
6.23.0

UAV Inspections of Power
Transmission Networks with AI
Technology: A Case Study of
Lesvos Island in Greece

Georgios Chatzargyros, Apostolos Papakonstantinou, Vasiliki Kotoula, Dimitrios Stimoniaris and

Dimitrios Tsiamitros

Article

https://doi.org/10.3390/en17143518

https://www.mdpi.com/journal/energies
https://www.scopus.com/sourceid/62932
https://www.mdpi.com/journal/energies/stats
https://www.mdpi.com
https://doi.org/10.3390/en17143518


Citation: Chatzargyros, G.;

Papakonstantinou, A.; Kotoula, V.;

Stimoniaris, D.; Tsiamitros, D. UAV

Inspections of Power Transmission

Networks with AI Technology: A

Case Study of Lesvos Island in Greece.

Energies 2024, 17, 3518. https://

doi.org/10.3390/en17143518

Academic Editors: Rocío Pérez de

Prado and Zheng Xu

Received: 29 March 2024

Revised: 27 May 2024

Accepted: 11 July 2024

Published: 18 July 2024

Copyright: © 2024 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

energies

Article

UAV Inspections of Power Transmission Networks with AI
Technology: A Case Study of Lesvos Island in Greece

Georgios Chatzargyros 1,2,*, Apostolos Papakonstantinou 3,4 , Vasiliki Kotoula 2 , Dimitrios Stimoniaris 1

and Dimitrios Tsiamitros 1

1 Department of Electrical and Computer Engineering, University of Western Macedonia, 50100 Kozani, Greece;

dstimoniaris@uowm.gr (D.S.); dtsiamitros@uowm.gr (D.T.)
2 Renel I.K.E, 26th October 90 & Minotavrou 1st, 54627 Thessaloniki, Greece; v.kotoula@renel.gr
3 SciDrones, P.O. Box 94 ELTA C.O., 81100 Mytilene, Greece; apapak@scidrones.com or

a.papakonstantinou@cut.ac.cy
4 Department of Civil Engineering and Geomatics, School of Engineering and Technology, Cyprus University of

Technology, 3036 Limassol, Cyprus

* Correspondence: g.chatzargyros@renel.gr; Tel.: +30-231-052-8239

Abstract: The inspection of overhead power transmission lines is of the utmost importance to ensure

the power network’s uninterrupted, safe, and reliable operation. The increased demand for frequent

inspections implementing efficient and cost-effective methods has emerged, since conventional man-

ual inspections are highly inaccurate, time-consuming, and costly and have geographical and weather

restrictions. Unmanned Aerial Vehicles are a promising solution for managing automatic inspections

of power transmission networks. The project “ALTITUDE (Automatic Aerial Network Inspection

using Drones and Machine Learning)” has been developed to automatically inspect the power trans-

mission network of Lesvos Island in Greece. The project combines drones, 5G data transmission, and

state-of-the-art machine learning algorithms to replicate the power transmission inspection process

using high-resolution UAV data. This paper introduces the ALTITUDE platform, created within the

frame of the ALTITUDE project. The platform is a web-based, responsive Geographic Information

System (GIS) that allows registered users to upload bespoke drone imagery of medium-voltage

structures fed into a deep learning algorithm for detecting defects, which can be either exported

as report spreadsheets or viewed on a map. Multiple experiments have been carried out to train

artificial intelligence (AI) algorithms to detect faults automatically.

Keywords: drones; power line inspection; machine learning; overhead power line; artificial intelli-

gence; inspection platform

1. Introduction

The safe and reliable operation of power transmission networks is linked to the opti-
mal performance of their components, namely, their transmission power lines, poles and
towers, insulators, balisor beacons, sag adjusters, and crossarms. The exposure of the
grid infrastructure to harsh environments, such as catastrophic weather events, vegetation,
extremely high voltage temperatures, and high mechanical pressure, necessitates periodic
inspections throughout the year [1–7]. The traditional manual inspection method, com-
monly applied so far, brings considerable difficulties to fault detection. New methods are
being investigated to meet the challenges of the rapid development of power grids [4,8,9].
Other methods, such as manned helicopter inspections [10] and automated flying and
climbing robots [11], are far faster. However, they still lack accuracy, are highly expensive,
and have limited practical use (especially the climbing robots) [11,12].

