Pre prints.org

Dataset Not peer-reviewed version

A Curated RGB Object Detection
Dataset of Urban Electrical Distribution
Assets with YOLO Annotations

. . . . *
Igor Garcia-Atutxa , Hodei Calvo-Soraluze , Francisca Villanueva-Flores

Posted Date: 10 April 2026
doi: 10.20944/preprints202604.0778v1

Keywords: object detection; urban infrastructure; electricity distribution assets; smart cities; electric
vehicles; RGB imagery; YOLO; dataset curation; grid mapping

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/2971589
https://sciprofiles.com/profile/3970242
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 10 April 2026 d0i:10.20944/preprints202604.0778.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and
contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Dataset

A Curated RGB Object Detection Dataset of Urban
Electrical Distribution Assets with YOLO
Annotations

Igor Garcia-Atutxa !, Hodei Calvo-Soraluze 2 and Francisca Villanueva-Flores 3*

1 Escuela Politécnica Superior. Universidad Catolica de Murcia (UCAM), Av. de los Jeronimos, 135, 30107,
Murcia, Spain

2 Universidad de Deusto, Avenida de las Universidades, 24, Bilbao, Biscay, Spain

3 Centro de Investigacion en Ciencia Aplicada y Tecnologia Avanzada, Instituto Politécnico Nacional.
Boulevard de la Tecnologia, 1036 Z-1, P 2/2, 62790 Atlacholoaya, Morelos

* Correspondence: fvillanuevaf@ipn.mx

Abstract

Open, well-documented datasets are essential for the reproducible development of vision systems
for urban utility management. This Data Descriptor presents a curated RGB object-detection
benchmark of four classes associated with electrical distribution and street-level utility assets:
Inspection Chamber, Overhead-to-Underground Transition, General Protection Box, and
Transformer Substation. The public release contains 997 valid image-label pairs partitioned into 698
training, 150 validation, and 149 test images. Images were acquired during 2019 in multiple localities
across Spain, predominantly with a mobile phone and, in occasional cases, using Google Maps as a
complementary visual source, and were manually annotated with Labellmg before export to YOLO
format. During curation, four invalid image-label pairs were removed because at least one YOLO
bounding box exceeded the normalized image domain. The benchmark contains 1,939 object
instances, with marked class imbalance: General Protection Box accounts for 50.2% of objects whereas
Transformer Substation represents 4.7%. Images are heterogeneous in size and viewpoint, ranging
from 90 x 170 to 4160 x 4032 pixels, with a median resolution of 619 x 544 pixels and a median of two
annotated objects per image. The public GitHub release is organized into images/, labels/, and
metadata/ directories; metadata stores split definitions, classes.txt, data.yaml, inventory information,
annotation schema documentation, and diagnostic summary figures. Beyond detector benchmarking,
the dataset can support scalable mapping of visible distribution-grid assets, with potential value for
smart-city digital twins and data-informed EV charging deployment.

Keywords: object detection; urban infrastructure; electricity distribution assets; smart cities; electric
vehicles; RGB imagery; YOLO; dataset curation; grid mapping

1. Summary

Urban asset inventories and condition assessment are foundational tasks for municipal
management, electricity distribution planning, and smart-city digitalization (1). Vision-based
workflows can reduce manual inspection effort and enable large-scale asset mapping from existing
RGB imagery. Generic object detection benchmarks such as COCO (2) have accelerated algorithmic
development, but domain-specific datasets remain necessary when classes are operational
infrastructure elements rather than everyday objects. Related work has shown the utility of street-
level imagery for detecting and localizing urban drainage components such as manhole covers and
storm drains (3), while reviews of vision-based power-line inspection have highlighted the growing
relevance of computer vision and deep learning for electricity asset management (4,5). Recent studies
in specialized imaging also underline the importance of rigorous performance assessment and
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transferable deep-learning designs when curating benchmarks intended for real-world deployment
6,7).

The dataset described here addresses a narrower but operationally relevant task: object detection
of four categories of visible electrical distribution assets and associated street-level utility elements.
The four class identifiers correspond to Inspection Chamber, Overhead-to-Underground Transition,
General Protection Box, and Transformer Substation. Although the images were collected in Spain,
these asset types or close functional analogues are common in many distribution networks, so the
benchmark can serve as seed data for broader efforts to map visible electricity-network components
across cities and countries. Such machine-readable inventories could support grid modernization, EV
charging rollout, and smart-city services that depend on more complete knowledge of low-voltage
infrastructure (2,8-10).

