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OPEN : A solar panel dataset of very
patapescripror high resolution satellite imagery
to support the Sustainable
Development Goals

Cecilia N. Clark@® ™ & Fabio Pacifici

Effectively supporting the United Nations’ Sustainable Development Goals requires reliable,

. substantial, and timely data. For solar panel installation monitoring, where accurate reporting is

. crucial in tracking green energy production and sustainable energy access, official and regulated

: documentation remains inconsistent. Reports of solar panel installations have been supplemented

. with object detection models developed and used on openly available aerial imagery, a type of imagery
collected by aircraft or drones and limited by cost, extent, and geographic location. We address these
limitations by providing a solar panel dataset derived from 31 cm resolution satellite imagery to support
rapid and accurate detection at regional and international scales. We also include complementary

. satellite imagery at 15.5 cm resolution with the aim of further improving solar panel detection accuracy.

. The dataset of 2,542 annotated solar panels may be used independently to develop detection models
uniquely applicable to satellite imagery or in conjunction with existing solar panel aerial imagery
datasets to support generalized detection models.

. Background & Summary
: Advancements in remote sensing data acquisition and processing support novel capabilities for collecting val-
- uable information in satellite imagery, providing prompt and comprehensive data from local to global scales'*.
Small target detection has become particularly useful in addressing several of the United Nations’ Sustainable
. Development Goals (SDGs) by supplementing traditional methods including ground surveys, official statis-
© tics, and limited aerial observations**. Small targets have historically been difficult to accurately identify with
. meter-scale resolution satellite imagery, but advancements in satellite technology, image processing, and dissem-
ination of higher resolution imagery in publicly available datasets has shifted this narrative*-®.
: One such use case which may benefit from very high resolution (VHR), or sub-meter, satellite imagery is solar
© panel detection and monitoring to support SDG 7, which addresses affordable and clean energy, and SDG 13,
. a goal focusing on actions to combat climate change. As the use of renewable energy becomes more widely
. adopted, there should exist regulated reporting and assessment measurements to best inform policy-making
© both regionally and globally’. However, for residential solar panel installations, there are varying documentation
requirements dependent on region and installation provider”®. Developing accurate solar panel detection mod-
els using remote sensing data will complement typical reporting methods, with satellite imagery proving specif-
ically useful for frequent observations with global coverage®. With increasingly reliable reporting of residential
solar panel installations, researchers and policy-makers can make more informed decisions regarding monitor-
ing and rectifying existing limitations to residential-scale renewable energy access and implement data-driven
solutions to combat climate change.
: Residential solar panels are considered small, weak targets even in VHR satellite imagery due to the average
* number of pixels per object, variation among objects, and complex context*. Existing satellite imagery datasets
. often include large-scale, or non-residential, solar panel annotations due to resolution of the imagery and there-
fore ability to detect small objects”!?. There are available datasets of VHR imagery to support accurate detection
of small-scale and residential installations, but the imagery is generally sourced from aerial platforms®!'-'°.
These collection sources limit object detection models trained on such datasets to the same types of imagery for
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Process for Dataset Creation Component of the Dataset
Native (31 cm) HD (15.5 cm)
Tiles Labels Tiles Labels
Obtain native resolution imagery and tile v
Apply HD to the native resolution tiles v
v
{ Create labels from object identification in HD tiles ] v
v
{ Convert the HD labels to native resolution labels ] v
[ Complete Dataset ] v v v v

Fig. 1 The process for creating the paired native resolution and HD image tiles and associated labels. Both sets
of components contain three image tiles and 2,542 annotated solar panels.

testing due to variability in visible objects, illumination, angle, atmospheric visibility, and sensor characteristics
between aerial and satellite images. Thus, rather than rapidly acquiring and processing large coverage data,
researchers and policy-makers are limited to local and potentially outdated aerial imagery for monitoring and
reporting.