Visual inspections have been carried out so far in the Hellenic Electricity Network,
where technical personnel observe the network from the ground to detect faults and
defects that obstruct its optimal and uninterrupted performance. The inspections are
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carried out yearly regarding preventive maintenance and predictive actions, and corrective
maintenance is performed in extreme weather conditions, such as fires and storms. Frequent
power grid inspections are necessary in all conditions to secure the grid components’
continuous, safe, and efficient performance.

A widespread solution to these inspection difficulties is the development of Unmanned
Aerial Vehicles (UAVs) or drones. Their performance at a safe distance from the transmis-
sion lines offers undeniable advantages as an inspection method, providing high efficiency,
low costs, and high application potential. They ensure high accuracy when detecting the
location of the fault, unaffected by the terrain variability and weather conditions [2,4,9,13].

Lately, the impressive developments in the field of computer vision and the widespread
availability of UAVs at relatively low costs have provided the tools for the development of
intelligent systems, which are capable of inspecting the electric grid efficiently and accu-
rately, with minimal human intervention [3,4,8,14,15]. Object detection and classification
is an essential task in computer vision and has many different applications, such as UAV
inspection routing, intelligent drone surveillance, and aerial image processing [16–19].
Lately, object detection based on deep neural networks (DNNs), especially convolutional
neural networks (CNNs), a type of artificial neural network within deep learning, has
gained ground in the field of computer vision [16,17,19].

Over the past few years, a wide range of methodologies have been applied to detect
several grid components and their associated defects. There has been extensive research in
which various solutions have been proposed, combining UAV imagery with deep learning.
Indicatively, the authors of [20] suggested the employment of edge AI to improve the IoT
services related to UAVs. This method allows computations to be carried out close to
or at the end device, where data are actually collected, and as a result, the autonomous
navigation is enhanced. Moreover, it is a more reliable process with reduced data traffic
loads. In [21], Siddiqui et al. propose an aerial power line inspection system that aims
to detect insulators, splitters, damper weights, and conductors and to analyze them for
potential defects in real time by processing drone videos with an embedded CNN-based
detection system. In [22], the use of high-resolution UAV imagery combined with fine-
tuned deep CNNs for automatic component inspection and fault detection in Nigeria’s
electric power transmission network is explored. In [23], Tao et al. focus on detecting
faulty insulators and propose a novel deep CNN cascading architecture. Similar to [21],
their CNN combines insulator localization and fault detection in one pass. Another single-
pass method for detecting broken insulators using UAV imagery and computer vision is
presented by Huang et al. in [24], wherein a modified You Only Look Once (YOLO)v5
network is proposed. In [25], Zheng et al. address the detection of defective insulators with
an improved YOLOv7 network. Specifically, two types of defects are targeted: pollution
flashover and damage. Following a two-stage approach, Ling et al. [26] combined a
faster region-based convolutional neural network (R-CNN) with U-Net to detect broken
insulators. Firstly, the Faster R-CNN locates the insulator string. Then, the bounding
box is cropped and inputted to the U-Net, which proceeds with precisely classifying the
pixels and detecting damage. Zhao et al. [27] trained a Faster R-CNN model to detect
insulators with infrared images. Another class of defects of the electric grid network,
namely, damaged power distribution poles, is studied in [28], wherein the authors present
a system for detecting fallen, burning, and arcing poles. In [29], a cascade ensemble
learning (CEL) method, based on the wavelet neural network-based AdaBoost model and
cascade synchronous strategy (CSS), is introduced as a solution to improve the computing
accuracy and efficiency in the multi-level reliability analysis of complex structural systems
in aero-engineering.

