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Background: Cities and Climate

ÁMajor Contributors to Climate Change

Á>75% of the worldôs energy consumed by cities

Á>60% of greenhouse gas emissions produced by urban areas

ÁCities occupy less than 2%of the Earthôs surface

ÁGlobal energy system is undergoing a massive transformation, and will 

continue becoming more decentralized, digitalized and decarbonized;

ÁWind turbines (WT) are estimated to be the fastest-growing sources globally,

+ Energy is now generated closer to the point of use, with the potential 

to mitigate congestion in transmission lines and strengthen energy 

security;

īVarying availability of wind, which makes the output fluctuating over 

time.

ÁFor shaping the energy network and derive high-quality energy feed-in 

forecasts, existing models require as input reliable and up-to-date information 

on the number and locations of power infrastructures.
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EO4Energy Project: Enhancing Urban Energy Mapping

ÁThe ESA EO4Energy project (performed by DLR) developed a system leveraging deep 

neural networks and Sentinel-1/2 (S1/S2) satellite imagery to automatically detect onshore 

WT and coal power plants (CPP).

ÁOnshore WT: existing remarkable gap in the corresponding location database.

ÁCPP:

ÁEstimated the most polluting energy source (14 billion t CO2 emissions in 2020);

ÁPotential to be transformed into heat storage power plants (essential to bypass the 

unstable feed-in from WT of no wind by storing energy); 

ÁExisting location databases are incomplete.
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ÁBuilt-up environments exhibit spectral and structural 

similarities to energy infrastructure, necessitating 

advanced detection methods.

ÁWSF2019-derived temporal features have been 

employed.

ÁMulti-temporal Sentinel-1 (S1) and Sentinel-2 (S2) data 

(Jan 2023 ïJan 2024).

ÁTemporal analysis enables effective differentiation of 

energy infrastructure from other land cover types.

ÁGoogle Earth Engine (GEE) was used for scalable and 

efficient data preprocessing.

I. Data procurement and preprocessing

S1 and S2 temporal statistics

KW Boxberg (Oberlausitz, Germany 51,42 N/ 14,57 E), Date: 8/16/2016 Source: © 2020 

Google, © 2020 GeoBasis-DE/BKG; Image Date: 8/16/2016

Legend:
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KW Flensburg (Flensburg, Germany 54,8 N / 9,43 E), Source: © 

2020 Google, © 2020 GeoBasis-DE/BKG; Image Date: 5/26/2018
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I. Data procurement and preprocessing
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I. Data procurement and preprocessing

Selection of Training Sites for WT Detection

Overview of global WT test site distribution.7



I. Data procurement and preprocessing

WT Reference Data

Examples of collected training data, background: S2 Blue-NIR temporal mean (R) / S2 Blue COV temporal median (G) / S1 K0 temporal mean (B) composite.

Nolan (Texax, USA) Cogealac (Romania) Zhangbei (China)
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I. Data procurement and preprocessing

Selection of Training Sites for CPP Detection

Overview of global CPP test site distribution.9

Land cover type
No of reference 

patches

CPP 2276

Other Power Plants 10472

Industrial areas 5000

Forest 1000

Grassland 1000

Agricultural areas 1000



I. Data procurement and preprocessing

Non-CPP Reference Data
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II. Technical Development and Implementation

Network Selection & Implementation

Model Architecture

ÁFaster R-CNN (ResNet-50-FPN backbone) selected for multi-scale detection and high precision.

ÁBalances accuracy & scalability over alternative models (SSD, RetinaNet, YOLO, DETR)

Network Implementation

ÁPretrained on COCO dataset Ÿ fine-tuned on S1 and S2 features.

ÁBackbone adapted to handle 22/29 (WT) or 30 (CPP) input features.
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WT detection CPP detection

Total Sites 49 (39 training, 10 validation)
N/A (Globally distributed 

training/test/validation patches)

Bounding Box Size 200m x 200m 1 km x 1 km

Training Patches

512x512 px,

Extracted from 39 sites,

overlap of 20px

512x512 px,

2276 CPP patches + 3000 non-

CPP patches



EO4Energy Project: WT detection

Reference

Classification results

Mojave

California 

USA
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EO4Energy Project: WT detection

Reference

Classification results

Los Ángeles 

Chile
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EO4Energy Project: WT detection

Reference

Classification results

Cooljarloo

Australia
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EO4Energy Project: WT detection

Reference

Classification results

Cogealac

Romania
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EO4Energy Project: WT detection

Reference

Classification results

Dali

Yunnan

China
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II. Technical Development and Implementation

Model Selection for WT Detection

Validation
Test
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1 4 30 0.00001 0.0005 Adam 29 32, 64, 128, 256, 512 156 0.380 0.39 0.34 0.43 0.78 0.60 0.68 0.74 0.57 0.65

2 4 30 0.00001 0.0005 Adam 22 32, 64, 128, 256, 512 222 0.357 0.39 0.32 0.41 0.76 0.60 0.67 0.73 0.57 0.64

3 4 30 0.0001 0.0005 Adam 22 32, 64, 128, 256, 512 124 0.553 0.47 0.52 0.60 0.85 0.70 0.77 0.82 0.67 0.74

