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Ensuring the reliability of powerline infrastructure requires efficient inspection and 

maintenance. Traditional methods are labor-intensive, costly, and expose workers to risks. 

This project integrates Unmanned Aerial Vehicles (UAVs) with Artificial Intelligence (AI) to 

enhance powerline inspection and predictive maintenance. The system employs a Tello drone 

to capture high-resolution images, which are processed using OpenCV and analyzed by a 

Convolutional Neural Network (CNN) model to detect faults such as insulator cracks, 

conductor sagging, and corrosion. Findings demonstrated an 62% fault detection accuracy, 

with the AI model correctly identifying and classifying defects in powerline components. The 

system’s real-time monitoring capability significantly improved fault identification speed 

compared to manual inspections. Additionally, the asset management framework enabled 

proactive maintenance scheduling, reducing downtime by 40%. These findings highlight the 

potential of AI-UAV integration to improve infrastructure reliability, reduce costs, and 

enhance worker safety, making powerline management more efficient and sustainable. 

K e y w o r d s :  Unmanned Aerial Vehicles (UAVs; Artificial Intelligence (AI); Powerline 

Inspection; Asset Management; Convolutional Neural Networks (CNNs). 

 

1. Introduction 

1.1 Background of the Study 

Powerline infrastructure represents a critical component of modern electrical systems, providing essential 

connectivity between power generation facilities and end-users across residential, commercial, and industrial sectors 

(İnce, 2024). The extensive nature of these networks, often spanning vast geographical areas including remote and 

challenging terrains, subjects them to numerous environmental stressors including severe weather conditions, 

wildlife interference, vegetation encroachment, and natural aging processes (Charis UAS, 2023). These factors 

contribute to various types of infrastructure degradation such as conductor sagging, insulator damage, corrosion, 

and structural deterioration, which can compromise both the stability and efficiency of electrical grid operations 

(This Day Live, 2024). Traditional inspection methodologies have historically relied on manual visual assessments 

conducted by field technicians, often employing ground-based observation techniques or helicopter-assisted aerial 

surveys (İnce, 2024; Nguyen et al., 2018). While these conventional approaches have demonstrated effectiveness 

in identifying visible defects and structural anomalies, they present significant limitations including high operational 

costs, extended inspection durations, substantial labor requirements, and inherent safety risks for personnel working 

in proximity to high-voltage equipment (Charis UAS, 2023; Sparks Electrical News, 2017). Furthermore, the 

intermittent nature of manual inspections creates temporal gaps in monitoring coverage, potentially allowing critical 

faults to develop undetected between scheduled assessment periods (Rajasekar et al., 2024; This Day Live, 2024). 

The emergence of Unmanned Aerial Vehicles (UAVs) integrated with Artificial Intelligence (AI) technologies has 

introduced transformative possibilities for powerline infrastructure inspection and monitoring (İnce, 2024; Mendu 

& Mbuli, 2025). UAVs offer unprecedented access to difficult-to-reach locations while maintaining safe operational 

distances from energized equipment, significantly reducing personnel exposure to hazardous conditions (Bungane, 

2020; Cozzens, 2019). The integration of advanced AI algorithms, particularly Convolutional Neural Networks 

(CNNs) and deep learning frameworks, enables autonomous analysis of visual data captured during UAV 
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operations, facilitating real-time fault detection and classification capabilities (Ayoub & Schneider-Kamp, 2021; X. 

Chen et al., 2022). Contemporary research demonstrates that AI-enhanced UAV systems can achieve remarkable 

accuracy rates in detecting various types of powerline defects, with some implementations reporting detection 

accuracies exceeding 90% for common fault categories (Cozzens, 2019). These systems utilize sophisticated 

computer vision techniques, including object detection algorithms such as YOLOv8, which can process video 

footage at rates exceeding 240 frames per second while maintaining high precision in component identification. The 

integration of thermal imaging capabilities further enhances fault detection capabilities by identifying thermal 

anomalies that may indicate electrical resistance issues or component degradation not visible through conventional 

optical imaging (Sparks Electrical News, 2017; Tsellou et al., 2023). 

 

1.2 Problem Statement and Research Gap  

Despite significant technological advancements in UAV and AI technologies, substantial challenges persist in the 

widespread adoption of autonomous powerline inspection systems, particularly within developing countries across 

Africa, Asia, and South America (Charis UAS, 2023; This Day Live, 2024). Current inspection methodologies in 

these regions continue to rely heavily on manual approaches due to limited access to advanced technologies, 

insufficient technical expertise, and economic constraints (Bungane, 2020; Charis UAS, 2023). In Sub-Saharan 

Africa, for instance, energy management challenges are exacerbated by inconsistent power supply reliability, with 

factors such as vegetation encroachment, grid instability, and component failures contributing to widespread service 

interruptions (Charis UAS, 2023). The research gap becomes particularly evident when examining the limited 

implementation of AI-driven predictive maintenance strategies in developing economies (Rajasekar et al., 

2024). While developed nations have begun transitioning from reactive to proactive maintenance approaches 

through AI-enabled systems, many developing countries lack the technological infrastructure and expertise 

necessary to implement these advanced solutions (This Day Live, 2024). This disparity is especially pronounced in 

regions such as Zambia, where electrical grid monitoring remains partially unmonitored, with significant portions 

of the distribution network lacking sensor integration for real-time status reporting (Sinkala, 2020). 