In a nutshell, UAV images are input into CNNs. The backbone extracts feature maps
propagated to the region proposal network (RPN). The RPN generates proposals consisting
of a region and an associated class. Proposals are filtered by the Region-of-Interest (ROI)
pooling layer and are fed into the fully connected layers for classification and regression.
Some authors break up the above process into two distinct steps: a main network is trained
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to extract the components from the image, and one or more secondary networks detect the
faults in the cropped component images. The advantage of this approach is that networks
can be finely tuned to perform their dedicated detection tasks. However, it requires many
datasets, and the system cannot be trained as a whole. Data preprocessing appears to be
an important step for the successful training of CNNs. Specifically, data augmentation
has been widely used to address the small dataset size. Algorithms for the selection of
anchor boxes have also been explored. Additionally, in most cases, the base network
is pre-trained on a large dataset (e.g., ImageNet or Coco) and fine-tuned with the grid
component data. Broken insulators are arguably the most commonly studied use case.
However, the methods applied are applicable to other defective components as well. The
present research introduces the ALTITUDE platform (system), which was developed by
the authors and researchers in the frame of the ALTITUDE project. The system was tested
and validated on the Greek Island of Lesvos and can be reached on the following url
https://cmlo.aegean.gr/emerge_v2/?lang=en (accessed on 28 March 2024).

2. Materials and Methods

The ALTITUDE (Automatic Aerial Network Inspection using Drones and Machine
Learning) project was developed to automate the power transmission network inspection
on the island of Lesvos, Greece. The methodology aims to simulate the inspection of
the power transmission network with the help of high-resolution UAV data obtained via
drones, using 5G data transmission and cutting-edge machine learning algorithms. A
schematic diagram of the principle architecture is presented in Figure 1.

 

“
”

Figure 1. Schematic diagram of the architecture of the proposed method.

Figure 1 depicts a flowchart illustrating the process and components of the ALTITUDE
platform, which is part of the “ALTITUDE (Automatic Aerial Network Inspection using
Drones and Machine Learning)” project for power transmission network inspection.

The process starts with a registered user uploading high-resolution UAV data to the
ALTITUDE platform. The platform leverages 5G data transmission for efficient and fast
data handling from the field to the system. State-of-the-art machine learning algorithms
are utilized to improve and replicate the inspection process and identify faults within the
electric grid. The machine learning algorithm is used to automatically process the uploaded
high-resolution UAV data. The algorithm detects defects in the drone imagery, resulting
in inspection results that can be (i) exported as report spreadsheets and (ii) viewed on
a GIS map. The flowchart effectively outlines the workflow of the ALTITUDE platform,
highlighting the key components and their interactions, from the initial upload of the drone
imagery by the user to the final output of the inspection results.

https://cmlo.aegean.gr/emerge_v2/?lang=en
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2.1. UAV and Sensors Used

The equipment used to implement the ALTITUDE system is shown in Figure 2. Two
drone types manufactured by DJI, Shenzhen, China, the Matrice M30T and Matrice 300, are
utilized within the ALTITUDE project to map and inspect the system. These drones are
equipped with multi-sensors and cameras, and during the aerial inspection, they capture
high-definition photos, which are transmitted to the main server in real time.

 
(a) (b) 

’’

−

’

Figure 2. Equipment for the implementation of the ALTITUDE platform: (a) DJIMatrice M30T, DJI,

Shenzhen, China, used for mapping with the DJI P1 camera and inspections with the DJI H20T camera;

(b) DJIMatrice M300, DJI, Shenzhen, China, used for inspection of the power transmission network.

The Matrice M300 with the P1 Optical camera was used to collect the photos to
create the orthomosaic. The Matrice 300 RTK offers up to 55 min of flight time with TB60
batteries combined. The airframe design of the Matrice 300 RTK gives the system an Ingress
Protection (IP) rating of IP45. In contrast, its mechanical design with quick-release landing
gear and folding arms makes the platform incredibly easy to transport, store, and prepare
for flight. Batteries for the Matrice 300 RTK are charged and can be stored and transported
in the DJI BS60 Battery Station, which can carry up to eight TB60 batteries [30].

The Matrice M30T was used to capture photos while performing the power line
inspection. It integrates multiple sensors into one camera payload, is controlled with the
DJI RC Plus Remote, and runs on DJI Pilot v2.5.1.10 software. The M30T also includes a
40 mm 640 × 512 30 fps thermal-imaging camera with a measurement accuracy of ±2 ◦C
or ±2%. The M30T model integrates a 48-megapixel 1/2′′ CMOS sensor zoom camera with
5×~16× optical and 200× digital zoom, a 12-megapixel wide-angle camera, 8 K photos,
4 K/30 fps video resolution, and a laser rangefinder, which can give the precise coordinates
of objects up to 1200 m away. The DJI Matrice M30T flies up to 41 min and reaches a speed
of up to 23 m/s. In addition, its IP55 protection allows drone flights from temperatures of
−20 ◦C to 50 ◦C [31].