The curated public release contains 997 valid image-label pairs distributed across training (698),
validation (150), and test (149) subsets. The source images were collected during 2019 in different
Spanish localities, primarily with a mobile phone and, in occasional cases, through Google Maps, and
were subsequently annotated in Labellmg. During quality control, four invalid image-label pairs
were removed because at least one YOLO bounding box exceeded the normalized image domain.
The resulting benchmark contains 1,939 annotated objects. For distribution, the repository is
organized into images/, labels/, and metadata/ folders so that any user can download the benchmark
from Huggingface (https://huggingface.co/datasets/Garcia-Atutxa/Urban-Electrical-Distribution-
Dataset/tree/main) while keeping the data, annotations, and supporting documentation clearly
separated.

The archive also makes visible several limitations that are important for downstream users and
reviewers. First, the class distribution is imbalanced, with General Protection Box dominating the
object count and Transformer Substation being comparatively scarce. Second, image resolutions and
viewpoints are heterogeneous, which is desirable for ecological realism but may also introduce
domain shift. Third, the geographic scope is currently limited to Spain, so transfer to other regulatory,
architectural, or streetscape contexts should be validated empirically before worldwide deployment.
Finally, because a small subset of source imagery may come from third-party visual services,
redistribution rights and attribution requirements should remain explicit in the final release.

2. Data Description

The public release is organized into three top-level folders: images/, labels/, and metadata/ (Table
1). Images are stored as JPEG/JPG RGB files, and each label is stored as a text file using normalized
YOLO bounding-box coordinates. The images/ and labels/ folders mirror one another by
standardized filename, whereas metadata/ stores the official train/val/test split files, classes.txt,
data.yaml, and diagnostic figures. The public release contains 997 valid image-label pairs distributed
across the official benchmark partition (Figure 1).

In the official benchmark, images range from 90 x 170 to 4160 x 4032 pixels, with a median
resolution of 619 x 544 pixels. The number of annotated objects per image ranges from 1 to 8, with a
mean of 1.94 and a median of 2. No empty labels occur in the train, validation, or test subsets.

Table 1. Organization of the cleaned public release and recommended use of each folder.

Folder Image-label pairs Purpose Recommended use

train 698 Official training subset Use for model fitting

Use for model selection
val 150 Official validation subset
and early stopping
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Use only for final
test 149 Official hold-out subset
evaluation
Use according to the
public release 997 Complete benchmark release
train/val/test protocol
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Figure 1. Benchmark composition. Left: number of images containing each class. Right: object distribution across

the official train, validation, and test subsets.

2.1. Structure of the Dataset

The dataset is organized into four object categories relevant to electrical distribution
infrastructure: Inspection Chamber, Overhead-to-Underground Transition, General Protection Box,
and Transformer Substation. Representative examples of these classes are shown in Figure 2, where
panels A-D correspond to each category, respectively. The benchmark split corresponds
approximately to a 70/15/15 partition by image count, implemented through metadata files that
define the 698-image training subset, 150-image validation subset, and 149-image test subset.

B
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Figure 2. Representative examples of the four object classes included in the dataset: (A) Inspection Chamber, (B)

Overhead-to-Underground Transition, (C) General Protection Box, and (D) Transformer Substation.

2.2. Class Distribution and Annotation Characteristics

Table 2 summarizes the class distribution in the public release. General Protection Box is the
dominant class, accounting for 974 annotated objects (50.2% of the release), whereas Transformer
Substation is the minority class, with 91 objects (4.7%). The imbalance should be considered explicitly
when benchmarking detectors or reporting aggregate scores.

Table 2. Per-class statistics for public release.

Objects Mean Median
Class ID Class Images Objects
(%) bbox area | bbox area
Inspection
0 291 409 21.09 0.0483 0.0198
Chamber
Overhead-to-
1 Underground 396 465 23.98 0.0193 0.0107
Transition
General
2 662 974 50.23 0.0238 0.0114
Protection Box
Transformer
3 80 91 4.69 0.2926 0.2353
Substation

Bounding-box scales differ substantially across classes. Transformer Substation has the largest
spatial extent, with a mean normalized box area of 0.2926 and a median of 0.2353, while Overhead-
to-Underground Transition and General Protection Box are typically much smaller objects. This size
heterogeneity is visible in Figure 3 and should be considered when defining input resolution, anchor
strategies, or small-object evaluation protocols.
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Figure 1. Annotation characteristics in the official benchmark. Left: histogram of the number of objects per image.

Right: histogram of normalized bounding-box areas.
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3. Methods

The methodological details below combine what can be verified directly from the supplied
archive with author-provided information about image acquisition and annotation. Fields that
remain pending for final submission are explicitly marked where necessary.

