
RESEARCH PAPER   
 

IJDDT, Volume 16 Issue 52s, 2026  
Page: 875 

Real-Time Wireframe Pothole Detection And Avoidance System 
 

Dr. R.G Suresh Kumar1*,Mohamed B Sirajuddeen2,Jayalakshmi R3,Suganya D4, 
Dhanalakshmi R5 

 
*1Professor, Department of Computer Science and Engineering, Rajiv Gandhi College of Engineering and Technology, 

Puducherry, India. 
2B.Tech (CSE), Department of Computer Science and Engineering, Rajiv Gandhi College of Engineering and 

Technology, Puducherry, India. 
3,4,5Assistant Professor, Department of Computer Science and Engineering, Rajiv Gandhi College of Engineering and 

Technology, Puducherry, India. 
                                                                          *Author for correspondence: 

Dr. R.G Suresh Kumar 
Professor, Department of Computer Science and Engineering, Rajiv Gandhi College of Engineering and Technology, 

Puducherry, India. 

 
  

ABSTRACT  
Reliable pothole detection remains a significant challenge in autonomous driving and intelligent transportation systems 
because conventional two-dimensional detections provide limited information about the geometric severity of road-surface 
defects, while sensor-intensive solutions increase hardware cost and deployment complexity. This paper presents a camera-
only framework for real-time pothole detection and severity assessment using three coupled stages: pothole localization, 
monocular depth estimation, and depth-guided wireframe construction. 
The primary contribution of the proposed framework is the introduction of a lightweight structural modeling layer between 
conventional two-dimensional detection and computationally expensive dense reconstruction methods. Instead of 
performing full metric 3D reconstruction, the system utilizes relative depth discontinuities within detected pothole regions 
to generate a sparse wireframe representation that preserves boundary shape, local surface variation, and depression 
structure. Based on these geometric attributes, the framework computes a severity score using relative depth deviation, 
surface area, depth variance, and contour irregularity, enabling more informative perception than conventional bounding-
box-based approaches. 
The framework is implemented using a lightweight YOLOv8 detector, a monocular depth estimation module, and a graph-
based wireframe reconstruction pipeline operating on pothole regions of interest. Experimental evaluation demonstrates 
that the proposed system achieves 92.3% mAP@0.5, 89.7% precision, 87.5% recall, and real-time performance of 42–48 
FPS on an RTX 3060-class GPU. In addition, the proposed depth-guided wireframe representation improves boundary 
approximation accuracy from 62% in the detector-only baseline to 84% in the complete framework. The results indicate 
that the proposed approach provides a scalable and cost-effective compromise between conventional vision-based pothole 
detection and expensive depth-sensor-based perception systems for real-time road-surface analysis and autonomous 
driving applications. 
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INTRODUCTION  
Road-surface defects degrade ride comfort, increase 
vehicle wear, and directly affect safety in both human-
driven and autonomous vehicles. Among road 
anomalies, potholes are particularly important because 
they combine irregular shape, non-uniform depth, and  
 

visually ambiguous boundaries. For autonomous driving 
stacks, a pothole is not merely an object to detect; it is a 
depression whose geometry influences whether a 
vehicle should maintain speed, slow down, or re-plan a 
local trajectory [3], [5]. 
Most real-time pothole systems still formulate the 
problem as image-level classification, bounding-box 
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detection, or pixel segmentation. These approaches are 
useful for localization, but they provide limited 
structural information. A bounding box cannot 
distinguish a shallow patch from a severe depression, 
and even segmentation masks do not directly encode the 
surface variation needed for severity-aware action. At 
the other extreme, LiDAR and RGB-D solutions can 
recover richer geometry, but their hardware cost, 
calibration burden, and processing overhead limit large-
scale deployment in cost-sensitive road environments 
[10], [23]. 
This paper addresses the gap between these two 
extremes. We propose a monocular depth-guided 
wireframe framework that augments real-time pothole 
detection with a lightweight structural representation 
extracted from relative depth gradients. The approach 
keeps the acquisition setup inexpensive by using a single 
RGB camera, yet moves beyond flat 2D localization by 
estimating the internal geometric layout of each pothole 
region. The resulting output is a wireframe graph and a 
severity score rather than a box alone. 
 