Two different types of control station software are used to operate the drones. These
are DJI Pilot 2, DJI, Shenzhen, China, and UgCS, SPH Engineering, Riga, Latvia. DJI Pilot 2
is the official app for operating and flying both the Matrice M300 and Matrice M30T drones.
This app’s user can perform manual flights or program and perform autonomous flying
mapping missions. DJI Pilot 2 is easy to use and unlocks the majority of the M30T and
M300 drone capabilities [32].

The UgCS software v.4.17 (2141) is a third party used to program autonomous flight
missions in both drones. The UgCS software has more functionalities than the official
DJI Pilot 2 app, allowing users to plan missions with extended capabilities, including
the following: the user can pre-install or import more precise Digital Elevation Model
(DEM) data to increase the accuracy and safety for missions with terrain following; the
user can adjust the allowed flight range and No-Fly Zones to fly according to regulatory
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requirements; the user can plan and fly missions without an internet connection, even
in desert areas, with an offline map-caching capability; the user can resume flights from
a certain waypoint after battery change; the software has built-in photogrammetry and
geotagging tools; the software allows for DEM and Keyhole Markup Language (KML) file
import; the software comes with a UgCS feature mission planner with a Google Earth-like
3D interface for UAV mission planning, enabling the user to navigate the environment
more easily [33].

2.2. Object Detection Systems

YOLO is a popular object detection algorithm in computer vision and deep learning.
The YOLO algorithm is designed to perform real-time object detection in images and videos,
identifying and locating multiple objects in a single pass through the neural network [17,34].
The key features of the YOLO include the following:

1. Single-pass detection: YOLO processes the entire image in a single forward pass
through the neural network, as opposed to many traditional object detection methods
that use region proposal networks and multiple passes;

2. Bounding-box prediction: YOLO divides the input image into a grid and predicts
bounding boxes and class probabilities for each grid cell. This allows YOLO to detect
objects of different sizes and aspect ratios efficiently;

3. High-speed and real-time performance: YOLO is known for its speed and efficiency,
making it suitable for real-time applications. It has been widely used in various
domains, including surveillance, autonomous vehicles, and robotics;

4. Versatility: YOLO can be adapted for different tasks, such as general object detection,
person detection, vehicle detection, and more. The architecture is flexible and can be
trained on custom datasets for specific applications.

The Mask R-CNN is a computer vision algorithm designed for instance segmentation.
Instance segmentation involves the identification and delineation of the individual objects
within an image, providing both object localization and pixel-level segmentation masks. It
is an extension of the Faster R-CNN architecture, initially developed for object detection.
The Mask R-CNN adds an additional branch to the Faster R-CNN framework to predict
bounding boxes, class labels, and segmentation masks simultaneously for each object
instance in an image [17,34,35]. Key features of the Mask R-CNN include the following:

1. RPN: Like the Faster R-CNN, the Mask R-CNN utilizes a region proposal network to
propose candidate regions in the image that are likely to contain objects;

2. Bounding-box prediction: The Mask R-CNN predicts bounding boxes and class labels
for each proposed region, similar to the Faster R-CNN;

3. Mask prediction: In addition to bounding boxes, the Mask R-CNN introduces a mask
prediction branch that outputs segmentation masks for each identified object. This
allows for pixel-level accuracy in delineating object boundaries;

4. ROI align: To accurately extract pixel-level information for mask prediction, the Mask
R-CNN employs ROI Align, a technique that aligns the extracted feature maps with
the input image pixels. This helps prevent information loss during the process.

The YOLOv8 and Mask R-CNN have been used in various applications, including
medical image analysis, autonomous vehicles, and robotics [17,34–37]. With their segmenta-
tion capabilities, they provide more detailed information about object boundaries compared
to other object detection algorithms, making them particularly useful in scenarios in which
precise knowledge of an object’s shape is essential.

