
Point-by-point response to Reviewer 2 

#C2.1 

Overall Assessment 

This manuscript presents a 2024 global inventory of 379,595 onshore wind turbines 

derived through a hybrid workflow integrating OpenStreetMap (OSM), high-resolution 

Google Earth imagery, Sentinel-1/2 data, deep learning (ResNet-18), and Random 

Forest classification. The topic is timely and relevant, and the resulting dataset could 

potentially support renewable energy planning, biodiversity assessments, and land-use 

analysis at multiple scales. 

Despite its potential value, the manuscript raises significant concerns regarding 

benchmarking against existing global datasets, spatial completeness, false positives, 

and validation rigor. In its current form, the study does not convincingly demonstrate 

that the proposed dataset represents a substantial advancement over the most up-to-date 

global wind turbine inventories. These issues should be carefully addressed before the 

manuscript can be considered for publication. 

Response: 

Thank you very much for your constructive feedback. We appreciate your insightful 

comments and recognition of the potential value of our work. These suggestions are 

valuable in improving the quality of our manuscript. Detailed point-by-point responses 

to each comment are provided below. 

 

#C2.2 

Major Comments 

The authors state that their dataset represents a tenfold expansion over the 2020 global 

wind turbine inventory containing 33,514 turbines. While this numerical comparison is 

technically correct, it does not constitute an appropriate benchmark. The manuscript 

does not adequately compare the proposed dataset with the Global Renewables Watch 

dataset (https://github.com/microsoft/global-renewables-watch?tab=readme-ov-

file#dataset-download), which already contains 375,197 wind turbines and is publicly 

available. Given that this resource is both recent and widely recognized, it should serve 

as the primary point of reference rather than a 2020 dataset. 

Response: 

Thanks very much for your valuable comment. We acknowledge that using the 2020 

inventory as the sole benchmark was insufficient given the rapid advancements in this 

field. Accordingly, we have incorporated a comparative analysis of the Global 

Renewables Watch dataset regarding its methodology and data structure across the 

Abstract, Introduction, and Results sections (lines 45-47, lines 85-88, lines 306-308, 

lines 320-334, Table 2, Figure 9). 

"This dataset represents a tenfold expansion over global wind turbine inventories as of 



2020, and updates 42,955 more onshore wind turbines compared to the Global 

Renewables Watch based on lower computational requirements." (lines 45-47) 

"…Microsoft and Planet's Global Renewables Watch platform employs deep learning 

for global wind and solar monitoring (Robinson et al., 2025), but it demands massive 

computing resources for data updates." (lines 85-88) 

"The wind turbine counts of GonshoreWT2024 closely align with Global Renewables 

Watch (375,197 wind turbines), with a 9.9% variance." (lines 306-308) 

"We further benchmark our dataset against the current global-scale wind turbine 

datasets, including Dunnett et al. (2020) and Global Renewables Watch (Table 2).. 

Results show that our dataset contains the largest number of identified onshore turbines 

while maintaining nation-level coverage and land type classification compared to 

Dunnett et al. (2020). In terms of data records, the Global Renewables Watch is 

updated to the second quarter of 2024 with 375,197 wind turbines and includes a 

limited number of offshore wind turbines that are not comprehensively. Our dataset 

focuses on onshore turbines and incorporates additional updates by the end of 2024. 

Methodologically, the Global Renewables Watch requires massive training datasets 

and substantial computational resource budget exceeding 650 V100 GPU hours to 

process around 14 terapixels of satellite imagery (Robinson et al., 2025). In contrast, 

our hybrid framework utilizes medium-to-high resolution imagery to enable global-

scale updates with significantly lower computational demands. By leveraging publicly 

available platforms, this framework lowers the barrier to entry through a cost-effective 

and resource-efficient alternative." (lines 320-334) 

 

#C2.3 

Furthermore, the Global Renewables Watch dataset includes additional attributes such 

as construction year, which are absent from the authors’ dataset. This omission weakens 

the claim of producing a more comprehensive inventory. A direct and systematic 

comparison with Global Renewables Watch is therefore essential. The authors should 

quantify the spatial overlap between the two datasets, explain methodological 

differences, and clarify in what specific ways their dataset improves upon existing 

products in terms of coverage, accuracy, update frequency, or attribute richness. 

Without this comparison, the assertion of substantial advancement remains 

insufficiently supported. 