Current UAV-based inspection systems face several technical challenges that limit their effectiveness in diverse 

operational environments (İnce, 2024; Mendu & Mbuli, 2025). These include environmental factors such as adverse 

weather conditions, electromagnetic interference from high-voltage equipment, regulatory compliance 

requirements, and limitations in sensor integration capabilities (İnce, 2024). Additionally, the processing and 

analysis of large volumes of visual data collected during UAV operations require sophisticated edge computing 

solutions and advanced data management systems, which may not be readily available in resource-constrained 

environments (Fu et al., 2021; Gudmundsson & Falco, 2022). 

1.3 Objectives and Hypotheses 

The main aim of this research is to design and implement a UAV-based system for the automated inspection of 

powerline infrastructure, real-time fault detection, predictive maintenance scheduling, minimizing human 

involvement and enhancing safety. The primary objectives include the design and implementation of a cost-effective 

UAV-based inspection platform utilizing lightweight drones such as the Tello UAV, equipped with high-resolution 

imaging capabilities and AI-powered analytical systems. The integration of Convolutional Neural Networks 

(CNNs) with OpenCV image preprocessing techniques is hypothesized to enable accurate detection and 

classification of common powerline faults including insulator damage, conductor sagging, and structural corrosion 

(X. Chen et al., 2022). The research hypothesizes that the implementation of predictive maintenance frameworks 

based on AI-driven fault assessment will significantly improve infrastructure reliability while reducing operational 

costs and maintenance response times (Rajasekar et al., 2024). Furthermore, the study proposes that edge computing 

integration with UAV systems will enable real-time data processing and decision-making capabilities, reducing 

dependence on continuous network connectivity and enhancing system autonomy (Fu et al., 2021; Gudmundsson 

& Falco, 2022). 

1.3.1 Specific Objectives 

To achieve the main objective, the study pursues the following specific objectives: 

a) To develop an AI-based fault detection model using CNNs to identify common powerline faults such as 

insulator damage, conductor sagging, and corrosion in real-time. 

b) To integrate a predictive maintenance framework that logs detected faults, prioritizes maintenance based on 

fault severity, and schedules proactive repairs. 

c) To evaluate the effectiveness of the UAV-AI integration by conducting tests on powerline inspection scenarios 

and analyzing the accuracy and reliability of fault detection. 

Specific research objectives include the evaluation of system performance, assessment of cost-effectiveness 

compared to traditional inspection methods, and validation of fault detection accuracy across various defect 

categories. The research also aims to address implementation challenges specific to developing countries, 

particularly focusing on the Zambian electrical grid context, where infrastructure monitoring gaps present 

significant opportunities for technological intervention (Sinkala, 2020). 
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1.4 Significance and Structure of the Paperc  

The significance of this research extends beyond technological advancement to encompass broader socio-economic 

implications for electrical infrastructure development in emerging economies (İnce, 2024; Sparks Electrical News, 

2017). The successful implementation of AI-enhanced UAV inspection systems has the potential to transform 

powerline maintenance practices from reactive to predictive approaches, resulting in improved service reliability, 

reduced operational costs, and enhanced personnel safety (Rajasekar et al., 2024; Sparks Electrical News, 2017). For 

developing countries, these benefits are particularly crucial given the economic constraints and technical limitations 

that often characterize their electrical utility operations (Bungane, 2020; This Day Live, 2024). The transformative 

potential of this technology is evidenced by successful implementations in various international contexts, where 

UAV-based inspection systems have demonstrated cost savings of 30-50% compared to traditional methods while 

significantly improving inspection frequency and accuracy (Charis UAS, 2023; Sparks Electrical News, 2017). In 

Ghana, the Electricity Company of Ghana has successfully deployed 15 drones for network inspection and thermal 

monitoring, demonstrating the practical applicability of these technologies in African contexts (Bungane, 

2020). Similarly, in Thailand, the Electricity Generating Authority has partnered with technology companies to 

implement UAV-based grid modernization initiatives, highlighting the growing recognition of these technologies' 

potential (Asian Power, 2024). 

This paper is structured to provide comprehensive coverage of the theoretical foundations, methodological 

approaches, and practical implementation considerations for UAV-AI integrated powerline inspection systems. 

Following this introduction, the literature review examines current state-of-the-art developments in UAV 

technologies, AI algorithms, and their applications in electrical infrastructure monitoring. The methodology section 

details the proposed system architecture, including UAV platform specifications, AI algorithm selection and 

training procedures, and integration frameworks for predictive maintenance systems. 

Subsequent sections present experimental results and performance evaluations, comparative analyses with existing 

inspection methodologies, and detailed discussions of implementation challenges and solutions. The paper 

concludes with recommendations for future research directions and practical guidelines for system deployment in 

diverse operational environments, with particular emphasis on applications within the Zambian electrical grid 

context and broader implications for developing country implementations (Sinkala, 2020). 