2.3. Defects of the Power Transmission Network

This subsection presents common types of defects in the electric power network, as
reported by the Hellenic Electricity Distribution Network Operator (HEDNO). Monitoring
the tilt of electric poles and crossarms is an important task for the uninterrupted operation
of the electric grid. Failure to detect the onset of tilt can have significant consequences,
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impacting the system’s structural integrity, electrical reliability, and safety. Some potential
consequences are as follows:

• Electrical-line misalignment: Tilted crossarms can cause electrical-line and associated
equipment misalignment. This may lead to issues such as sagging lines, increased
conductor tension, and potential electrical faults;

• Mechanical stress and fatigue: The tilt of the poles and crossarms can subject the
components to uneven mechanical stress. Over time, this stress can lead to fatigue
and accelerate the wear and tear of the materials, increasing the likelihood of struc-
tural failure;

• Line clearance and safety hazards: Tilted structures may result in reduced line clear-
ance, increasing the risk of electrical lines coming into contact with surrounding
objects, vegetation, or the ground. This poses safety hazards for the public, wildlife,
and utility workers;

• Outages. if a pole collapses or lines become damaged due to misalignment, it can
disrupt the electrical supply to businesses, homes, and critical infrastructure;

• Increased maintenance costs: Tilted structures necessitate increased maintenance
efforts and costs. Regular inspections, corrective actions, and potential replacements
may be required to address structural issues and prevent further deterioration;

• Regulatory compliance: Medium-voltage electric structures are subject to regulations
and standards. Tilted poles and crossarms may lead to non-compliance with these
regulations, inviting penalties or regulatory actions;

• Fire hazards: If tilted structures come close enough to vegetation, there is an increased
risk of sparking and fire hazards. This can pose a danger to the environment and
nearby structures;

• Environmental impact: the failure of medium-voltage electric structures can have
environmental consequences, especially if there are spills of insulating oils or other
hazardous materials.

Similarly, the tilting of the pin insulators is a common phenomenon that, if ignored, will
result in an increased number of feeder breakdowns, damage to the conductor, increased
outages and costs, the wastage of resources, the loss of person-hours, and dissatisfaction
among consumers.

Missing disks in the lines of glass insulators can also have several adverse effects
on the electrical-distribution system’s performance, safety, and reliability. Some of the
most common methodologies are visual inspections by trained personnel, aerial surveys,
thermal imaging, acoustic and vibration sensors, fiber-optic sensors, Light Detection and
Ranging (LiDAR) technology, smart insulator technologies, and image processing. Recently,
convolution networks have also been tried [38,39].

Finally, thermal inspection is a vital process for the health monitoring of medium-
voltage (MV) structures. It can help identify potential issues related to overheating in
the electrical components, which can be a sign of loose connections, imbalances in the
load distribution, or other problems. It allows for preventive maintenance by identifying
hotspots or abnormal temperature patterns. It can highlight faulty components, such as
damaged insulation, defective circuit breakers, or malfunctioning transformers. Since
overheating poses a fire risk, thermal inspection facilitates take proactive action to prevent
fires and ensure the safety of the equipment. Finally, monitoring the thermal performance
of MV structures can help optimize their energy efficiency and ensure their compliance
with safety standards [40–42].

2.4. System Architecture

The ALTITUDE AI can detect five major defects in MV structures, namely, tilt angles
in the poles, crossarms, and pin insulators, missing disks in glass-line insulators, and
elevated temperatures in selected components. For this purpose, the two state-of-the-art
object detection systems, YOLOv8 and the Mask R-CNN, were trained on a large dataset of
defects. Experiments showed that the newer YOLOv8 architecture outperformed the older
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Mask R-CNN in almost all cases. In the frame of the ALTITUDE project, the AI training was
carried out by labeling 1400 images with 12,700 objects of the following classes: pole (1000),
crossarm (1400), insulator (4000), main structure (5800), and other (500). All 1400 images
were collected during the project framework using the drones presented in Section 2.1.