Response: 

Thanks very much for your insightful comment. We added a section and a table for a 

thorough comparison with global-scale wind turbine datasets, including Dunnett et al. 

(2020) and the Global Renewables Watch dataset in the Results section. Specifically, 

we contrast the methodological differences (lines 320-334) and perform a critical 

assessment of their comparative advantages, including data coverage and attributes 

(Table 2). 

"We further benchmark our dataset against the current global-scale wind turbine 



datasets, including Dunnett et al. (2020) and Global Renewables Watch (Table 2). 

Results show that our dataset contains the largest number of identified onshore turbines 

while maintaining nation-level coverage and land type classification compared to 

Dunnett et al. (2020). In terms of data records, the Global Renewables Watch is updated 

to the second quarter of 2024 with 375,197 wind turbines and includes a limited number 

of offshore wind turbines that are not comprehensively. Our dataset focuses on onshore 

turbines and incorporates additional updates by the end of 2024. Methodologically, the 

Global Renewables Watch requires massive training datasets and substantial 

computational resource budget exceeding 650 V100 GPU hours to process around 14 

terapixels of satellite imagery (Robinson et al., 2025). In contrast, our hybrid 

framework utilizes medium-to-high resolution imagery to enable global-scale updates 

with significantly lower computational demands. By leveraging publicly available 

platforms, this framework lowers the barrier to entry through a cost-effective and 

resource-efficient alternative." (lines 320-334) 

Table 2. Comparisons with current global-scale wind turbine datasets. 

Scope Technology Time Number Onshore 

number 

Land 

type 

Nation Construction 

year 

Updating 

algorithm 

Dunnett et al. 

(2020) 

Onshore 

and part 

Offshore 

2020 33,514 33,240 No Yes No No 

Global Renewables 

Watch (Robinson et 

al., 2025) 

Onshore 

and part 

Offshore 

2024 

(Quart

er 2) 

375,197 373,577 Yes Yes Yes Yes 

Ours 

(GonshoreWT2024) 

Onshore 2024 416,532 416,532 Yes Yes No Yes 

 

#C2.4 

I downloaded both datasets. A visual comparison between the two datasets reveals 

substantial spatial inconsistencies. A considerable number of turbines present in Global 

Renewables Watch are missing from the authors’ dataset. Conversely, the authors’ 

dataset includes many turbines that do not appear in Global Renewables Watch. Among 

these newly detected turbines, a noticeable proportion appear to be false positives. 

These discrepancies raise concerns about both omission and commission errors.  

The manuscript reports very high classification metrics, but these results appear to be 

derived primarily from internal validation procedures. Independent cross-dataset 

validation is necessary for a global infrastructure product of this scale. The authors 

should quantify omission and commission rates relative to Global Renewables Watch 

and perform targeted manual verification of turbines that are unique to their dataset. 

Regional accuracy assessments would also be more informative than reporting only 

global averages, particularly given the strong geographic heterogeneity in wind turbine 

siting environments. 



Response: 

Thank you very much for your valuable comments. We appreciate your comparing our 

dataset with the Global Renewables Watch dataset and for highlighting the potential 

discrepancies between the two products.  

Differences between the two datasets are expected because they were developed using 

different data sources, detection strategies, and update timelines. As elaborated in #C2.3, 

the Global Renewables Watch dataset is currently released up to the second quarter of 

2024 and also includes a limited number of offshore turbines. Our dataset focuses on 

onshore turbines and incorporates additional updates by the end of 2024.  

First, we conducted a spatial distribution correlation analysis to compare our dataset 

with the Global Renewables Watch and Dunnett et al. (2020) (lines 343-360). 

Specifically, the global study area was partitioned into 2°× 2°grid cells (Fig.1 below). 

We then quantified the wind turbines within each cell and generated scatter plots to 

evaluate their consistency (Figure 9). Pearson’s r² is calculated to quantify the 

correlation between the datasets.  

 

Fig.1 2° × 2° grid cells covering global regions with wind turbines 

"We also conducted a spatial distribution analysis to assess the correlation between our 

dataset and existing benchmarks, including the Dunnett et al. (2020) and Global 

Renewables Watch. Specifically, the global study area was partitioned into 2° × 2° grid 

cells to calculate turbine counts. We then employed scatter plots to evaluate the spatial 

consistency of our dataset relative to Dunnett et al. (2020) and the Global Renewables 

Watch (Figure 9). Subsequently, Pearson’s r² is calculated to quantify the correlation 

between the datasets. Our dataset shows a moderate correlation with Dunnett et al. 