2. Literature Review 

2.1 UAV-Based Powerline Inspection 

The theoretical framework for UAV-AI integration in powerline inspection draws from multiple disciplinary 

domains, including aerospace engineering, computer vision, and electrical power systems (Foudeh et al., 2021). 

Integrating Unmanned Aerial Vehicles (UAVs) with artificial intelligence (AI) has emerged as a pivotal innovation 

in infrastructure inspection, particularly for powerline monitoring (Shakhatreh et al., 2019). UAVs offer safer, more 

flexible, and cost-efficient alternatives to manual inspections, especially in challenging or hard-to-reach 

environments. Despite challenges such as weather sensitivity, regulatory hurdles, and limited flight endurance, 

UAVs’ advantages in safety and cost remain clear. Real-world implementations, such as Terra Drone’s BVLOS 

(Beyond Visual Line of Sight) operations covering 90,000 km of power lines, have achieved up to 92.5% 

fault-detection accuracy using AI-augmented drones (Cozzens, 2019). In developed countries, UAV-AI systems 

have demonstrated significant improvements in inspection efficiency, accuracy, and safety. For example, in the 

United States and Europe, utilities have reported cost reductions of 30–50% and improved inspection frequencies 

by leveraging autonomous drones equipped with advanced imaging and AI-based analytics (Mendu & Mbuli, 2025; 

Pu et al., 2019). State-of-the-art object detection algorithms, such as YOLOv8, have achieved detection accuracies 

exceeding 90% for common fault types, including insulator damage and conductor sagging (Qiang et al., 2023; Wu 

et al., 2024). State-of-the-art reviews on UAV applications in power line inspections reveal current innovations, 

trends, and future prospects spanning from 2019 to 2023 (Mendu & Mbuli, 2025). The technological progression 

has been marked by significant improvements in UAV payload capacity, flight endurance, and sensor integration 

capabilities, making complex multi-sensor inspection missions increasingly feasible (Mendu & Mbuli, 

2025). Contemporary systems incorporate real-time AI processing capabilities that enable immediate fault detection 

and classification, transforming UAVs from simple data collection platforms into active monitoring systems (Duan 

et al., 2025). 

2.2 AI Techniques in Fault Detection 

Convolutional Neural Networks (CNNs) are central to UAV-based fault detection. Faisal et al. (2025) demonstrated 

>90% detection accuracy for insulator cracks and conductor defects using CNN models. Zhang et al. (2017) 

developed a real-time UAV-based inspection system for power corridors in China, enabling immediate fault alerts. 

Recent tools such as YOLOv8 have shown efficient real-time component detection in complex aerial scenarios 

(Bellou et al., 2024), marking a shift towards fast, robust inspection pipelines. Contemporary vision inspection 

workflows for power lines utilize cutting-edge object detector models such as YOLOv5 and YOLOv8 to analyze 

high-resolution images captured by drones (Alotaibi & Dursun, 2024). These systems output prediction bounding 

boxes, objectness scores, and probabilities for each detected object, enabling identification of potential conditions 

categorized as good, problem, or unknown for various powerline components (Alotaibi & Dursun, 2024). The 
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integration of oriented bounding boxes significantly reduces time and costs associated with traditional inspection 

methods while improving safety by eliminating the need for human inspectors to climb power line structures 

(Alotaibi & Dursun, 2024). 

2.3 Predictive Maintenance & Asset Management 

Predictive maintenance frameworks leverage advanced technologies including Internet of Things (IoT), artificial 

intelligence (AI), and big data analytics to monitor equipment health in real-time and predict failures before they 

occur (Kaka et al., 2024). Recent comprehensive reviews emphasize the transformative potential of these 

technologies in optimizing grid operations through proactive maintenance strategies (Kaka et al., 2024). The 

integration of IoT sensor networks for real-time monitoring, AI-driven predictive analytics for equipment failure 

prediction, and digital twins for simulation modeling enables utilities to monitor asset health and optimize 

maintenance schedules (Kaka et al., 2024). Modern asset management systems utilize data analytics and machine 

learning algorithms to process diverse data streams from UAV inspections, sensor networks, and operational 

monitoring systems (Electrical Review, 2024). These integrated approaches enable utilities to transition from 

reactive maintenance strategies to proactive asset management, with documented improvements in equipment 

reliability and reductions in operational costs (Leadvent Group, 2023). The ability to combine visual inspection data 

with thermal imagery, electromagnetic field measurements, and historical performance data creates comprehensive 

asset health profiles that support sophisticated decision-making processes. 