Particularly, first, for the tilt of electric poles and crossarms, the YOLOv8 and Mask-
RCNN segmentation networks were trained to detect electric poles and crossarms in drone
images. The YOLOv8 results were used to construct the masks. A specialized algorithm
was then applied to extract the structures on these masks, ideally forming a continuous
shape that represents the pole or crossarm. Next, a mathematical model was fitted to these
shapes to obtain the representation of the structure. Assuming the image is always level,
the inclination of the structures was derived from a geometrical computation. Figure 3
illustrates a pseudocode that presents the algorithmic process.

 

Figure 3. A pseudo-code representation of the process followed to extract defects.

An explanation of the above-presented code is as follows:

1. ProcessYoloResults: the main function that processes the YOLO-6 results:

a. Iterates through each YOLO-6 result;
b. Constructs a mask from the YOLO-6 result using constructMask;
c. Extracts the structures on the mask using extractStructures;
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d. Fits a mathematical model to the structures using fitMathematicalModel;
e. Checks if the image is level using isImageLevel;
f. Computes the inclination of the structures from the mathematical model using

computeInclination and prints it;

2. constructMask: function to construct the mask using YOLO-6 results;
3. extractStructures: function for the specialized algorithm to extract the structures on

the mask;
4. fitMathematicalModel: function to fit a mathematical model to the shapes;
5. isImageLevel: function to check whether the image is level;
6. computeInclination: function to compute the inclination from the mathematical model.

The processing application is responsible for the following tasks: (a) upload analysis,
wherein each UAV image is correlated to a digitized MV structure; (b) AI inference, wherein
each image is analyzed for the trained defect classes; (c) inspection report generation,
wherein the system creates spreadsheets of the findings related to an MV network part.

3. ALTITUDE Platform and Results

The ALTITUDE system is built on three main pillars: (a) an automatic drone-based
process, (b) cloud-based architecture development, and (c) a web GIS modular application.

In the particular case study of Lesvos Island in Greece, the HEDNO is the pilot end-user
used to validate the ALTITUDE system. The main defects that need to be detected in the MV
transmission network are focused on poles, insulators, crossarms, and thermal defects that
exceed the safety limits set by the HEDNO. To ensure the proper and accurate operation of
the ALTITUDE system, the digitization of the under-study power network was initially
performed, and a digital map of the power grid was created. The automatic detection of
defects is accomplished via two methods: artificial intelligence and photo interpretation.

The ALTITUDE platform is a system that follows a typical client–server model wherein
the end-users are the clients who interact with a web server, which, in turn, interacts with
a map server, a database server, and the relevant file system. The rest of the system is
responsible for the main processing tasks.

The system consists of the following parts:

1. The ALTITUDE website, responsible for front-end tasks related to mapping, MV
network digitization, imagery uploading, AI labeling, AI- or user-based photo inter-
pretation, and inspection reporting;

2. The ALTITUDE processing application, responsible for imagery uploading, storage,
analysis, and serving; AI training, invocation, storage, and the serving of the resulting
findings; user-based photo interpretation and the serving of the resulting defects; and
inspection reporting;

3. The ALTITUDE database, file system, and map server.

An open-source approach was followed, and the Apache HTTP Server (webserver)
to host the website and provide front-end functionality via PHP scripts, the MapServer
platform (map server), and a PostgreSQL/PostGIS database (database server) were selected.
The rest of the system, which includes task scheduling, image analysis, inference, and
reporting, was written in Python.

Each part of the system mentioned above is further analyzed in the following subsections.

3.1. ALTITUDE Web GIS

The front end of the web GIS is written in vanilla JavaScript with the addition of the
open-source mapping library OpenLayers and other open-source helper libraries. The
website offers a cross-platform (responsive) user experience and allows users to perform
the following main actions: (a) MV network map display, filtering, and query; (b) MV
network digitization, where users digitize MV structures and lines to create a geo-temporal
digital twin of the network (Figure 4); (c) UAV imagery upload (Figure 5); (d) AI labeling
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(used for training) (Figure 6); (e) image-finding validation, where the user can update AI
results and manually insert new findings (Figure 7); (f) report generation (Figure 8).

 

Figure 4. Digitization of MV network on Lesvos Island.