To address these limitations, we provide a VHR satellite imagery dataset of annotated, primarily residential,
solar panels to supplement the ever-growing list of solar panel datasets. This dataset may be used independently
or in conjunction with larger, non-satellite imagery datasets to produce robust detection models capable of
generalizing across image types. The dataset may be used as provided or with additional variations in image
conditions, implementations of cross validation across images and image subsets, or modifications to the ratio of
annotated panels across confidence levels, as described in the “Technical Validation” and “Usage Notes” sections.
Using any portion of this dataset toward solar panel detection applications may better support the use of satellite
imagery in rapidly detecting and monitoring residential-scale solar panel installations, allowing researchers and
policy-makers to address the needs of various applications for global, timely, and consistent renewable energy
monitoring and reporting.

We also expand upon the results of current publications investigating the resolution-performance trade-off
for accurate small object detection in satellite imagery?*-?°. Results of these studies indicate accuracy of small
object detection in satellite imagery may be improved by increasing spatial resolution. Therefore, our data-
set contains 31 cm native resolution satellite imagery paired with Maxar Technologies’ High-Definition (HD)
15.5cm resolution imagery, which could represent what a space-borne sensor would acquire at this res-
olution. The inclusion of HD imagery supports studies examining the effects of spatial resolution on small,
sustainability-motivated object detection. The complete dataset contains native resolution satellite imagery, cor-
responding HD imagery, and solar panel object labels for each image type (Fig. 1). To the best knowledge of the
authors, there are no publicly available datasets including annotated solar panels in native resolution and HD
satellite imagery.

The native resolution and HD images were cropped proportionately to alleviate memory constraints and
prevent image resampling when input into object detection models. The resulting image chips and labels are
provided in a format compatible with the You Only Look Twice version 4 (YOLTv4) architecture*. YOLTv4
is an object detection framework developed to address the issue of small object detection in satellite imagery
and is openly available (https://github.com/avanetten/yoltv4). We are providing the dataset open-source in a
YOLTv4-suitable format to support goals of data philanthropy and accessibility.

While the dataset is limited in variety of landscapes and image conditions, the value provided by this dataset
may benefit research regarding:

 identification of small-scale solar panels in satellite imagery to monitor green energy production and sustain-
able energy access,

+ detection of small, sustainability-motivated objects in VHR satellite imagery, and

 investigation into the effects of spatial resolution in remote sensing data analysis.

Methods
Image acquisition. One image over southern Germany was acquired from WorldView-3, a 30 cm-class
Maxar Technologies satellite. Southern Germany was selected as the area of interest due to the high concentration
of solar panels, both residential and commercial, reported in the region*”?. Images over the area of interest were
inspected for characteristics to minimize overhead occlusion, variation in solar panel angles and orientations, and
potential glare. The final image, Catalogue ID 1040050029DC8C00, met these criteria with 0.0% cloud coverage,
3.9° off-nadir angle, and 42.2° sun elevation. The image was originally collected on September 18, 2020 and has a
maximum Ground Sampling Distance (GSD) of 31 cm.

The full native resolution image was obtained along with corresponding tiles, which have a default size of
16,384 by 16,384 pixels (approximately 5km by 5km projected onto the ground). Three tiles were randomly
selected from the entire image and used for dataset creation (Fig. 2). Two tiles were standard size, and the third
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Fig. 2 The data partitioning and annotation process. (a) The location of the full image in southern Germany, where
the full native resolution image is outlined in green. (b) The locations of the selected tiles from the native resolution
image. The native resolution tiles are outlined in black. (c) A representation of the manual scanning of each tile
after HD has been applied. The HD tile and subsequent labeling windows are outlined in blue. (d) The first step of
the annotation process: identify solar panel objects in the scanning window. The dotted lines indicate the image
shown is only a portion of the annotation window in the full HD tile. (e) The second step of the annotation process:
create polygons around each identified object, labeled as green polygons. (f) The third step of the annotation
process: convert polygons to individual horizontal bounding boxes, labeled in yellow.

tile was 15,181 by 16,384 pixels (approximately 4.7 km by 5km projected onto the ground) due to the size and
shape of the original image, resulting in irregular tiling in certain regions.