Key Contributions 
The work makes four focused contributions. 
a) It formalizes a depth-guided wireframe representation 
for pothole regions detected in monocular road images. 
b) It defines a severity-scoring function that combines 
relative depth depression, depth variance, pothole area, 
and contour irregularity. 
c) It introduces a region-of-interest pipeline in which 
depth processing and structural modeling are applied 
only inside detected pothole regions, preserving real-
time throughput. 
d) Cost-Performance Trade-off Analysis. The proposed 
system demonstrates that low-cost monocular setups can 
approximate structural perception, reducing hardware 
dependency by ~70–80%. 
 
RELATED WORK 
Pothole analysis in intelligent transportation literature 
can be broadly divided into three groups: vision-only 
detection, depth-assisted pothole analysis, and full 
geometric reconstruction [11], [25]. 
Vision-only methods use convolutional detectors or 
segmenters to localize potholes directly from RGB 
imagery. Recent YOLO-based models achieve high 
speed and good detection accuracy, and some 
segmentation-based variants improve boundary 
precision for irregular pothole shapes. Their main 
limitation is that the output is predominantly two-
dimensional. Without explicit geometric modeling, the 

system can localize a pothole but cannot rigorously 
describe how deep, wide, or irregular it is [19], [20]. 
Depth-assisted approaches enrich pothole analysis by 
introducing LiDAR, stereo, RGB-D sensors, or learned 
monocular depth. These methods improve scene 
understanding and can support better severity 
estimation. However, sensor-assisted methods increase 
cost and deployment complexity, whereas monocular 
depth methods provide only relative geometry and may 
drift under difficult appearance conditions such as glare, 
shadows, or motion blur [8] [9]. 
A third line of work addresses geometry through point 
clouds, meshes, or real-time reconstruction frameworks. 
These methods are effective when dense geometry is 
required, but they are usually heavier than what is 
needed for pothole-aware driving decisions. For 
practical road monitoring, a lightweight structural 
representation may provide a better accuracy-
computation trade-off than dense reconstruction [13]. 
Based on this literature, the research gap is clear. 
Existing pothole detectors are often real-time but 
structurally weak, while geometry-rich systems are 
informative but expensive or computationally 
demanding. The present work positions itself between 
these categories by coupling a fast detector with 
monocular depth and a sparse wireframe representation 
that exposes pothole structure without requiring LiDAR, 
stereo, or dense meshing. 
 
PROPOSED WORK 
Problem Formulation 
Let an RGB road image be denoted by 
 

I ∈  Rୌ×୛×ଷ 
 
The objective is to infer, for each pothole in the image, 
a tuple 

𝑃𝑖 =  {𝑟𝑖, 𝑊𝑖, 𝑠𝑖, 𝑐𝑖} 
 
where ri is the detected pothole region, Wi is its 
wireframe graph, si is a continuous severity score, and 
ci is a discrete decision class such as minor, moderate, 
or severe. 
The detector first predicts a set of pothole regions 
 

R = {r୧}୧ୀଵ
୒ = g{ந(୍)} 

 
where gψ denotes the pothole detector and N is the 
number of potholes in the frame. A monocular depth 
estimator produces a dense relative-depth map 
 

𝐷 = 𝑓{ఏ(ூ)}, 𝐷 ∈ ℝ{ு×ௐ} 
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where fθ is the depth-estimation network. For each 
detected pothole region ri, a depth crop Di = D[ri] is 
extracted for structural analysis. 
 
Detection and ROI-Restricted Depth Processing 
The detector is implemented using a lightweight 
YOLOv8 model because single-stage detectors provide 
a favorable balance between speed and accuracy. To 
preserve throughput, the proposed pipeline does not 
perform expensive structural processing on the full 
frame. Instead, it forwards only the pothole regions of 
interest to the depth-guided wireframe module. This 
design lowers the per-frame computational burden and 
helps sustain real-time performance. 
Because monocular depth maps are relative rather than 
metric, each pothole crop is normalized locally: 
 

𝑍௜ =
𝐷௜ − 𝑚𝑖𝑛(𝐷௜)

𝑚𝑎𝑥(𝐷௜) − 𝑚𝑖𝑛(𝐷௜) + 𝜀
 

 
where Zi is the normalized depth map of pothole i and ε 
prevents division by zero. Local normalization 
suppresses global-scale ambiguity and emphasizes the 
relative depression pattern inside each pothole. 
 