3.1. Image Sources and Acquisition Context

The images were acquired during 2019 in different localities across the geography of Spain. Most
samples were captured directly in situ with a mobile phone under naturally varying illumination and
viewpoint conditions, while a smaller number were obtained through Google Maps as
complementary visual material. This acquisition strategy produced realistic heterogeneity in
framing, scale, and background clutter, which is valuable for robust detection benchmarking

The archive therefore contains heterogeneous street-level and facade-level RGB scenes,
including close-up views of cabinets and transition elements as well as wider contextual images
containing sidewalks, facades, poles, and surrounding urban furniture. Illumination, viewing angle,
object-to-camera distance, and image resolution vary markedly across samples. This diversity is
beneficial for real-world detector robustness, particularly in municipal and utility inspection settings
where image capture is rarely standardized.

Before public release, the authors should still document inclusion and exclusion criteria, whether
any geospatial metadata are distributed, and the legal basis for redistributing any third-party
imagery. This is especially important for samples originating from Google Maps or other mapping
services, since repository publication may require attribution and/or exclusion of images whose
redistribution terms are not compatible with an open downloadable dataset.

3.2. Annotation Format and Class Ontology

Each label file follows the standard YOLO line format: <class_id> <x_center> <y_center> <width>
<height>, where x_center and y_center denote the box center and width and height denote box size,
all normalized to the image dimensions. All images were manually annotated in Labellmg using axis-
aligned bounding boxes and then exported in YOLO-compatible text format. In the cleaned release,
the class mapping is documented as 0: Inspection Chamber; 1: Overhead-to-Underground Transition;
2: General Protection Box; and 3: Transformer Substation.

Based on visual inspection of the archive, Inspection Chamber corresponds to a street-access
chamber or utility pit, Overhead-to-Underground Transition to an overhead-to-underground service
transition element, General Protection Box to a wall-mounted utility protection cabinet, and
Transformer Substation to a transformer-center or substation-type enclosure.

3.3. Curation, Standardization, and Split Generation

The curation report included in the archive indicates that raw file names were not fully
consistent and that a standardized naming convention was applied to the curated release. The
benchmark samples distributed in the public repository were renamed sequentially (for example,
img_000001.jpg and img_000001.txt) to ensure deterministic image-label pairing and easier
automation. The final GitHub release separates the primary assets into images/, labels/, and
metadata/, which simplifies download, version control, and reproducible reuse.

After manual annotation in Labellmg, quality control verified one-to-one pairing between
images and labels, class-ID range consistency, YOLO line format, and normalized coordinate
geometry. Only samples that passed these checks were retained in the published benchmark.
Annotation defects were removed from the public release, while their exclusion is documented in the
curation report for transparency.

The official benchmark uses 698 images for training, 150 for validation, and 149 for testing. In
the public GitHub release, these partitions are recorded in metadata/ rather than encoded as separate
image folders. The metadata/ directory also includes classes.txt, data.yaml, annotation schema, and
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diagnostic figures. This structure keeps the benchmark compact while preserving all information
needed to reproduce the recommended protocol.

3.4. Technical Validation

Technical validation focuses on annotation integrity and release transparency. Following
Labellmg-based annotation, the exported YOLO files were programmatically checked for formatting
and coordinate validity. During curation of the supplied archive, four image-label pairs were
identified as invalid because at least one bounding box extended beyond the normalized image
domain after de-normalization to image coordinates. These pairs were removed from the cleaned
release. The released benchmark subsets themselves contain no empty labels and only valid image-
label pairs.

Internal quality-control checks did not detect missing image-label pairs, ambiguous matches, or
duplicate groups in the average-hash duplicate screen. Although this does not guarantee the absence
of all near-duplicates, it provides a useful first-pass control against accidental redundancy. Figure 3
further shows that most bounding boxes occupy a small fraction of the image area, with the
Transformer Substation class representing a notable large object exception.

The release should therefore be interpreted as a realistic but imperfect benchmark. Researchers
are encouraged to report per-class precision-recall metrics, inspect false positives for visually similar
urban structures, and account explicitly for class imbalance when comparing detection systems.

4. User Notes

The dataset can be used directly in YOLO-style training pipelines by pointing the training
framework to the provided metadata/data.yaml file and the corresponding images/ and labels/
directories. Users seeking unbiased benchmark comparisons should preserve the official
train/val/test partition defined in metadata/ and report results on the designated test set. Beyond
benchmarking, the dataset can serve as seed data for semi-automated mapping of visible electrical
distribution assets at municipal, national, and potentially international scale, thereby supporting
digital grid inventory, EV charging rollout studies, and smart-city digital twins.

Since the current imagery comes from Spanish localities only, cross-country transfer should be
validated explicitly before using the dataset for worldwide asset-mapping workflows.
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