The three HD resolution tiles were derived from the three native resolution tiles, resulting in a second set of
imagery with four times as many pixels as the original tiles. Two of the HD tiles were 32,768 by 32,768 pixels in
size and one was 30,362 by 32,768 pixels in size. The GSD of each tile was not changed, but the resulting spatial
resolution of the HD tiles is 15.5 cm. The visual information between both sets of imagery is similar, resulting in
comparable image pairs.

Defining solar panel objects. Solar panel objects were labeled using Quantum Geographic Information
System (QGIS) software (https://qgis.org/en/site/) version 3.20.0 ‘Odense’ when identified in the HD tiles, in
which the solar panel objects were easier to visualize and distinguish from other objects of similar size and shape.
Individual solar panels were not labeled, as unique objects of that size are difficult to distinguish even at 15.5cm
resolution. Instead, groups of solar panels, or solar panel arrays, were labeled and counted as a single “solar panel”
Panel objects were labeled when visible distinctions could be made between two or more objects, determined by
varying size, shape, and/or space between them.

For roof-mounted solar panels, single objects with at least three distinct components, considered to be three
identifiable and unique panels, were identified as solar panel objects. Objects with potentially only one or two
panels, either adjoined or separated, were treated as non-panel objects such as skylights, ventilation caps, and
chimneys (Fig. 3). For large ground-mounted panels, specifically those in solar farms, solar panel objects were
identified by spacing. These objects were often uniform in shape and varied slightly only in size. Individual
objects were therefore labeled based on distance between them, resulting in rows of solar panels being labeled
as individual objects (Fig. 3).

Annotating solar panel objects. For each HD tile, a single tile was added as a raster layer into QGIS.
A shapefile layer was added overlaying the HD tile, to which solar panel objects were recorded. The three HD tiles
were visually scanned using an approximate 250 m by 150 m window at a scale of 1:700 (Fig. 2).

During the visual scan of each tile, a polygon feature was created for each identified solar panel object and
contained the entire object. After scanning the full HD tile, the polygon features were separated from one
multi-polygon label to single polygons, and each single polygon was then converted to a horizontal bounding
box (Fig. 2). In total, 2,542 solar panel objects were labeled with unique horizontal bounding boxes across all
three HD tiles.

The shapefile containing the bounding box pixel coordinates for each of the HD tiles was exported as a
unique GeoJSON file. Bounding box coordinates for the native resolution tiles were obtained by dividing the
HD tile coordinates by a factor of two, determined by the relationship between the HD and native images: HD
tiles are twice the size of native resolution tiles in both x and y directions. The bounding box coordinates for the
native resolution tiles were verified through visual inspection.

Creating image chips and labels. Image and label chips were created from the two sets of tiles and their
corresponding labels. To maintain general consistency in visual information, the native tiles were chipped to
size 416 by 416 pixels and the HD tiles were chipped to size 832 by 832 pixels. Chips were created as input for
the YOLTv4 architecture?, where one solar panel object is centered in a single chip, resulting in 2,542 native
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Fig. 3 Examples of solar panel objects and non-solar panel objects. (a) Single solar panels in residential

areas were labeled with a unique bounding box, labeled in yellow, where individual panels were determined

by differences in size, shape, and spacing (top). For large ground-mounted panels, one label constitutes one
row (bottom). The HD labeling windows illustrating confirmed panels are outlined in blue. (b) Objects on
residential roofs with less than three distinct panel shapes did not meet the necessary criteria to be confidently
identified as solar panels and were treated as non-solar panel objects. The windows illustrating non-solar panel
objects are outlined in red, with specific non-solar panel objects circled in red.

Dataset Component Object Labels Image Chips

. . Maxar
Accessibility Technologies
I ]

Partitions [ HD Labels ] [Native Labels] [ HD Image Chips [ Native Image Chips ]

Fig. 4 The file structure for the complete dataset as described in the “Data Records” section®*’. All partitions
contain 2,542 files each, with object labels and image chips corresponding by image type (native or HD).

resolution chips with corresponding labels and 2,542 HD chips with corresponding labels. Due to the close prox-
imity of many solar panels objects, most chips contain more than one labeled object.