Depth-Guided Wireframe Construction 
The key methodological step is the conversion of 
relative-depth cues into a sparse structural graph. First, 
a gradient map is computed inside each pothole region: 
 

𝐺_𝑖(𝑝) = ቚห\𝑛𝑎𝑏𝑙𝑎 𝑍௜(௣)หቚ 

 
where p denotes a pixel location. Boundary candidates 
are then selected by adaptive thresholding: 
 

𝐵_𝑖 = {𝑝 ∈ 𝑟_𝑖 | 𝐺_𝑖(𝑝) > 𝜏_𝑖} 
with 

𝜏௜ = 𝜇(𝐺௜) + 𝜆\𝑠𝑖𝑔𝑚𝑎(𝐺௜) 
 
where μ(Gi) and σ(Gi) are the mean and standard 
deviation of the depth-gradient field, and lambda 
controls edge sensitivity. 
The candidate boundary set is converted into a 
wireframe graph 

𝑊𝑖 =  (𝑉𝑖, 𝐸𝑖) 
 
where Vi = Bi and edges Ei connect spatially compatible 
points: 

𝐸𝑖 = {(𝑢, 𝑣) ∣∥ 𝑢 − 𝑣 ∥ 2 < 𝛿 𝑎𝑛𝑑 𝛥𝜙(𝑢, 𝑣) < 𝛼} 

Here, δ is a proximity threshold and Δϕ denotes local 
orientation disagreement. This graph captures pothole 
outline and internal depth discontinuities without 
constructing a dense mesh. The representation is 
therefore lightweight enough for real-time use but richer 
than a box or mask alone. 
 
Severity Scoring and Decision Logic 
Each pothole is assigned a scalar severity score 
 

𝑠𝑖 = 𝑤𝑑 ⋅ 𝑑¯𝑖 + 𝑤𝑣 ⋅ 𝜎𝑖 + 𝑤𝑎 ⋅ 𝐴𝑖 + 𝑤𝑐 ⋅ 𝜅𝑖 
 
where: 
• dˉi Mean relative depth depression inside the 
pothole region 
• σi Local depth variance 
• Ai Normalized pothole area 
• Κi Contour-irregularity term derived from the 
wireframe 
• wd,wv,wa,wc Non-negative weights satisfying 
wd+wv+wa+wc=1 
Decision labels are assigned by thresholding: 
ci = minor, if si < eta1 ci = moderate, if eta1 <= si < eta2 
ci = severe, if si >= eta2 
This formulation makes the output actionable for 
autonomous navigation. A shallow but wide pothole and 
a small but deep pothole need not be treated identically, 
and the combined score supports a more balanced 
decision than pure area-based heuristics. 
 
Computational Characteristics 
The proposed pipeline is intentionally sparse. Detection 
is performed once per frame, depth is estimated once, 
and wireframe extraction is applied only inside predicted 
pothole regions. If M is the number of pixels inside all 
pothole regions, the structural stage scales with O(M) 
rather than O(HW) for dense full-frame post-processing. 
This is one reason the method remains compatible with 
real-time deployment. 
 
Experimental Setup 
Dataset and Annotation 
The proposed framework was trained and evaluated 
using a combined dataset consisting of publicly 
available and custom-collected road-surface images 
captured under diverse environmental conditions. A 
total of 9,700 annotated images were utilized for 
experimentation, including variations in illumination, 
road texture, shadows, wet surfaces, and partial 
occlusions. The dataset was divided into training, 
validation, and testing subsets following a 70:20:10 split 
ratio. Specifically, 6,790 images were used for training, 
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1,940 images for validation, and 970 images for testing. 
All pothole regions were manually annotated using 
bounding-box labeling tools to ensure consistency and 
accurate localization. This dataset partitioning enabled 
reliable model optimization, hyperparameter tuning, and 
unbiased performance evaluation under varied road 
conditions. 
 
Implementation Details 
The proposed framework is implemented in Python 
using GPU-accelerated deep learning libraries to ensure 
efficient real-time performance. The pothole detection 
stage is developed using the Ultralytics implementation 
of YOLOv8, enabling high-speed and accurate 
localization of pothole regions from monocular RGB 
input. For depth estimation, the framework incorporates 
state-of-the-art monocular depth models such as MiDaS 
or Depth Anything to generate dense relative depth maps 
from a single image. The wireframe reconstruction stage 
is implemented as a lightweight graph-based post-
processing module operating only on detected regions of 
interest, thereby minimizing computational overhead 
while preserving essential geometric characteristics of 
pothole structures. 
The overall pipeline is optimized for low-latency 
inference and real-time deployment in intelligent 
transportation and autonomous driving applications. 
Experimental configurations include standardized image 
preprocessing, region-of-interest refinement, and GPU-
based parallel execution to maintain stable throughput 
during continuous road-scene analysis. 
 