 

Figure 5. Web GIS: imagery upload from Pamila area.
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Figure 6. Web GIS: (a) labeling and (b) photo interpretation.

•

•

Figure 7. Web GIS: (a) map query and (b) linked to photo interpretation/labeling panel.
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•

Figure 8. (a,b) Tilted electric poles of the investigated power network on Lesvos Island.

3.2. ALTITUDE Defect Detection Capabilities

ALTITUDE is a powerful tool designed to enhance the monitoring and maintenance
of medium-voltage (MV) structures. It can detect five significant types of defects, each of
which can significantly impact the performance and safety of the electrical infrastructure:

• The tilt angles of poles: The system can accurately measure and identify any deviations
in the tilt angles of poles. This is crucial because poles that are not perfectly vertical
can compromise the structural integrity of the entire system and pose safety hazards;

• The tilt angles of crossarms: The crossarms must maintain precise alignment, like the
poles. The ALTITUDE system detects any misalignment or tilting in the crossarms,
which are essential components that support the conductors and insulators;

• The tilt angles of pin insulators: the correct positioning of these insulators ensures
proper electrical insulation and mechanical stability, and the system detects their
tilt angles;

• Missing disks in glass-line insulators: All disks in glass-line insulators are necessary
for an optimal insulation performance. The ALTITUDE system can identify missing
disks that could otherwise lead to potential failures in the line;

• Overheated insulators: By detecting high temperatures in various components, the
system helps identify overheating issues. Overheating can indicate underlying prob-
lems, such as excessive electrical loads, poor connections, or deteriorating equipment,
which must be addressed promptly to prevent failures and ensure safety.

Through these capabilities, the ALTITUDE system provides the comprehensive moni-
toring and early detection of critical defects in MV structures, facilitating timely mainte-
nance and enhancing the reliability and safety of the electrical infrastructure.

Figure 8a,b depict an example of the tilted electric poles in the power transmission
grid of Lesvos Island, and Figure 9a,b depict tilted crossarms in the under-study system.
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•

•

 

 

(a) (b) 

Figure 9. (a,b) Tilted crossarms observed in the under-study network.

As for the tilting of the pin insulators, a large dataset of drone images depicting pin
insulators on crossarms from various angles was used to train the systems. A similar
algorithmic process was used to derive the tilt. Figure 10 illustrates the ALTITUDE training
(i.e., labeling) of various network components in the under-study area.

•

•

•

 
(a) (b) 

Figure 10. AI training: labeling (annotating) components of MV network: (a) pin insulators, and

(b) poles, crossarms, and pin/glass insulators.

To detect missing insulator disks and given the lack of sufficient real-life data depicting
this defect, an artificial dataset was created with image processing and was used to train the
two detection systems (Figure 11). The Mask R-CNN could not distinguish intact insulator
lines from lines with missing disks. On the contrary, YOLOv8 successfully identified
the defective components with extremely high accuracy without needing special post-
processing. Therefore, YOLOv8 was the network of choice for the detection functionality in
the ALTITUDE. Specifically, two YOLOv8 instances were trained:

• Segment (mask) detection: the masks detected are translated into angles to find a
possible defect based on the angle and the provided threshold. There is also a subclass
used for binary existence, where applicable;

• Bounding-box detection: the boxes detected are translated into thermal-image boxes
to extract possible defects based on the provided threshold.



Energies 2024, 17, 3518 13 of 17

•

•

  

(a) (b) 

’

Figure 11. (a,b) AI inference: glass insulator masks, including faulty (i.e., broken) glass insulator

(MRCNN).

Figure 12 below depicts the accuracies achieved in the fault detection of various
components in the network.

•

•
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Figure 12. The accuracies achieved in detecting various components: (a) YOLOv8 segments;

(b) YOLOv8 boxes.