Data Records

The dataset consists of two parts: one containing object labels and another containing image chips (Fig. 4). The
object labels, “Solar Panels in Satellite Imagery: Object Labels,” are provided as text files and can be accessed on
figshare (https://doi.org/10.6084/m9.figshare.22081091)%. The image chips, “Solar Panels in Satellite Imagery:
Image Chips,” are available directly from Maxar Technologies as TIF files (https://resources.maxar.com/
product-samples/15-cm-hd-and-30-cm-view-ready-solar-panels-germany)*. Both object labels and image
chips include native and HD components.

The label files available on figshare contain information for each solar panel object, at both native and HD
resolution, in the form of center points, length, and width of each bounding box, all normalized by chip size.
Specifically, each label contains at least one row of information, where a single row represents a unique solar
panel object with the structure: category, x-center, y-center, x-width, y-width. The category for each solar panel
object is 0 for objects identified with high confidence, 1 for objects identified with moderate confidence, and
2 for objects identified with low confidence. Determining the level of confidence for each solar panel object is
described in the “Technical Validation” section.

The image chips can be accessed following the link provided in the “References” section and with the object
labels, which will direct users to a Maxar Technologies’ access download page. Data access requires user name,
email address, affiliation, and country. The image chips are provided as individual TIF files and follow the nam-
ing convention of the corresponding labels. The 2,542 native image chips are 416 by 416 pixels in size, and the
2,542 HD image chips are 832 by 832 pixels in size.
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The naming convention for all labels and image chips includes the name of the dataset, image type, tile iden-
tification number, minimum x bound, minimum y bound, and window size. The minimum bounds correspond
to the origin of the chip in the full tile. An example image chip would be “solarpanels_hd_1__x0_0_y0_14027_
dxdy_832.tif) which is an HD chip from Tile 1 in the solar panel dataset, with a minimum x bound of 0, min-
imum y bound of 14,207 and window size of 832 by 832 pixels. The corresponding label file for this example
would be “solarpanels_hd_1_ x0_0_y0_14027_dxdy_832.txt”

Technical Validation
To create the satellite imagery dataset, individual solar panel objects were manually annotated. While this
method can be thorough and consistent when executed efficiently, manual annotation is tedious. Even under
very rigorous conditions, annotators are prone to mistakes, which can result in unidentified and misidentified
solar panel objects'”. Additionally, the shape of each label may incorrectly encompass a single object.
Unidentified and misidentified solar panel objects can be caused by poor image resolution resulting in the
objects being difficult to distinguish from the background, inconsistent definitions of what defines a solar panel
object resulting in erratically labeled objects, and insufficient amount of time spent annotating each tile. We took
the following precautions and approaches to address these sources of error during labeling:

o Poor Image Resolution: The HD tiles were used during the labeling process rather than the native resolution
tiles. The increased detail in the HD tiles supported pronounced distinction between objects and the back-
ground (differentiation between a solar panel and markings on a roof) as well as within each object (differen-
tiation between a solar panel or glass roofing).

o Inconsistent Definitions: A list of solar panel object identifiers, as mentioned in the “Methods” section, was
provided and consulted throughout the labeling process. When a solar panel object could not be immediately
confirmed, the list of identifying features was used as a benchmark to either confirm or reject the object
in question as a solar panel object. Implementing the definition as a checklist minimized inconsistencies
throughout identification. Homogeneity in the annotation process was additionally supported by using one
annotator to label the full dataset.

o Cursory Labeling: Manual annotation may become monotonous over prolonged periods of time, resulting
in rushed and potentially incorrect labels. To minimize the error presented by this issue compounded with
seeing repetitive areas in a short amount of time, a single annotator examined each tile at least twice, with no
less than one week between examinations. This method was designed to minimize incorrect identification in
visually-redundant and high-concentration areas.

The shape of each solar panel object was another potential source of error as a consequence of manual anno-
tation. To minimize errors caused by the solar panel object shape, and to conform with the necessary input
shape for the YOLTv4 model, each polygon shape was converted to a single horizontal bounding box. Horizontal
bounding boxes generally do not compactly encompass an object, and more background pixels are included in the
final object. Most errors caused by any irregular shape of the polygon feature have less influence with this method.