4 4 30 0.0001 0.0005 SGD 22 32, 64, 128, 256, 512 184 0.479 0.61 0.43 0.53 0.71 0.63 0.67 0.68 0.60 0.64

5 4 30 0.0005 0.0005 Adam 22 32, 64, 128, 256, 512 164 0.574 0.48 0.54 0.62 0.85 0.72 0.78 0.82 0.70 0.75

6 8 20 0.0001 0 Adam 22 16, 32, 64, 128, 256 134 0.594 0.30 0.55 0.64 0.82 0.72 0.76 0.79 0.69 0.74

7 8 20 0.0001 0 SGD 22 16, 32, 64, 128, 256 139 0.499 0.46 0.42 0.61 0.42 0.76 0.54 0.40 0.74 0.52

8 8 20 0.0001 0.01 Adam 22 16, 32, 64, 128, 256 149 0.645 0.36 0.59 0.71 0.65 0.72 0.69 0.62 0.69 0.66

9 4 20 0.0001 0.01 Adam 22 16, 32, 64, 128, 256 89 0.640 0.39 0.58 0.71 0.60 0.72 0.65 0.57 0.69 0.63

10 4 20 0.0001 0.0005 Adam 22 32, 64, 128, 256 512 147 0.633 0.46 0.59 0.69 0.80 0.73 0.76 0.77 0.71 0.74

11 4 20 0.0001 0.0005 Adam 22 16, 32, 64, 128, 256 86 0.683 0.31 0.64 0.74 0.81 0.75 0.78 0.78 0.73 0.75

12 4 20 0.0001 0.0005 Adam 22 8, 16, 32, 64, 128 105 0.660 0.22 0.61 0.72 0.78 0.73 0.75 0.75 0.70 0.73

13 8 20 0.0005 0.0005 Adam 22 16, 32, 64, 128, 256 141 0.685 0.31 0.64 0.74 0.82 0.76 0.79 0.80 0.73 0.76

14 8 20 0.0001 0.01 Adam 3 16, 32, 64, 128, 256 73 0.422 0.45 0.34 0.56 - - - - - -17



II. Technical Development and Implementation

Model Selection for CPP Detection

Examples of detections (red box) that could be CPPs or another type of power plant; 
background: Bing Aerial.

Examples for CPPs (red box) that were correctly detected by the model during the testing phase 
but were not part of the global reference dataset; background: Bing Aerial.18



II. Technical Development and Implementation

Model Selection for CPP Detection

Å. 

Validation Test
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1 8 5 0.0001 0.01 Adam 30 32, 64, 128, 256, 512 0.462 0.05 0.52 0.84 0.64

2 16 5 0.0001 0.01 Adam 30 32, 64, 128, 256, 512 0.462 0.05 0.55 0.82 0.66

3 8 10 0.0001 0.01 Adam 30 32, 64, 128, 256, 512 0.467 0.06 0.58 0.80 0.67

4 16 10 0.0001 0.01 Adam 30 32, 64, 128, 256, 512 0.466 0.05 0.61 0.79 0.69

5 8 5 0.00001 0.01 Adam 30 32, 64, 128, 256, 512 0.451 0.06 0.58 0.82 0.68

6 16 5 0.00001 0.01 Adam 30 32, 64, 128, 256, 512 0.479 0.05 0.66 0.78 0.72

7 8 10 0.00001 0.01 Adam 30 32, 64, 128, 256, 512 0.477 0.05 0.64 0.83 0.73

8 16 10 0.00001 0.01 Adam 30 32, 64, 128, 256, 512 0.479 0.05 0.70 0.78 0.74

9 4 5 0.0001 0.01 Adam 30 32, 64, 128, 256, 512 0.389 0.08 0.47 0.75 0.58

10 4 10 0.0001 0.01 Adam 30 32, 64, 128, 256, 512 0.407 0.06 0.51 0.75 0.61

11 4 5 0.00001 0.01 Adam 30 32, 64, 128, 256, 512 0.449 0.05 0.59 0.82 0.69

12 4 10 0.00001 0.01 Adam 30 32, 64, 128, 256, 512 0.459 0.05 0.59 0.83 0.69

13 16 5 0.00001 0.01 Adam 3 32, 64, 128, 256, 512 0.365 0.03 0.42 0.84 0.56

14 16 5 0.00001 0.01 Adam 4 32, 64, 128, 256, 512 0.371 0.04 0.49 0.75 0.60
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II. Technical Development and Implementation

Wind Turbine Detection Across India

Results

ÁSuccessfully detected 18,079 WTs across 

India.

ÁValidation performed using Google Earth, 

OSM power lines.

Post-Processing Steps

ÁEliminated false detections near power 

lines and unsuitable land cover.

ÁSpatial filtering addressed over-detection 

by clustering close detections.

ÁExcluded isolated detections (>2 km 

from other turbines) to ensure realistic 

distribution.

Overview of the WT detection across India, with four zoom-in views of specific regions known for wind 

energy production, background: Google Satellite Imagery.20