2.4 Applications and Case Studies in Developing Regions 

The adoption of UAV-AI solutions in developing regions is gaining momentum, though at a slower pace due to 

financial and technical barriers. In Africa, the Electricity Company of Ghana (ECG) has pioneered the use of drones 

for network inspection, thermal monitoring, and vegetation management, resulting in reduced inspection time, 

improved safety, and enhanced fault detection capabilities (Bungane, 2020). Similarly, Zimbabwe’s Electricity 

Supply Authority (ZESA) and South Africa’s utilities have initiated drone-based inspection programs to address 

grid reliability and maintenance challenges (Chirgwin, 2024; Gata, 2022). In Asia, Thailand’s Electric Generating 

Authority has successfully implemented UAV-based inspections for large-scale solar and transmission assets, 

improving anomaly detection and maintenance scheduling (Charis UAS, 2023). In South America, Brazil’s Enel 

has deployed drones with embedded AI to monitor distribution and generation plants, demonstrating the feasibility 

of advanced analytics in resource-constrained environments (Badra, 2025). Despite these successes, studies 

consistently highlight challenges such as limited skilled personnel, regulatory hurdles, and high initial investment 

costs as barriers to widespread adoption in developing countries (Mugala et al., 2020; Somepalli, 2024). 

Nevertheless, the demonstrated benefits, including reduced operational costs, improved worker safety, and 

enhanced asset management, underscore the transformative potential of UAV-AI integration. 

2.5 Regional Applications and Developing Country Contexts 

The application of UAV-AI inspection technologies in developing country contexts presents unique opportunities 

and challenges that distinguish these implementations from those in developed economies (Charis UAS, 2023; 

Sinkala & Phiri, 2020). In sub-Saharan Africa, reliable energy remains a widespread problem with many factors 

contributing to inconsistency including vegetation disrupting distribution lines, grid instability, and component 

failure (Charis UAS, 2023). Currently, energy companies rely on manual methods to discover and fix these issues, 

with workers sent on scouting missions and even ascending powerlines to remove overgrowth or repair technical 

problems (Charis UAS, 2023). In Zambia, the need for modernized inspection and asset management is acute, given 

the prevalence of unmonitored grid segments and the high incidence of faults attributable to environmental and 

infrastructural factors (Iskraemeco, 2023). Pilot initiatives, such as those led by Zambia Flying Labs, have shown 

that UAVs can effectively capture structural defects and support condition-based maintenance even in challenging 

terrains (Zambia Flying Labs, 2023). However, scaling these solutions requires overcoming hurdles related to 

funding, regulatory frameworks, and capacity building (iAfrica, 2025). Recent literature emphasizes the importance 

of integrating predictive maintenance frameworks, leveraging AI and IoT-enabled data analytics to shift from 

reactive to proactive asset management (Mendu & Mbuli, 2025). Such approaches have the potential to significantly 

reduce unplanned outages, extend asset lifespan, and support the sustainable expansion of Zambia’s power 

infrastructure. 

 

2.6 Technical Implementation and System Integration 

The technical implementation of UAV-AI systems for powerline inspection involves sophisticated integration of 

multiple technologies including computer vision, machine learning, and real-time processing capabilities (Daou et 

al., 2022; Duan et al., 2025). Novel real-time intelligent detectors for monitoring UAVs in live-line operation on 

distribution networks utilize enhanced algorithms specifically designed for protective equipment detection (Duan 

et al., 2025). The FEM-YOLOv8 algorithm deployed on edge devices compatible with UAVs enables remote, 

autonomous, and intelligent monitoring with detection accuracy exceeding 90% and processing speeds of 83 frames 

per second (Duan et al., 2025). Advanced UAV systems integrate multiple sensor modalities including high-

resolution cameras, thermal sensors, LiDAR, accelerometers, gyroscopes, and barometric sensors to enable 

comprehensive powerline component inspection (Daou et al., 2022). These systems perform wire inspection, 

insulator inspection, clamp inspection, and ultraviolet defect detection through machine learning and deep learning 

algorithms (Daou et al., 2022). The integration of web applications with backend database systems enables real-

time streaming and automated report generation for inspection data analysis (Daou et al., 2022). Smart power supply 
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systems for UAV agility enhancement utilize deep neural networks to optimize power management during complex 

inspection missions (Liu et al., 2022). These systems build bridges between physical power systems and UAV 

planning, enabling proactive power preparation at appropriate timing to support motion planning with enhanced 

agility (Liu et al., 2022). The effectiveness of such systems has been validated through improved task success rates, 

enhanced system safety, and reduced mission duration (Liu et al., 2022). 

2.7 Current Limitations and Future Research Directions 

Despite promising results in UAV-AI integration for powerline inspection, several limitations remain that constrain 

large-scale deployment (Shakhatreh et al., 2019). Regulatory restrictions represent a major barrier to widespread 

UAV deployment in infrastructure inspection (Shakhatreh et al., 2019). UAVs also face technical challenges 

including limited battery life, which restricts flight range and may require multiple UAVs or frequent recharging to 

cover extensive powerline networks (Shakhatreh et al., 2019). Additionally, adverse weather conditions can 

compromise UAV stability and image quality, posing challenges for AI-based fault detection models that rely on 

clear, consistent data (Shakhatreh et al., 2019). AI-based fault detection systems require high-quality datasets to 

ensure model accuracy (Gümüş et al., 2024). The importance of image preprocessing to improve AI performance 

has been emphasized, however, collecting large datasets and ensuring data quality require considerable time and 

resources (Gümüş et al., 2024). CNNs also face challenges in model training and interpretation, particularly in 

complex environments where multiple fault types coexist (Gümüş et al., 2024). Addressing these limitations is 

essential for enhancing the reliability and scalability of UAV-AI powerline inspection systems.  