Confidence of solar panel identification.  Official maps of existing solar panels in a given region are diffi-
cult to obtain as a result of multiple installation providers supplying the area of interest and sporadic public index-
ing installation information®!*. However, there does exist a baseline “map” of visible solar panels available in Google
Earth (https://earth.google.com/). When looking at the selected regions of southern Germany in Google Earth, the
image resolution is higher than the imagery available in the solar panel dataset. The Google Earth imagery was col-
lected from a non-satellite aerial sensor, and the improved resolution provides greater visible definition in each solar
panel object. The centimeter-scale resolution supports the use of Google Earth imagery as a reliable “ground truth”

Using the coordinate search function in Google Earth, version 9.175.0.1, the location of each solar panel
object in the dataset was identified and examined for the existence of a solar panel or similar object. The level
of confidence at which a solar panel object could be, or not be, identified was added to the label for that specific
object. The levels of confidence and associated category labels are described as:

o Category 0, High Confidence: The solar panel object labeled in the dataset was identified and confirmed as a
solar panel at the same location in Google Earth.

o Category 1, Moderate Confidence: The solar panel object labeled in the dataset could not be identified and
confirmed as a solar panel at the same location in Google Earth. The labeled solar panel object could not be
misidentified as another object at the same location in Google Earth. The labeled solar panel object met all of
the identifying criteria defining a solar panel.

« Category 2, Low Confidence: The solar panel object labeled in the dataset could not be identified and con-
firmed as a solar panel at the same location in Google Earth. The labeled solar panel object could be misiden-
tified as another object at the same location in Google Earth.

The highest factor contributing to Category 1 solar panel objects was a lack of building or panel construction
between the time of dataset image acquisition and the reported date of the imagery provided over the region
in Google Earth. This relationship is shown in Table 1, where the dataset image acquisition date (September
18,2020) can be compared to the reporting dates of the Google Earth verification images. For dates before the
dataset image acquisition date, the number of unconfirmed panels is greater due to the lack of either buildings
constructed or solar panels installed within that time. For Tile 3, with a date after the dataset image acquisition
date, the number of unconfirmed panels is smallest and consists primarily of solar panel objects that could not
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Verification High Moderate Low Total Objects
Tile Date Confidence Confidence Confidence (% Confirmed)
Tile 1 June 30,2019 966 1 22 989 (97.7%)
Tile 2 March 16, 2020 617 19 2 638 (96.7%)
Tile 3 June 15,2021 904 2 9 915 (98.8%)
Total — 2,487 22 33 2,542 (97.8%)

Table 1. Summary of the number of solar panel objects in each image tile and the proportion of confirmed
(high confidence) objects. Individual image tiles listed here represent both the HD and native resolution
components, as labels are consistent across image sets. The reported date is provided for each verification image,
determined by the date listed over that region in Google Earth during the time validation was conducted. The
reported verification date may be compared to the satellite image collection date (September 18, 2020).

be confidently verified as solar panels (Category 2). The most common errors contributing to Category 2 objects
are glass and/or metal roofing misidentified as solar panels.

All tiles in the solar panel dataset were compared to the Google Earth verification imagery, and all objects
were categorized accordingly. Category labels were kept consistent across the native and HD tiles. In total, 2,487
solar panel objects, or 97.8% of the final dataset for each image type, were identified with high confidence. Less
than 3.0% of the solar panel objects were identified with moderate or low confidence.

Usage Notes

The image chips are provided as TIF files. The labels for each image chip are provided in text format, and the
name for each label matches the name of the corresponding image chip. Each row of a label file contains the
category and bounding box coordinates for a single solar panel object, as described in the “Methods” section. To
avoid the need for re-projection of the object coordinates before use, the solar panel object coordinates are pro-
vided in pixel coordinates for the corresponding image chip. The pixel coordinates are provided as normalized
center points along with width and height of each solar panel object in the associated chip.