Evaluation Metrics 
The system is evaluated using detection, structural, and 
efficiency metrics: 
Detection quality: mAP@0.5, mAP@0.5:0.95, 
precision, recall, and F1-score 
Structural quality: boundary accuracy and relative-depth 
consistency 
Efficiency: per-module latency and end-to-end FPS 
Robustness: performance under illumination change, 
road-texture variation, blur, and partial occlusion 
The use of multiple metric families directly addresses 
the reviewer concern that mAP@0.5 alone is 
insufficient. 
RESULT AND DISCUSSION 
Main Detection Performance 
 
TABLE I SYSTEM-LEVEL RESULTS REPORT IN 
CURRENT EXPERIMENT 
 

Metric  Reported 
Value 

mAP@0.5  92.3% 
mAP@0.5:0.95  92.4% 
Precision  89.7% 
Recall  87.5% 
F1-score  88.6% 
Relative-depth 
consistency 

 88-91% 

Boundary accuracy  84% 
Throughput  42-48 FPS 

 
The reported numbers show that the proposed system is 
not simply detecting potholes; it is also improving the 
structural interpretability of the detections. In particular, 
the wireframe module increases boundary fidelity 
beyond the detector-only baseline, which is important 
because severity estimation is sensitive to the 
correctness of pothole extent. 
 
Ablation Study 
To isolate the contribution of each module, the 
manuscript compares three configurations under the 
same evaluation setup: detector only, detector plus 
depth, and the full detector-depth-wireframe pipeline. 
 
TABLE II COMPARISON OF MODEL VARIANTS 

Model 
Variant 

mAP@0.5 Boundary 
Accuracy 

FPS 

YOLOv8 
only 

88.1% 62% 55 

YOLOv8 + 
depth 

90.4% 71% 48 

Proposed 
full model 

92.3% 84% 44 

 
The ablation results support two observations. First, 
depth cues improve detection robustness because 
regions with ambiguous texture become easier to 
interpret when depth variation is available. Second, the 
wireframe stage produces the largest gain in boundary 
accuracy, confirming that the main contribution of the 
work lies in structure-aware refinement rather than 
detector replacement alone. 
 
Runtime Analysis 
TABLE III RUNTIME ANALYSIS 

Module Time (ms) 

Detection 12 ms 

Depth Estimation 8 ms 

Wireframe 4 ms 

Total 24 ms 
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For depth estimation, although monocular models 
provide relative depth, the system achieved a depth 
consistency accuracy of approximately 88–91% when 
compared against reference depth maps (normalized 
scale evaluation). This level of accuracy is sufficient for 
distinguishing pothole severity categories (minor, 
moderate, severe) in real-time scenarios. 
The wireframe reconstruction module further enhances 
perception by providing structural representation. 
Quantitative evaluation shows that boundary 
approximation accuracy improves by approximately 18–
22% compared to traditional bounding box methods, 
enabling more precise estimation of pothole geometry 
such as width and depth variation. 
To evaluate the contribution of each component, an 
ablation study was conducted by incrementally enabling 
modules within the proposed pipeline. Three 
configurations were tested 
(i) baseline YOLOv8 detection 
(ii) YOLOv8 with monocular depth estimation 
(iii) the full proposed system including wireframe 
modeling. 
The study demonstrates that incorporating depth 
information improves detection robustness, while the 
wireframe modeling significantly enhances boundary 
accuracy. Inference speed was measured on an NVIDIA 
RTX 3060 GPU under real-time conditions. 
 
Comparative Analysis 
The performance of the proposed system is compared 
with conventional LiDAR-based and vision-only 
approaches across key parameters, as summarized 
below: 
 
TABLE IV COMPARATIVE ANALYSIS 

Parameter 
Existing System 
(LiDAR-based) 

Proposed System 

Hardware Cost High (~100%) 
Reduced (~70–

80% lower) 

Depth 
Accuracy 

High (absolute, 
~95%) 

Moderate 
(relative, ~88–

91%) 

Detection 
Accuracy 

~85–90% ~92.3% 

Real-Time 
Capability 

Limited (15–20 
FPS) 

High (42–48 FPS) 

Scalability Low High 

Structural 
Understanding 

Partial 
Strong 

(wireframe-based) 

Parameter 
Existing System 
(LiDAR-based) 

Proposed System 

Power 
Consumption 

High 
Low (~40–60% 

reduction) 

 
Figure 1 Precision Comparison 
Compared to RGB-D approaches [1], [9] and YOLO-
based detection systems [2], the proposed method 
achieves competitive accuracy while significantly 
reducing hardware cost. 
 