(2020) (Figure 9a), with a Pearson’s r² of 0.4, primarily due to the significantly 

expanded coverage of our dataset. In contrast, our dataset shows a high correlation 

with Global Renewables Watch with a Pearson r² of 0.93, indicating a high degree of 

geospatial consistency (Figure 9b)." (lines 334-347) 



 

Figure 9. Correlation comparison of wind turbines on global grids (2°× 2°) between our 

dataset (GonshoreWT) and Dunnett et al. (2020), Global Renewables Watch. (a) Distribution 

of grid-level wind turbine counts between our dataset (GonshoreWT) and Dunnett et al. (2020). 

(b) Distribution of grid-level wind turbines between our dataset (GonshoreWT) and Global 

Renewables Watch. 

Then, we further quantified the mutual global underreporting between Global 

Renewables Watch and ours, which is around 20%. Specifically, Global Renewables 

Watch has 72,304 more different wind turbines than ours, and we have 80,532 more 

different wind turbines than theirs. We spent a significant amount of time conducting 

manual verification to quantify omission and commission rates of our dataset in these 

wind turbines.  

During the manual verification, we found that Global Renewables Watch exhibits 

omission and commission errors, as shown in Fig. 2 below. Final verification shows a 

59% validity rate (43,011/72,304) for unique turbine entries of Global Renewables 

Watch, compared to a 92% validity rate (74,458/80,532) for ours. We further updated 

our dataset to a final global count of 416,532 wind turbines based on manual 

verification. Accordingly, we added the manual verification process and results in the 

manuscript (lines 348-356).  

"Additionally, we quantified the mutual global underreporting between Global 

Renewables Watch and ours is around 20%. Global Renewables Watch has 72,304 

more different wind turbines than ours, and we have 80,532 more different wind 

turbines than theirs. We conduct manual verification to quantify omission and 

commission rates of our dataset in these wind turbines. Final verification shows a 59% 

validity rate (43,011/72,304) for unique turbine entries of Global Renewables Watch, 

compared to a 92% validity rate (74,458/80,532) for ours. We further updated our 

dataset to a final global count of 416,532 wind turbines based on the manual 

verification." (lines 348-356) 

 

 

 



 

Fig. 2 Example of omission and commission errors in Global Renewables Watch relative to our 

dataset. Blue points represent our dataset, while orange points denote the Global Renewables 

Watch dataset. 

 

#C2.5 

An additional concern relates to the acquisition and use of Google Earth imagery for 

training deep learning models. Google’s terms of service and licensing agreements 

generally restrict bulk downloading, scraping, and redistribution of imagery, 

particularly for automated analysis or machine learning training, unless explicit 

authorization has been obtained. Even if enforcement actions are unlikely, the legal and 

ethical responsibility remains with the data producers. The fact that similar practices 

may have appeared in other published studies does not necessarily imply compliance 

with platform policies.  

Response: 

We sincerely appreciate your reminder regarding the legal and ethical responsibilities 

associated with the use of Google Earth satellite imagery.  

We take these concerns very seriously. To further ensure full compliance with platform 

policies, we have removed all redistributed data involving Google Earth imagery from 

our dataset link. The updated dataset is at https://doi.org/10.5281/zenodo.18984175. 

These changes and the corresponding updated data availability statement are detailed 

in the revised manuscript (lines 419-434). 

https://doi.org/10.5281/zenodo.18984175


The imagery was accessed and utilized for non-commercial, academic research 

purposes. We utilized these images solely to train and validate our deep learning model 

for wind turbine detection, which was accessed via platforms such as Google Maps. We 

understand the restrictions outlined in platform policies, and we have ensured that our 

study does not involve the redistribution or commercial resale of the original Google 

Earth imagery. 

"These open-access data resources could help promote transparent and just sustainable 

wind energy development, and enable detailed feature extraction and spatial analysis 

for future wind energy research. The global onshore wind turbine dataset 

(GonshoreWT2024) is freely available from the Zenodo website at: 

https://doi.org/10.5281/zenodo.18984175 (Shujun et al., 2025). 