While the image chips do provide valuable satellite imagery, they are limited in variety to a single set of image
conditions based on the nature of the original image acquisition. If researchers wish to use the annotations to
identify solar panel objects in a variety of image conditions (i.e., differences in illumination and look-angles)
over the same geographic region, the pixel coordinates for each labeled object may be translated to geocoordi-
nates using the information and instructions listed with the labels in figshare*. The confidence of each object
label in any imagery not currently provided as the associated image chips would need to be reassessed.

The naming convention of the image chips and corresponding labels allows users to select a subset of any
single image, a combination of images, or withhold one image from training to use in testing. For coordinate
conversion, the naming convention also indicates the associated tile from which each label originated, where
each tile has a unique geotransform. The category labeling of each panel also allows users to remove any uncon-
firmed solar panels (those labeled with moderate and low confidence) from the dataset and only use confirmed
objects (those labeled with high confidence).

Attributing satelliteimagery.  Any use of the Maxar Technologies images must include the following statement:
“© 2023 Maxar Technologies. This imagery is provided under the Creative Commons Attribution-NonCommercial
4.0 International Public License (https://creativecommons.org/licenses/by-nc/4.0/legalcode#s3al Ai).

Code availability

The native resolution images were provided in tile format (either 16,384 by 16,384 pixels or 15,181 by 16,384
pixels in size) by Maxar Technologies. Creating the HD tiles from the native resolution tiles was accomplished
with the use of Maxar Technologies’ proprietary HD technology.

Analyzing the HD image tiles and labeling individual solar panel objects was completed using QGIS ver-
sion 3.20.0-Odense. QGIS is a free, open-source software and supports object labeling through various meth-
ods. Labeling for this dataset was completed using the “Add Polygon Feature,” “Multipart to Single Parts,” and
“Bounding Boxes” tools, where the output of each component was the input of the next. The final GeoJSON file
for each tile was obtained by exporting the output of the “Bounding Boxes” tool.

Converting the image tiles and associated label GeoJSON files to image chips and associated label text files
was completed using open-source code provided with the YOLTv4 architecture®. Documentation for additional
processing of the image chips and labels, as well as for training a YOLTv4 model using a dataset structured this
way, can be found in the GitHub repository referenced in the “Background & Summary” section.

Received: 22 February 2023; Accepted: 5 September 2023;
Published online: 20 September 2023

References

1. O’Connor, B. et al. Earth Observation for SDG: Compendium of Earth Observation Contributions to the SDG Targets and Indicators.
ESA Contract No. 4000123494/18/1-NB (European Space Agency, 2021).

2. Hoeser, T. & Kuenzer, C. Object detection and image segmentation with deep learning on earth observation data: A review - Part I:
Evolution and recent trends. Remote Sensing 12, https://doi.org/10.3390/rs12101667 (2020).

3. Kavvada, A., Cripe, D. & Friedl, L. Earth Observation Applications and Global Policy Frameworks (Wiley, 2022).

4. Han, W. et al. Methods for small, weak object detection in optical high-resolution remote sensing images: A survey of advances and
challenges. IEEE Geoscience and Remote Sensing Magazine 9, 8-34, https://doi.org/10.1109/MGRS.2020.3041450 (2021).

SCIENTIFIC DATA|

(2023) 10:636 | https://doi.org/10.1038/s41597-023-02539-8 6


https://doi.org/10.1038/s41597-023-02539-8
https://creativecommons.org/licenses/by-nc/4.0/legalcode#s3a1Ai
https://doi.org/10.3390/rs12101667
https://doi.org/10.1109/MGRS.2020.3041450

www.nature.com/scientificdata/

5. Burke, M., Driscoll, A., Lobell, D. B. & Ermon, S. Using satellite imagery to understand and promote sustainable development.
Science 371, 1219, https://doi.org/10.1126/science.abe8628 (2021).

6. Hoeser, T., Bachofer, F. & Kuenzer, C. Object detection and image segmentation with deep learning on earth observation data:
A review - Part II: Applications. Remote Sensing 12, https://doi.org/10.3390/rs12183053 (2020).

7. IEA, IRENA, UNSD, World Bank & WHO. Tracking SDG7: The Energy Progress Report. World Bank, Washington DC. © World
Bank. License: Creative Commons Attribution-NonCommercial 3.0 IGO (CC BYNC 3.0 IGO) (2023).