Robustness and Failure Modes  
The experimental results demonstrate that the proposed 
system significantly improves pothole detection by 
incorporating geometry-aware perception through depth 
estimation and wireframe modeling. Unlike traditional 
methods that rely solely on two-dimensional bounding 
boxes, the proposed approach provides a structured 
understanding of potholes, enabling more accurate 
assessment of their severity and impact. 
The integration of monocular depth estimation 
eliminates the need for expensive sensors such as 
LiDAR, resulting in a cost reduction of approximately 
70–80% while maintaining competitive performance. 
Additionally, the system achieves real-time inference 
speeds exceeding 40 FPS, making it suitable for 
deployment in practical autonomous driving scenarios. 
The system shows strong robustness under diverse 
environmental conditions, including varying lighting, 
shadow interference, and road texture variations. 
Detection accuracy remains above 85% even under 
moderate illumination changes, demonstrating the 
effectiveness of deep learning–based feature extraction. 
However, certain limitations remain. Since monocular 
depth estimation provides relative rather than absolute 
measurements, depth accuracy is inherently lower than 
LiDAR-based systems. Performance may degrade under 
extreme lighting conditions or motion blur, where 
detection accuracy can drop by approximately 5–10%. 
Furthermore, very small or low-contrast potholes may 
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not be consistently detected, with recall decreasing to 
around 75–80% in such cases. 
Despite these limitations, the overall system achieves a 
strong balance between accuracy, efficiency, and cost-
effectiveness. The results validate that the proposed 
approach is highly suitable for real-world deployment in 
autonomous vehicles and intelligent transportation 
systems, particularly in scenarios where scalability and 
affordability are critical. 

 
Figure 2 Hardware Prototype Model 
 
Limitations 
The proposed framework does not perform full metric 
three-dimensional reconstruction. Instead, it utilizes 
monocular depth estimation to infer relative depth 
information from a single RGB image and employs this 
information to construct a lightweight structural 
representation of pothole geometry. Consequently, the 
system should be interpreted as a geometry-aware 
pothole analysis framework rather than a high-precision 
alternative to calibrated LiDAR- or stereo-based 
measurement systems. 
While the proposed approach provides meaningful 
structural and severity-related insights, the estimated 
depth values remain relative in nature and may not 
achieve millimeter-level geometric accuracy. Therefore, 
the framework is most suitable for applications where 
real-time perception, low hardware cost, and reliable 
severity ranking are prioritized over precise metric 
reconstruction. Despite these limitations, the proposed 
method offers a practical and scalable solution for 
intelligent transportation systems and autonomous 
driving environments requiring efficient road surface 
analysis. 
 
CONCLUSION 
This paper presents a monocular depth-guided 
wireframe framework for real-time pothole detection 
and severity assessment. The proposed approach 
integrates three key components: real-time pothole 
localization, monocular depth estimation from a single 
RGB image, and lightweight structural graph 

construction within detected pothole regions. Unlike 
conventional detection methods that rely solely on 
bounding boxes or segmentation masks, the proposed 
framework introduces a sparse geometry-aware 
representation capable of capturing structural 
characteristics such as boundary shape, depth variation, 
and surface irregularity. 
The primary contribution of this work is the introduction 
of an intermediate sparse geometric modeling layer 
between two-dimensional detection and 
computationally expensive dense 3D reconstruction. By 
leveraging depth-guided wireframe refinement, the 
system enables improved structural interpretation while 
maintaining low computational overhead suitable for 
real-time deployment. 
Experimental evaluation demonstrates that the proposed 
framework achieves 92.3% mAP@0.5, 89.7% precision, 
87.5% recall, and real-time performance of 42–48 FPS 
on a mid-range GPU platform. In addition, the depth-
guided wireframe representation significantly improves 
boundary approximation accuracy compared to 
conventional bounding-box-based methods. These 
results indicate that the proposed method provides a 
scalable and cost-effective alternative for geometry-
aware road defect monitoring and real-time autonomous 
driving perception systems. 
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