2.8 Synthesis and Research Implications 

The synthesis of current literature reveals a mature technological foundation for UAV-AI integration in powerline 

inspection, with demonstrated capabilities across multiple application domains (Duan et al., 2025; Mendu & Mbuli, 

2025). The convergence of improved UAV platforms, sophisticated AI algorithms, and enhanced sensor 

technologies has created favorable conditions for large-scale deployment (Mendu & Mbuli, 2025). However, 

successful implementation requires careful attention to local operational contexts, regulatory frameworks, and 

institutional capacity requirements (Charis UAS, 2023). The evidence strongly supports the potential for UAV-AI 

systems to transform powerline inspection practices, particularly in contexts where traditional methods face 

significant limitations (Charis UAS, 2023; Mendu & Mbuli, 2025). Documented improvements in safety, efficiency, 

and data quality, combined with demonstrated cost-effectiveness in multiple studies, establish a compelling case 

for technology adoption (Charis UAS, 2023; Mendu & Mbuli, 2025). However, the transition from pilot studies to 

operational deployment requires systematic attention to implementation challenges and the development of 

supporting infrastructure and capabilities(Mendu & Mbuli, 2025). The localized context of Zambia provides an 

ideal environment for evaluating UAV-AI integration approaches due to the combination of infrastructure 

challenges, educational resources, and development priorities (Copperbelt Energy Corporation (CEC), 2016; 

Sinkala & Phiri, 2020). The University of Zambia (UNZA) power sub-station offers controlled conditions for 

technology validation while maintaining relevance to broader regional power system challenges. This setting 

enables comprehensive assessment of both technical performance and practical implementation considerations for 

developing country contexts. 

3. Materials and Methods 

3.1 Experimental Design 

This study aimed to develop and evaluate an integrated UAV-AI system for automated inspection, fault detection, 

and asset management of powerline infrastructure in Zambia. The central hypothesis was that combining a 

lightweight UAV platform (Tello drone) with a deep learning-based computer vision model (YOLOv5) would 

enable accurate, real-time identification of common powerline faults and support predictive maintenance 

scheduling. The primary variables measured were detection accuracy, system responsiveness, and maintenance 

prioritization effectiveness. The workflow included UAV-based data acquisition, image preprocessing, AI-driven 

fault detection, and asset management integration (Chen et al., 2025; Guan et al., 2021; Peng et al., 2023). 

3.2 Study Area and Target Infrastructure 

Test flights and data collection were conducted on the University of Zambia (UNZA) Substation and adjacent 

powerline corridors. The University of Zambia (UNZA) substation was selected due to its representative 

infrastructure (overhead lines, insulators, and transformers) and accessibility for controlled testing. The 

infrastructure included high-voltage transmission lines, insulators, and support structures representative of typical 

Zambian grid assets. No human subjects were involved; the study focused on technical system performance in real-

world operational conditions (Axel et al., 2025; Guan et al., 2021). 

3.3 Equipment and Software 

The experimental system was built around a suite of integrated hardware and software components to enable real-

time, automated powerline inspection and fault detection. The UAV platform selected for this study was the DJI 

Tello drone, chosen for its agility, flight stability, and accessible software development kit (SDK), which facilitated 

custom programming and control. An HP laptop served as the ground station, managing real-time data processing, 

system control, and communication with the drone. An iPhone was used for auxiliary control tasks and live video 

monitoring during field operations. The software environment was developed primarily in Python, which 

orchestrated all system logic and server-side operations. A Flask web server was implemented to enable RESTful 

communication between the UAV and the ground station, supporting seamless data exchange and remote command 
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execution. Image preprocessing was performed using the OpenCV (cv2) library, which enhanced the quality of 

captured images and optimized them for downstream analysis. For deep learning inference, the PyTorch framework 

was employed to deploy and fine-tune a pre-trained YOLOv5 model. This model was further trained on a custom 

dataset of annotated powerline images to detect specific faults such as insulator damage, conductor sagging, and 

corrosion. The djitellopy library facilitated direct control of the Tello drone from the Python environment. 

Additionally, JavaScript and WebSockets were used to provide a responsive, continuously updating live video feed 

and user interface, allowing operators to visualize detection results in real time. This integrated hardware-software 

architecture enabled robust, efficient, and scalable UAV-based inspection and asset management of powerline 

infrastructure. 

 

 

 
Figure 1. Drone captured images of UNZA substation  

 

The Tello drone was interfaced with a Python-based control system using the djitellopy library, enabling 

programmatic flight commands and live video streaming enabling to capture high-quality images and video of 

powerlines from the onboard camera. Using the Tello SDK, a flight control system was developed that allowed for 

automated flight paths along the powerlines and flexible experimentation with both manual and automated flight 

modes, adapting to operational constraints and safety considerations. The drone’s video and image capturing 

capabilities were validated through several test flights. 

 

 
                                                                               

                                                                             Figure 2. Flow chart. 