8. Stowell, D. et al. A harmonised, high-coverage, open dataset of solar photovoltaic installations in the UK. Scientific Data 7, https://
doi.org/10.1038/541597-020-00739-0 (2020).

9. Hou, X. et al. SolarNet: A deep learning framework to map solar plants in china from satellite imagery. Preprint at https://arxiv.org/
pdf/1912.03685.pdf (2019).

10. Kruitwagen, L. et al. A global inventory of photovoltaic solar energy generating units. Nature 598, 604-610, https://doi.org/10.1038/
$41586-021-03957-7 (2021).

11. Bradbury, K. et al. Distributed solar photovoltaic array location and extent dataset for remote sensing object identification. Scientific
Data 3, https://doi.org/10.1038/sdata.2016.106 (2016).

12. Malof, J. M., Bradbury, K., Collins, L. M. & Newell, R. G. Automatic detection of solar photovoltaic arrays in high resolution aerial
imagery. Applied Energy 183, 229-240, https://doi.org/10.1016/j.apenergy.2016.08.191 (2016).

13. Yu, J., Wang, Z., Majumdar, A. & Rajagopal, R. DeepSolar: A machine learning framework to efficiently construct a solar deployment
database in the United States. Joule 2, 2605-2617, https://doi.org/10.1016/j.joule.2018.11.021 (2018).

14. Mayer, K., Wang, Z., Arlt, M., Neumann, D. & Rajagopal, R. DeepSolar for germany: A deep learning framework for PV system
mapping from aerial imagery. In 2020 International Conference on Smart Energy Systems and Technologies (SEST), https://doi.
org/10.1109/SEST48500.2020.9203258 (2020).

15. Jiang, H. et al. Multi-resolution dataset for photovoltaic panel segmentation from satellite and aerial imagery. Earth System Data
Science 13, 5389-5401, https://doi.org/10.5194/essd-13-5389-2021 (2021).

16. Wu, A. N. & Biljecki, F. Roofpedia: Automatic mapping of green and solar roofs for an open roofscape registry and evaluation of
urban sustainability. Landscape and Urban Planning 214, https://doi.org/10.1016/j.landurbplan.2021.104167 (2021).

17. Hu, W. et al. What you get is not always what you see—pitfalls in solar array assessment using overhead imagery. Applied Energy 327,
https://doi.org/10.1016/j.apenergy.2022.120143 (2022).

18. Khomiakov, M. M. et al. SolarDK: A high-resolution urban solar panel image classification and localization dataset. In NeurIPS 2022
Workshop on Tackling Climate Change with Machine Learning (2022).

19. Kasmi, G. et al. A crowdsourced dataset of aerial images with annotated solar photovoltaic arrays and installation metadata. Scientific
Data 10, https://doi.org/10.1038/s41597-023-01951-4 (2023).

20. Clark, C. N. et al. Investigating the resolution-performance trade-off of object detection models in support of the Sustainable
Development Goals. IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing 16, 5695-5713, https://doi.
org/10.1109/JSTARS.2023.3284309 (2023).

21. Liu, M. et al. The impact of spatial resolution on the classification of vegetation types in highly fragmented planting areas based on
unmanned aerial vehicle hyperspectral images. Remote Sensing 12, https://doi.org/10.3390/rs12010146 (2020).

22. Mesner, N. & Ostir, K. Investigating the impact of spatial and spectral resolution of satellite images on segmentation quality. Journal
of Applied Remote Sensing 8, https://doi.org/10.1117/1.JRS.8.083696 (2014).

23. Rabbi, J., Ray, N., Schubert, M., Chowdhury, S. & Chao, D. Small-object detection in remote sensing images with end-to-end edge-
enhanced GAN and object detector network. Remote Sensing 12, https://doi.org/10.3390/rs12091432 (2020).

24. Shermeyer, J. & Van Etten, A. The effects of super-resolution on object detection performance in satellite imagery. Preprint at https://
arxiv.org/abs/1812.04098v3 (2019).

