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Abstract 

The reliability of photovoltaic (PV) modules directly impacts energy yield and financial returns in 
utility-scale farms. Thermal imaging offers a non-contact means of detecting faults manifested as 
hotspots. This paper presents a Unmanned Ground Vehicle (UGV)-based inspection pipeline that 
integrates automated mission planning, adaptive camera orientation, systematic image capture, and 
CNN-based hotspot detection and classification. A unified pseudo-algorithm combines planning, 
control, and inference into a reproducible framework. 

1- Introduction 

Photovoltaic (PV) farms are expanding rapidly, yet their reliability directly determines energy yield 
and financial returns. Common faults, cracked cells, interconnect or bypass-diode failures, 
delamination, and soiling, reduce efficiency, pose safety risks, and typically appear as thermal 
hotspots detectable via infrared (IR) imaging [1]. According to energy reports, annual energy losses 
due to fault occurrences can be as high as 18.9% for domestic PV systems in the UK, underscoring 
the critical importance of reliable fault detection and maintenance [2]. Early thermal-based fault 
detection is thus essential to sustain yield, lower costs, and prevent accelerated aging or hazards 
[3, 4]. Manual IR scanning is labor-intensive, slow, error-prone, and infeasible at utility scale. These 
limitations have motivated robotic platforms, UAVs, and UGVs with IR cameras, LiDAR, and GPS, 
that provide systematic thermal capture with traceable metadata [3]. UAVs offer speed and coverage 
but are constrained by safety, endurance, and regulations, whereas UGVs such as the Husky 
Observer enable close-range and rear-side imaging for more comprehensive inspection [4]. 

Robotic systems for PV inspection have gained increasing attention, yet deployment at utility scale 
remains difficult [1, 5]. Environmental variability, panel tilt, sunlight dynamics, and uneven terrain 
complicate navigation and data capture, while reliable waypoint planning, coverage optimization, 
and synchronized imaging in a unified framework are still unresolved challenges [5]. Accurate fault 
detection further requires advanced image processing and deep learning, as manual thermal 
interpretation is slow and expertise-dependent [1]. To be practical, systems must achieve four goals: 
(i) automated mission planning from site layout and GPS bounds under time constraints; (ii) daytime 
inspections under electrical load, with panel orientations shifting on single-axis trackers; (iii) adaptive 
camera control for consistent front- and back-side imaging; and (iv) precise image–panel association 
to generate actionable outputs, including fault type, location, and optional QR-based identifiers [3]. 

Motivated by these challenges, this paper proposes a comprehensive UGV-based end-to-end 
pipeline, for the first time to the best of our knowledge, that automates mission planning from farm 
geometry, performs real-time orientation-aware, two-sided thermal capture, and applies CNN-based 
fault detection and classification. Each image is geo-referenced and linked to its panel, enabling 
complete fault records. A unified pseudo-algorithm integrates planning, adaptive capture, and ML-
based geolocation, and is readily reproducible within a Robotic Operation System (ROS) framework. 
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2- System Overview and Architecture 

2-1- Hardware Setup. The system uses a Husky Observer UGV with a thermal camera on a pan–
tilt gimbal, onboard computer, GPS/IMU, and a camera server link (Figure 1). A portable Ground 
Control Station (GCS) enables rapid mission setup, route upload, and live monitoring. 

2-2- Software Framework. Mission execution is managed by a ROS-based system handling 
navigation, gimbal control, and metadata logging. Routes are generated automatically from site files 
(CSV, maps, or GPS bounds) with <10% overlap and minimal manual input. The camera server 
acquires real-time images synchronized with pose data. A pretrained VGG-16 CNN performs hotspot 
detection and classification, with results stored in a geospatial database for fault localization and 
maintenance use. 

 

Figure 1. Husky observer UGV (left) and GCS (right) 

2-3- Workflow. 

• Mission Planning and Deployment 

Waypoint Generation: Waypoints are auto-generated from site maps or GPS bounds to ensure <10% 
overlap. The planner defines row corridors from site geometry and obstacles, then applies a zigzag 
strategy to reduce deadhead time. Capture points are placed at fixed intervals (e.g., 2 m) with 
annotated backside orientation. 

Sun-Aware Planning: Since inspections must occur under electrical load, missions are scheduled in 
daylight. Solar azimuth and elevation predict tracker tilt, informing (i) gimbal orientation, (ii) robot 
speed and capture timing, and (iii) imaging order for consistent thermal contrast. 

Ground Control Station (GCS): The portable GCS enables mission setup in <5 minutes and provides 
planning, monitoring, and control. Before execution, it compiles and uploads missions, enforces safe 
speeds and dwell times, and checks camera connectivity. GPS accuracy checks to mitigate the drift 
and ensure waypoint precision. 

Obstacle Handling: Known obstacles are pre-encoded, while LiDAR detects unexpected ones; the 
onboard planner replans in real time to avoid hazards and resume the route, ensuring safe and 
complete inspections. 

• Camera Orientation in Single-Axis Tracking Systems 

In single-axis tracking systems, PV panels rotate about a north–south axis, tilting east in the morning, 
leveling at noon, and tilting west in the afternoon. Static camera orientations are therefore unsuitable, 
requiring dynamic gimbal control based on panel tilt, robot heading, and solar position. 