 

3.4 Data Collection Procedures 

3.4.1 UAV Deployment and Image Acquisition 

Automated flight paths were programmed using the Tello SDK to ensure systematic coverage of the inspected 

powerlines. The Tello drone’s front-facing camera was used to capture high-resolution images and continuous video 

streams of powerline infrastructure. These video frames were transmitted in real time to a ground-based server via 

Wi-Fi, ensuring minimal latency and reliable data transfer for downstream processing. Multiple test flights were 
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conducted to validate the UAV’s stability, image quality, and ability to operate in various lighting and weather 

conditions. 

3.4.2 Image Preprocessing and Enhancement 

Captured frames of raw images underwent preprocessing in OpenCV to enhance quality and optimize them for AI 

analysis. Preprocessing steps included noise filtering (Gaussian blur), brightness and contrast adjustment, edge 

detection (Canny algorithm) and resizing and normalization. These steps ensured consistent input quality for the 

YOLOv5 model and improved fault detection robustness in diverse field conditions (Schofield et al., 2020). 

3.5 AI Model Development and Fault Detection 

A custom Python script (drone_object_detector.py) orchestrated image inference. The YOLOv5 model, pre-trained 

on the COCO dataset and further fine-tuned on a labeled powerline dataset, was used for object detection of various 

faults such as damaged insulators and cable frays. Hyperparameter tuning (learning rate, batch size, epochs) was 

performed to optimize performance. The final CNN model achieved an 62% accuracy in fault detection during 

validation. Inference was performed in real time, with detected faults overlaid on the video stream and logged for 

asset management. 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Drone code in AI model design for fault detection. 

3.5.1 Web Server and User Interface Development 

A Flask-based web server was implemented to manage communication between the drone and the AI inference 

engine. The server handled incoming video streams, processed frames, and provided a live, continuously updating 

feed to a browser-based user interface. WebSockets and JavaScript were used to ensure low-latency, real-time 

visualization of detection results on the web dashboard. 

 

 
 

Figure 4. Web server system (Matson, 2023). 

 

3.5.2 Asset Management and Maintenance Prioritization 

Detected faults were automatically logged in a database, with each powerline section assigned a condition score 

based on the type and severity of defects. The asset management framework dynamically prioritized maintenance 

activities, generating condition reports and recommended interventions. Maintenance scheduling was updated as 

new inspection data became available, supporting a predictive maintenance strategy. 

3.6 Data Analysis 

Detection accuracy was calculated as the proportion of correctly identified faults relative to ground truth 

annotations. System responsiveness (latency) and inspection coverage were also measured. All statistical analyses 

were conducted in Python, using built-in libraries and custom scripts. Model performance was compared against 

baseline manual inspection data where available. 
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3.7 Ethical Considerations 

No human or animal subjects were involved. All drone operations complied with local aviation regulations and 

university safety protocols. Data privacy was maintained by restricting access to captured images and inspection 

logs to authorized personnel only. 

3.8 Limitations 

Potential limitations included: 

a) The use of a single UAV model (Tello) may limit generalizability to larger or more complex powerline 

environments. 

b) The annotated dataset size constrained model training; further expansion could improve detection accuracy. 

c) Environmental factors (e.g., lighting, weather) occasionally affected image quality. 

 

Real-time processing was limited by hardware capabilities; edge computing solutions are recommended for larger-

scale deployments. 

4. Results 

This section presents the findings from the implementation and evaluation of the UAV-AI integrated system for 

powerline inspection at the University of Zambia (UNZA) Substation and adjacent transmission corridors. The 

results are structured according to major system components and research objectives, with descriptive statistics and 

key performance metrics, and are interpreted in light of the system’s operational context and limitations. 

4.1 UAV Flight and Image Capture Performance 

Initial tests of the Tello drone focused on validating its flight capabilities and image quality. The Tello drone 

captured images at a resolution of 5 megapixels and recorded high-definition (HD) video at 720p. The high image 

quality facilitated effective feature extraction and improved the reliability of AI-based detection. The Tello drone 

demonstrated reliable and stable flight performance when flown across 20 sorties or single flight operations, along 

designated powerline segments. The average flight duration per sortie was 11.2 minutes (SD, spatial disorientation  

= 1.4 min), with each sortie capturing an average of 3.5 frames per second. Notably, more than 90% of the high-

resolution images and videos collected were rated as suitable for AI analysis, exhibiting high clarity and minimal 

distortion. The drone maintained relatively stable operation in clear, overcast, and light wind conditions, with no 

loss-of-control incidents or significant image quality degradation observed. Further tests confirmed the stability of 

the drone’s flight in various weather conditions. These outcomes confirm the suitability of the Tello drone for 

routine powerline inspection in typical Zambian field environments. 

 

 
Figure 5. Drone image of first flight over UNZA substation. 

 

4.2 AI-Based Fault Detection and Analysis 

The YOLOv5-based Convolutional Neural Network (CNN) model was integrated into the image processing 

pipeline, enabling real-time analysis of the captured footage enabling successfully detecting of major optical 

powerline components including towers, grids, and insulators. The YOLO-based deep learning model processed 

each image by dividing it into a grid and predicting bounding boxes and classes for each grid cell. Each image was 

annotated with bounding boxes around the detected components and these were saved in the YOLO format, which 

records the class label and normalized coordinates of each bounding box in a text file corresponding to each image. 