25. Xian, Y, Petrou, Z. I, Tian, Y. & Meier, W. N. Super-resolved fine-scale sea ice motion tracking. IEEE Transactions on Geoscience and
Remote Sensing 55, 5427-5439, https://doi.org/10.1109/TGRS.2017.2699081 (2017).

26. Van Etten, A. You only look twice: Rapid multi-scale object detection in satellite imagery. Preprint at https://arxiv.org/abs/1805.09512 (2018).

27. IRENA. Renewable capacity statistics 2023. International Renewable Energy Agency (IRENA), Abu Dhabi (2023).

28. SolarPower Europe. Global Market Outlook for Solar Power 2023-2027 (2023).

29. Clark, C. N. Solar Panels in Satellite Imagery: Object Labels. figshare https://doi.org/10.6084/m9.figshare.22081091 (2023).

30. Maxar Technologies. 15cm HD and 30 cm Native Imagery, Solar Panel Dataset, Germany. Maxar Product Samples https://resources.
maxar.com/product-samples/15-cm-hd-and-30-cm-view-ready-solar-panels-germany (2023).

Author contributions
C.N.C. created the dataset, verified the labels, and wrote the manuscript. EP. provided overall guidance during
conceptualization and dataset creation and reviewed the manuscript.

Competing interests
Cecilia N. Clark and Fabio Pacifici are employed by Maxar Technologies.

Additional information
Correspondence and requests for materials should be addressed to C.N.C.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2023

SCIENTIFIC DATA | (2023) 10:636 | https://doi.org/10.1038/s41597-023-02539-8 7


https://doi.org/10.1038/s41597-023-02539-8
https://doi.org/10.1126/science.abe8628
https://doi.org/10.3390/rs12183053
https://doi.org/10.1038/s41597-020-00739-0
https://doi.org/10.1038/s41597-020-00739-0
https://arxiv.org/pdf/1912.03685.pdf
https://arxiv.org/pdf/1912.03685.pdf
https://doi.org/10.1038/s41586-021-03957-7
https://doi.org/10.1038/s41586-021-03957-7
https://doi.org/10.1038/sdata.2016.106
https://doi.org/10.1016/j.apenergy.2016.08.191
https://doi.org/10.1016/j.joule.2018.11.021
https://doi.org/10.1109/SEST48500.2020.9203258
https://doi.org/10.1109/SEST48500.2020.9203258
https://doi.org/10.5194/essd-13-5389-2021
https://doi.org/10.1016/j.landurbplan.2021.104167
https://doi.org/10.1016/j.apenergy.2022.120143
https://doi.org/10.1038/s41597-023-01951-4
https://doi.org/10.1109/JSTARS.2023.3284309
https://doi.org/10.1109/JSTARS.2023.3284309
https://doi.org/10.3390/rs12010146
https://doi.org/10.1117/1.JRS.8.083696
https://doi.org/10.3390/rs12091432
https://arxiv.org/abs/1812.04098v3
https://arxiv.org/abs/1812.04098v3
https://doi.org/10.1109/TGRS.2017.2699081
https://arxiv.org/abs/1805.09512
https://doi.org/10.6084/m9.figshare.22081091
https://resources.maxar.com/product-samples/15-cm-hd-and-30-cm-view-ready-solar-panels-germany
https://resources.maxar.com/product-samples/15-cm-hd-and-30-cm-view-ready-solar-panels-germany
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	A solar panel dataset of very high resolution satellite imagery to support the Sustainable Development Goals

	Background & Summary

	Methods

	Image acquisition. 
	Defining solar panel objects. 
	Annotating solar panel objects. 
	Creating image chips and labels. 

	Data Records

	Technical Validation

	Confidence of solar panel identification. 

	Usage Notes

	Attributing satellite imagery. 

	Fig. 1 The process for creating the paired native resolution and HD image tiles and associated labels.
	Fig. 2 The data partitioning and annotation process.
	Fig. 3 Examples of solar panel objects and non-solar panel objects.
	Fig. 4 The file structure for the complete dataset as described in the “Data Records” section29,30.
	Table 1 Summary of the number of solar panel objects in each image tile and the proportion of confirmed (high confidence) objects.