Orientation Control: The gimbal is governed by two rules: 

𝜃𝑝𝑖𝑡𝑐ℎ = 90∘ − 𝜃𝑡𝑖𝑙𝑡, 𝜃𝑦𝑎𝑤 = {
−90∘, 𝑖𝑓 𝑏𝑎𝑐𝑘 𝑠𝑖𝑑𝑒 𝑓𝑎𝑐𝑒𝑠 𝑟𝑖𝑔ℎ𝑡 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑡𝑜 𝑟𝑜𝑏𝑜𝑡 ℎ𝑒𝑎𝑑𝑖𝑛𝑔 
+90∘, 𝑖𝑓 𝑏𝑎𝑐𝑘 𝑠𝑖𝑑𝑒 𝑓𝑎𝑐𝑒𝑠 𝑟𝑖𝑔ℎ𝑡 𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑡𝑜 𝑟𝑜𝑏𝑜𝑡 ℎ𝑒𝑎𝑑𝑖𝑛𝑔

. 

This ensures the panel's back side, which always faces away from the sun, is consistently imaged. 

Integration and Two-Sided Capture: Traversal direction resolves left/right assignment, refined with 
GPS, odometry, and solar azimuth. At each capture point, the gimbal first images the back side, then 
rotates to capture the front or adjacent surface. 
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Tilt Estimation: Panel tilt is estimated hierarchically: (i) tracker controller API (preferred), (ii) solar 
azimuth model, or (iii) onboard inclinometer. 

To our knowledge, two-sided capture in single-axis tracking farms has not been widely reported. 
Capturing both front and back surfaces provides a practical advantage, as certain hotspot faults 
manifest predominantly on the shaded rear side. 

• Image Capture and Data Management 

Geo-Referencing: Each thermal image is tagged with GPS, timestamp, robot pose, sun angles, panel 
tilt, and gimbal orientation, ensuring reproducibility for ML training and diagnostics. 

Panel Association: Images are mapped to panel footprints via corridor index, row ID, and along-row 
distance. Hotspots are reported as panel ID/coordinates and fault type, enabling precise work orders. 

Data Storage: Images and metadata (JSON/EXIF) are stored in structured form for ML, evaluation, 
and Computerized Maintenance Management Systems (CMMS) integration. 

Quality Control: This validates panel centering, prevents collisions, and ensures metadata 
consistency, reducing post-processing effort. 

Asset Binding: When available, QR codes are decoded and embedded into metadata, linking thermal 
evidence to physical assets for CMMS import. 

Fault Detection: Faults are classified with a fine-tuned 16-layer VGG-16 CNN pretrained on 
ImageNet. Normalized thermal crops of hotspots yield masks and fault-type classes. Although a fine-
tuned VGG-16 CNN is used here, recent advances such as HOTSPOT-YOLO provide stronger 
accuracy for PV hotspot detection and could be readily incorporated into the pipeline [6]. 

Dataset Preparation: Training data combines public PV IR datasets and field captures, with 
annotated hotspot polygons tied to geo-referenced panel locations. 

Pipeline Integration: Inference outputs are packaged with metadata (GPS, panel ID, asset ID) into 
complete maintenance records. 

3- Proposed Integrated Pipeline 

We present a pipeline integrating mission planning, adaptive camera orientation, thermal capture, 
and ML-based fault classification. Compared to manual IR scanning, the proposed UGV-based 
pipeline reduces inspection time by an order of magnitude, and preliminary trials indicate higher fault 
localization consistency due to geo-referenced capture and two-sided imaging. Designed for 
automation and scalability, it ensures <10% overlap, gimbal stabilization, and safety checks. The 
pipeline is shown in Figure 2. 

4- Conclusion 

This work introduced an integrated, sun-aware robotic pipeline for PV inspection that (i) generates 
mission plans from site geometry for daytime operation, (ii) adaptively captures both sides of single-
axis tracking modules, and (iii) outputs fault type, location, and asset ID through CNN-based 
analysis. A unified pseudo-algorithm demonstrates how planning, control, capture, and ML reporting 
can be combined into a reproducible framework, enabling scalable, data-driven O&M. A limitation is 
that the CNN backbone is pretrained on ImageNet, which may not fully represent PV thermal 
imagery. While fine-tuning with domain-specific data mitigates this, performance under highly 
variable field conditions remains an area for future validation. While the current implementation 
employs a VGG-16 backbone for hotspot detection, emerging alternatives such as HOTSPOT-YOLO 
offer superior performance on thermal PV datasets and represent a promising direction for 
integration within the proposed pipeline. Future extensions target greater scalability and autonomy, 
including adaptation to multi-axis trackers, cooperative UAV–UGV inspection, and full navigation 
beyond waypoints. Real-time inference for immediate fault alerts, inline quality validation, and 
adaptive imaging protocols will further enhance robustness. Longer-term directions include auto-
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charging docks, scheduled re-inspections for drift analysis, and public release of curated datasets 
for reproducibility and broader adoption. As this paper primarily introduces the integrated pipeline, 
we focus on system design rather than detailed experimental results.  
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Figure 2. Proposed Pipeline (top) and Input/output list (bottom) 
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