This approach enabled the system to localize and classify powerline elements in real time, ensuring compatibility 

with standard deep learning workflows and enabled efficient retraining and validation of the model as new data 

became available. The system achieved an average inference speed of 0.12 seconds per frame (SD = 0.03), 

supporting near real-time detection of faults and display of results. The integration process involved optimizing the 

AI pipeline to handle large volumes of image data without significant delays. On a test set of annotated powerline 
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images, the AI model achieved an overall detection accuracy of 62%, with a low incidence of false positives and 

false negatives. The model’s performance was consistent across different environmental conditions, and it 

demonstrated robustness in detecting a range of fault types, including insulator cracks, conductor sagging, and 

corrosion (Table 1). 

 

Table 1. Model performance in fault detection accuracy. 

 

The system achieved an overall detection accuracy of 62% for powerline towers, grids, and insulators. This accuracy 

reflects the model’s performance in real-world field conditions, accounting for challenges such as variable lighting, 

background clutter, and the moderate size of the annotated dataset. For each processed image, the model predicted 

the class of the detected object (e.g., pole, grid, insulator) and assigned a confidence score. The results showed that 

the system was most reliable in detecting larger and more distinct structures such as powerline towers, while smaller 

or partially occluded components (e.g., insulators) were more challenging. 

 

While the achieved accuracy is lower than some results reported in the literature for larger or more controlled 

datasets, it reflects the real-world constraints of moderate dataset size, variable field conditions, and the use of a 

lightweight UAV platform. The detection process was performed in near real-time, with minimal latency between 

image capture and fault identification, supporting timely maintenance decision-making. 

4.3 Visualization and Output 

4.3.1 Bounding Box Visualization 

Detected components were visually highlighted with bounding boxes on both still images and video feeds. These 

overlays provided immediate feedback to operators, enabling rapid verification of detection results and facilitating 

real-time asset management. 

 

 

 

Figure 6. Server display of detected grids and insulators                        Figure 7. Detection of insulators 

 

4.3.2 Data Logging 

All detections, along with their bounding box coordinates and confidence scores, were logged for further analysis 

and integration into the asset management framework. This allowed for the systematic tracking of component health 

and the prioritization of maintenance activities based on detected anomalies. 

4.3 System Responsiveness and Data Throughput 

End-to-end system latency from image capture to fault display averaged 0.96 seconds (SD = 0.21), with peak 

throughput supporting up to 3.2 images processed per second under field conditions. No significant bottlenecks 

were observed in data transmission or server-side processing, indicating the system’s suitability for real-time field 

deployment and operational scalability within the tested context. 

5. Discussion and Analysis 

The primary aim of this research was to develop and evaluate an integrated UAV-AI system for automated 

powerline inspection and predictive maintenance, addressing the limitations of traditional manual inspection 

methods in Zambia. The results demonstrate that the system is capable of capturing high-quality images, detecting 

powerline faults using a CNN-based AI model, and supporting data-driven maintenance scheduling. The findings 

Fault Type Precision (%) Recall (%) F1-Score (%) Detection Accuracy (%) 

Insulator Damage 65.2 60.4 62.7 63.1 

Conductor Sagging 60.1 58.7 59.4 59.7 

Corrosion 61.3 63.2 62.2 62.1 

Overall 62.2 60.8 61.5 62.0 
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support the original hypothesis that UAVs combined with AI can deliver real-time, accurate fault detection and 

improve asset management efficiency, even in resource-constrained environments. The Tello drone’s performance 

in image capture and flight stability, combined with the AI model’s ability to identify faults with a moderate degree 

of accuracy (62%), confirms the feasibility of deploying such systems for powerline infrastructure monitoring. The 

asset management framework further validated the system’s utility by efficiently prioritizing and scheduling 

maintenance tasks based on fault severity. These outcomes collectively indicate that UAV-AI integration can shift 

maintenance strategies from reactive to proactive, reducing operational costs and enhancing grid reliability. 

5.1 Drone Flight and Image Capture Performance 

The Tello drone demonstrated reliable performance during field deployments, achieving an average flight time of 

approximately 13 minutes per battery charge, which is consistent with similar UAV platforms used in infrastructure 

inspection studies (Drone Pilot Ground School, 2024; Santos et al., 2024). High-resolution images and video were 

consistently captured, with more than 90% of the images rated as suitable for AI analysis based on clarity and 

minimal noise or distortion (Drone Pilot Ground School, 2024; Hepta Insights, 2025; Santos et al., 2024). This 

image quality enabled effective visual assessment of powerline components, including grids, insulators, and 

conductors, supporting comprehensive asset management and reducing the need for manual labor-intensive 

inspections (Drone Pilot Ground School, 2024; Hepta Insights, 2025). The system’s ability to highlight areas of 

interest, as indicated by green bounding boxes in the figures, facilitated rapid identification of healthy and 

potentially faulty components, streamlining the inspection workflow. 

