmospheric circulation. 779 

Building upon these econometric results, the study developed a pixel-level wind suitability 780 

index that integrates wind characteristics with land-cover constraints. The resulting spatial 781 

visualization identified several geographically contiguous wind energy corridors, particularly 782 

across the southwestern near costal parts of the state. District-level estimates further indicate 783 

that Pashchim Medinipur, Purba Medinipur, Haora, North 24 Parganas, and South 24 Parganas 784 

exhibit relatively high renewable energy potential within the context of the present suitability 785 

assessment. The analysis therefore suggests that future wind energy planning should move 786 

towards isolated project locations and adopt a corridor-based regional development strategy. 787 

An important policy implication emerging from this study concerns the interaction between 788 

urbanization and renewable energy sustainability. The significant negative relationship 789 

between built-up land and wind potential suggests that unplanned urban expansion may be 790 

associated with changes in local airflow conditions through increased aerodynamic roughness 791 

and physical barriers. Consequently, renewable energy planning and urban land-use planning 792 

should be integrated within a common spatial framework. The identification and protection of 793 

strategic wind corridors can help ensure that future infrastructure development does not 794 

compromise long-term renewable energy opportunities. 795 

Despite its contributions, the study has several limitations that provide opportunities for future 796 

research. First, the analysis relies primarily on Weibull parameter surfaces representing average 797 

wind conditions. Future studies may incorporate long-term hourly or seasonal wind 798 

observations to capture temporal variability and improve the estimation of electricity 799 



generation potential. Second, the present framework considers major land-cover characteristics 800 

but does not explicitly include topographic variables such as elevation, slope, and terrain 801 

exposure, which may further influence local wind dynamics. Third, the estimated power 802 

generation values represent theoretical technical potential and do not account for detailed 803 

engineering considerations, including turbine specifications, wake effects, grid connectivity, 804 

economic feasibility, or regulatory constraints. 805 

Future research may also extend the proposed framework by incorporating additional 806 

geospatial datasets, including digital elevation models, transportation infrastructure, 807 

transmission networks, and nighttime light imagery, to construct a more comprehensive multi-808 

criteria renewable energy planning model. Machine learning algorithms and hybrid spatial 809 

econometric approaches may further improve predictive performance and corridor delineation. 810 

In addition, the methodology developed in this study can be readily applied to other Indian 811 

states and developing regions where high-resolution meteorological observations remain 812 

limited but satellite-derived environmental information is increasingly available. 813 

Overall, this study contributes to the growing literature on spatially informed renewable energy 814 

planning by demonstrating that the integration of remote sensing and spatial econometrics 815 

provides a robust framework for identifying wind energy development corridors at the pixel 816 

level. The proposed approach provides a useful decision-support framework for policymakers 817 

seeking to promote sustainable energy transitions while balancing land-use management, 818 

environmental conservation, and regional development objectives. 819 

6.1 Limitations and Directions for Future Research  820 

While the present study demonstrates the usefulness of integrating spatial econometrics and 821 

remote sensing for pixel-level wind energy corridor identification, several opportunities remain 822 

for extending the analytical framework. The current analysis primarily employs the Combined 823 

Weibull Scale Parameter (A) and Combined Weibull Shape Parameter (K) obtained from the 824 

Global Wind Atlas because these variables provide a robust statistical representation of long-825 

term wind characteristics. However, the Global Wind Atlas offers several additional 826 

engineering and atmospheric datasets that could substantially improve future renewable energy 827 

planning studies.  828 

Future research may further strengthen the proposed framework by incorporating 829 

additional high-resolution variables that are currently available through the Global Wind Atlas 830 

GIS platform. The present study primarily utilizes the Combined Weibull Scale Parameter (A) 831 

and Combined Weibull Shape Parameter (K) layers because these variables provide a 832 

comprehensive statistical representation of long-term wind behavior. However, the Global 833 

Wind Atlas offers several other meteorological and engineering datasets that could 834 

substantially enhance future spatial econometric analyses. 835 

First, future studies may directly integrate wind speed surfaces at multiple hub heights 836 

(10 m, 50 m, 100 m, 150 m, and 200 m). Since modern utility-scale wind turbines operate at 837 

different hub heights depending on technology and site characteristics, height-specific wind 838 

speed information would allow the construction of more realistic estimates of electricity 839 

generation potential and turbine performance. 840 

Second, the inclusion of wind power density (W/m²) could improve the physical 841 

interpretation of wind resource quality. Unlike average wind speed alone, power density 842 



explicitly incorporates the cubic relationship between wind velocity and available kinetic 843 

energy, making it one of the most important variables for commercial wind farm planning. 844 

Third, future research may consider air density as an additional explanatory variable. 845 

Air density varies with elevation, atmospheric pressure, humidity, and temperature, directly 846 

influencing the amount of energy that can be extracted from moving air masses. Integrating 847 

this variable may improve the estimation of actual power generation capacity, particularly 848 

across regions with diverse topographical conditions. 849 

Fourth, the Global Wind Atlas provides several capacity factor layers (IEC1, IEC2, and 850 

IEC3) corresponding to different International Electrotechnical Commission (IEC) turbine 851 

classes. These datasets estimate the expected operational efficiency of turbines under 852 

alternative wind regimes. Incorporating turbine-specific capacity factors would enable future 853 

studies to move beyond theoretical wind potential toward technology-specific energy 854 

production scenarios. 855 

Fifth, future analyses could incorporate the IEC fatigue load and IEC fatigue load 856 

including wake effects layers. These engineering indicators measure the cumulative 857 

mechanical stress experienced by turbine components under varying wind conditions. 858 

Including such variables would facilitate simultaneous evaluation of energy production and 859 

long-term infrastructure durability, thereby improving investment decision-making. 860 

Sixth, the IEC extreme load dataset may provide valuable information regarding 861 

structural safety and climate resilience. Areas characterized by frequent extreme wind events 862 

may require specialized turbine designs or additional engineering safeguards. Integrating 863 

extreme load indicators with spatial econometric models would therefore contribute to more 864 

comprehensive renewable energy risk assessments. 865 

Beyond meteorological variables, future corridor identification frameworks could be 866 

extended by incorporating additional geospatial and socio-economic datasets. High-resolution 867 

digital elevation models may capture the effects of terrain, slope, and aspect on local wind 868 

acceleration. Road networks, transmission infrastructure, substations, and grid accessibility 869 

layers could improve the practical feasibility assessment of identified corridors. Similarly, 870 

nighttime light imagery and urban expansion datasets may provide dynamic indicators of 871 

anthropogenic surface roughness, enabling researchers to investigate how rapid and unplanned 872 

urbanization alters regional wind circulation over time. 873 

The present findings indicate that built-up areas significantly reduce wind potential, 874 

suggesting that future work should pay particular attention to the interaction between urban 875 

growth and renewable energy sustainability. Longitudinal analyses using multi-temporal land-876 

cover and urban expansion data could help quantify the extent to which uncontrolled urban 877 

sprawl disrupts natural wind flow and gradually degrades existing wind energy corridors. 878 

Overall, the availability of multiple engineering, atmospheric, and environmental layers 879 

through the Global Wind Atlas presents significant opportunities for extending the present 880 

research from a resource assessment framework toward a comprehensive renewable energy 881 

planning and infrastructure optimization platform. 882 

 883 
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