Figure 12 presents the performance metrics of the ALTITUDE machine learning detec-
tion model. It lists the detected classes and their corresponding performance scores. The
scores represent the model’s accuracy for each class. A detailed breakdown of the segments
is as follows:

i. pole_wood: 0.970: this class represents wooden poles with a performance score
of 0.970;

ii. ca_wood: 0.931: this class represents wooden crossarms with a performance score
of 0.931;

iii. ca_steel: 0.969: this class represents steel crossarms with a performance score
of 0.969;

iv. ins_porc: 0.983: this class represents porcelain insulators with a performance score
of 0.983;

v. ins_glass: 0.994: this class represents glass insulators with a performance score
of 0.994;

vi. ins_glass_broken: 0.974: this class represents broken glass insulators with a perfor-
mance score of 0.974;

vii. ins_syn: 0.900: this class represents synthetic insulators with a performance score
of 0.900;

viii. other_strut: 0.900: this class represents other structural elements with a performance
score of 0.900;
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ix. all classes: 0.953 0.953 mAP@0.5: this indicates that the model’s overall performance
across all classes, with a mean Average Precision (mAP) threshold of 0.5, is 0.953.

A detailed breakdown of the YOLOs defined categories and accuracy is as follows.
For the ms_joint category that represents joints, the algorithm has a performance score of
0.609. The model’s overall performance across all classes, with a mean Average Precision
(mAP) of 0.5, is 0.609.

The presented scores suggest that the model performs very well, with high accuracy
across all the specified categories and an excellent overall mean Average Precision.

For the segments, the scores suggest that the model’s performance for detecting the
“ms_joint” category is moderate, with an overall mean Average Precision of 0.609. The
lower score compared to the segment accuracy score implies that the model has more
difficulty accurately detecting this specific type of object.

Regarding thermal inspection in the ALTITUDE system, pairs of visual and thermal im-
ages were utilized, and the process took place in two steps. Firstly, selected components of
interest, such as insulators and joints, were identified on the visual image. Then, a mapping
algorithm mapped the component regions onto the thermal image, and the temperatures
inside these areas were inspected for abnormal values, as depicted in Figure 13.

’

’

’
“ ”

 

Figure 13. AI inference: thermal result extraction; temperature extremes and their locations

(YOLOv8).

4. Discussion

The present work analyzes the methodology followed to detect network faults within
the ALTITUDE project. The system was tested and validated on Lesvos Island, Greece.

Extensive research was carried out to create a dedicated algorithm for the automatic
monitoring of grid defects, such as the tilt of electric poles and insulators, from drone
aerial images. Initially, a preliminary study in deep learning for the health monitoring of
the selected electric grid components was conducted. The objective of this study was to
review the existing literature regarding fault detection and the damage identification of
components of the electricity transmission network using drone photography and trained
convolutional neural networks. In addition, a second study on the automatic monitoring of
the tilt of electric poles and insulators was also carried out. This work aimed to examine
the feasibility of the automatic detection of tilt in electric poles based on UAV imagery. This
was demonstrated and validated by images provided by the HEDNO. Finally, the dedicated
algorithm was created after confirming the previous findings on the drone photos obtained.
For this purpose, a pre-defined flight protocol for the health monitoring of the electric
grid was followed. Overall, the detection algorithm demonstrated over 90% accuracy in
calculating pole and insulator tilts.

Innovative approaches and specific experimental processes are essential for automati-
cally inspecting power transmission networks. The proposed approach, which lies in the
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combination of state-of-the-art automated drone-based inspections with a machine learning
algorithm for fault detection, compared to traditional manual inspections, reduces the
inspection efficiency by five times. Key metrics such as the inspection time, fault detection
accuracy, and cost efficiency were examined, and 25–45% reductions in all of the above
steps were achieved. The results reveal that drones significantly reduce the inspection
time and enhance the detection of faults in the electric grid that are often missed during
manual inspections. The method, which follows ALTITUDE, capitalizes on integrating
sophisticated technologies into standard inspection protocols, enhancing the accuracy of
the inspection and the reliability and safety of power transmission networks.

The proposed work has future directions, and the inspection of power networks after
natural disasters can be investigated further. In cases of fires or flooding phenomena, the
UAV inspections of power networks can accelerate the restoration of the grid to secure its
optimal operation, eventually benefiting the end-users.

In conclusion, the work described in the current paper is highly replicable. It can
be implemented by regulatory bodies and all potential stakeholders to monitor small-
and large-scale power networks worldwide. The developed system is competitive in
efficiency and cost compared to all conventional techniques currently utilized for inspecting
electrical grids.
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