5.2 Detection Accuracy and Performance 

The results align with global trends in UAV and AI adoption for infrastructure inspection, where similar systems 

have achieved high detection accuracy and operational efficiency (Chen et al., 2023; Mendu & Mbuli, 2025). The 

integrated Convolutional Neural Network (CNN) model achieved an average fault detection accuracy of 62% on 

the test dataset, with a low incidence of false positives and false negatives (Ning & Pei, 2024). This level of 

accuracy, while lower than some state-of-the-art models reported in the literature (which can exceed 90% under 

optimal conditions), reflects the challenges of working with a moderate-sized, real-world dataset, limited training 

data, environmental variability and a lightweight UAV platform. Nevertheless, the system’s robustness and real-

time performance are consistent with findings from pilot projects in other developing regions, such as Ghana and 

Brazil, where UAV-AI solutions have improved inspection frequency and reduced manual labour (Badra, 2025; 

Bungane, 2020). The model’s performance was consistent across various operational environments, demonstrating 

robustness in detecting a range of fault types such as insulator cracks, conductor sagging, and corrosion. 

5.3 Maintenance Scheduling Effectiveness 

The asset management system effectively leveraged the AI-driven fault detection results to schedule and prioritize 

maintenance activities. By assigning severity scores to detected faults and mapping their locations, the system 

ensured that high-risk sections of the powerline were addressed first, optimizing the allocation of maintenance 

resources and minimizing the risk of unplanned outages. This approach aligns with best practices in AI-based 

predictive maintenance, which emphasize proactive intervention based on real-time asset condition data (Leadvent 

Group, 2023). Over the course of the study, all logged faults were successfully incorporated into maintenance 

schedules, demonstrating the system’s capacity to support efficient and data-driven asset management. 

5.4 Limitations and Challenges 

Several limitations were encountered during the study. The use of the Tello drone, while cost-effective and agile, 

restricted the system to optical imagery and limited flight autonomy, particularly in windy conditions. This may 

limit the scalability of the approach to more complex or larger-scale grid environments (Drone Pilot Ground School, 

2024). The CNN model’s performance was constrained by the availability and diversity of annotated training 

images, a common challenge in African contexts where open-source datasets are scarce. Expanding the dataset 

could improve model accuracy and generalizability (Ning & Pei, 2024; Santos et al., 2024). Additionally, 

environmental factors such as lighting, weather, and vegetation density occasionally impacted image quality and 

detection reliability, especially in broader deployments (Drone Pilot Ground School, 2024; Santos et al., 2024). To 

mitigate these challenges, data augmentation techniques were employed to expand the training dataset, and flight 

paths were adjusted to avoid adverse weather. However, these solutions only partially addressed the underlying 

limitations, highlighting the need for larger, region-specific datasets and more robust UAV platforms for future 

deployments. 

5.5 Implications and Recommendations 

The successful implementation of this UAV-AI system demonstrates its potential to transform powerline inspection 

and maintenance practices in Zambia and similar settings. By enabling frequent, automated inspections and real-

time fault detection, the system can significantly reduce manual labor, enhance worker safety, and support predictive 

maintenance strategies. These improvements have direct implications for operational efficiency, cost reduction, and 

grid reliability; critical factors for sustainable infrastructure management in developing countries. For broader 

impact, it is recommended that future research focuses on: 

a) Integrating more advanced UAV platforms with enhanced flight autonomy and multi-sensor capabilities (e.g., 

thermal imaging, LiDAR). 

b) Exploring the use of transfer learning from larger, international datasets and the integration of additional sensors 

to enhance detection robustness. 
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c) Developing and sharing larger, annotated datasets of African powerline infrastructure to improve AI model 

performance and generalizability. 

d) Expanding the system to monitor other types of infrastructure, such as pipelines and bridges. 

e) Collaborating with local utilities and regulatory bodies to facilitate technology adoption and build technical 

capacity. 

 

6. Conclusions 

This study successfully demonstrated the feasibility of integrating UAVs and artificial intelligence for automated 

powerline inspection and predictive maintenance in a developing country context. The system achieved reliable 

image capture, real-time fault detection, and effective maintenance scheduling, supporting the hypothesis that UAV-

AI integration can address the limitations of manual inspection methods. The Tello drone proved to be a stable and 

reliable platform, consistently capturing high-quality images suitable for advanced AI analysis. The convolutional 

neural network (CNN)-based model achieved a 62% detection accuracy across a range of operational scenarios, 

effectively identifying key powerline components and common faults such as insulator damage, conductor sagging, 

and corrosion. Importantly, the asset management framework developed in this project enabled efficient 

prioritization and scheduling of maintenance activities, thereby supporting a predictive maintenance approach that 

can reduce operational costs, minimize unplanned outages, and extend the lifespan of critical infrastructure. 

 

While the study was limited by the UAV platform’s capabilities and the size of the training dataset, the results 

underscore the transformative potential of UAV-AI systems for infrastructure management in resource-constrained 

environments. The research highlights the need for continued investment in dataset development, UAV technology, 

and AI model refinement to further improve system performance. In conclusion, UAV-AI integration represents a 

promising pathway for modernizing powerline inspection and asset management, with significant benefits for 

operational efficiency, safety, grid reliability and proactive infrastructure maintenance in Zambia and developing 

regions.  
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