The dataset includes: 

⚫ A comprehensive global inventory of 416,532 onshore wind turbines in the format 

of a geospatial shapefile. The dataset includes geolocation coordinates for all wind 

turbines, along with corresponding nation (Field: 'Nation') and land use 

classification (Field: 'landtype') for each wind turbine. 

The code file includes: 

⚫ A PyTorch-based ResNet-18 implementation for classifying onshore wind turbines 

in Google Earth images, including codes for model architecture and pre-trained 

weights. 

⚫ The GEE-based code for the Random Forest model, including sample point 

splitting (training/test sets) and model training." (lines 419-434) 

 

#C2.6 

More broadly, a truly state-of-the-art global wind turbine dataset should ideally 

integrate existing authoritative sources rather than operate independently of them. A 

stronger contribution would involve building upon Global Renewables Watch as a 

baseline and incorporating newly detected turbines identified by the proposed workflow. 

Preserving useful attributes such as construction year and land cover would 

substantially increase scientific value. Including a data source field (e.g., OSM, Global 

Renewables Watch, or the authors) to indicate provenance and a confidence score or 

quality flag would further improve transparency and usability. Such integration would 

significantly enhance the comprehensiveness and reliability of the dataset. 

Response: 

Thanks very much for your constructive suggestions. As described in #C2.3 and #C2.4, 

we first compiled a comprehensive table (Table 2) that integrates multiple existing data 

sources, summarizing their respective methodologies and key attributes, including data 

origins and characteristics. In addition, we conducted detailed correlation comparisons 

among the datasets (Figure 9) and further examined and corrected the omission and 

https://doi.org/10.5281/zenodo.18984175


commission errors in our dataset.  

 

#C2.7 

Finally, the manuscript should focus more explicitly on validating newly detected 

turbines that are absent from existing inventories. These turbines represent the main 

added value of the proposed method, yet they are also the most likely source of false 

positives. The authors should isolate these unique detections, conduct stratified manual 

validation across multiple regions, and report false positive rates specifically for this 

subset. Clarifying whether classification thresholds were optimized using independent 

data would also strengthen methodological credibility. Reducing false positives to a 

minimum is particularly important for infrastructure datasets that may inform 

ecological impact assessments and policy decisions. 

Response: 

Thank you very much for your valuable suggestion. As detailed in #C2.4, to further 

examine potential omission and commission errors, we overlaid the additional wind 

turbine points detected in our dataset relative to Global Renewables Watch on satellite 

imagery for manual verification in the Results section (lines 344-352). 

The classification metrics in training the models are determined using an independent 

validation dataset to avoid potential bias from the training data. We have added this 

clarification in the Methods section (lines 243-245). 

"Additionally, we quantified the mutual global underreporting between Global 

Renewables Watch and ours is around 20%. Global Renewables Watch has 72,304 

more different wind turbines than ours, and we have 80,532 more different wind 

turbines than theirs. We conduct manual verification to quantify omission and 

commission rates of our dataset in these wind turbines. Final verification shows a 59% 

validity rate (43,011/72,304) for unique turbine entries of Global Renewables Watch, 

compared to a 92% validity rate (74,458/80,532) for ours. We further updated our 

dataset to a final global count of 416,532 wind turbines based on the manual 

verification." (lines 344-352) 

"…as based on an independent test and validation set (Congalton, 1991; Goutte and 

Gaussier, 2005) to ensure the model's generalizability and avoid over-optimization on 

training data." (lines 243-245) 

 

#C2.8 

Minor Comments 

The manuscript contains several grammatical and stylistic issues that require correction. 

For example, the phrase "current methods remain inadequate monitoring" is awkwardly 

constructed, "which balancing representativeness" contains a grammatical error, and 

"Compared current datasets" is an incomplete sentence. 



Response: 

Thanks very much for your valuable comments. We apologize for the grammatical and 

stylistic issues in the original version. We have corrected the identified errors and 

carefully reviewed the entire manuscript to ensure similar issues have been rectified 

(lines 37-38, lines 148-149, line 405). 

"…current methods remain inadequate for monitoring the fast-growing wind turbine 

deployment." (lines 37-38) 

"…which balances representativeness with computational constraints during training." 

(lines 148-149) 

"Compared to the current datasets of …" (line 405) 

"The codes and dataset of the global onshore wind turbines are available at …" (lines 

45-46) 

"At the global scale, a geospatial wind turbine dataset for 2020 is introduced " (line 83) 

"…, combining with validation through…." (line 118) 

 


