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ABSTRACT

Lane detection is an important perception module in advanced driver-assistance and autonomous driving because it helps a
vehicle interpret road geometry and remain centered within the lane. This paper presents a compact lane detection pipeline
developed in Python with OpenCV using classical image-processing techniques. The method processes each video frame in
sequence and applies grayscale conversion, Gaussian smoothing, Canny edge detection, a region-of-interest mask, and
Probabilistic Hough Transform line extraction. The detected segments are separated into left- and right-lane candidates using
slope-based rules, averaged to reduce noise, and drawn on the original frame to create an annotated road view. The system was
tested on real driving video captured from a front-facing camera under normal daylight conditions. The results indicate that the
approach performs well on straight roads and moderate curves when lane markings are visible, but its robustness decreases
under shadows, glare, faded paint, and partial occlusion. Because the pipeline is lightweight, deterministic, and capable of near
real-time execution on standard hardware, it is a useful baseline for educational and prototype intelligent transportation systems.
The paper also discusses the problem context, design objectives, implementation steps, results, limitations, and future extensions
such as adaptive thresholding, temporal tracking, and learning-based lane recognition.
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1. INTRODUCTION

1.1 Background

Lane detection is one of the foundational perception tasks in intelligent transportation systems. It supports lane departure warning,
lane keeping assistance, driver monitoring, and trajectory planning in semi-autonomous and autonomous vehicles. Accurate lane
localization helps a system estimate its position relative to the lane center and react sooner to unsafe drift. In practice, however, lane
markings are affected by shadows, weather, worn paint, road curvature, motion blur, and surrounding traffic. These conditions make
lane detection a useful benchmark for evaluating how well a vision pipeline can interpret raw road video frame by frame.

1.2 Problem Statement

The main problem addressed in this work is to identify the left and right lane boundaries from a forward-facing camera stream and
display them on the road image with minimal delay. The output should remain visually stable, easy to understand, and suitable for
near real-time use on standard computing hardware. The system must also limit false detections caused by road edges, shadows,
nearby vehicles, and background structures. The aim is not only to demonstrate lane extraction, but also to build a clear and
reproducible baseline that can be extended later using machine learning or sensor-fusion methods.

1.3 Motivation and Contribution

The motivation for this work is road safety. A vehicle that can detect lane position reliably can support drivers who are fatigued,
distracted, or operating in difficult traffic conditions. The contribution of the project is a complete lane detection pipeline
implemented with commonly available Python libraries. Instead of relying on large annotated datasets or GPU-heavy models, the
system uses deterministic image-processing steps that are easy to understand, debug, and deploy. This makes the work suitable for
academic study and for small-scale prototype development.

2. LITERATURE REVIEW

2.1 Classical Edge-Based Approaches

Early lane detection methods typically relied on gradients, edges, and geometric line extraction. Their basic assumption is that lane
markings create strong intensity transitions relative to the road surface. Canny edge detection is widely used in such systems because
it suppresses weak noise while preserving prominent contours, and its thresholds can be tuned for different scenes. On structured
highway footage, these approaches often perform well because lane markings appear long, thin, and approximately linear in the
camera view.

2.2 Hough Transform and Geometric Fitting

After edge extraction, many classical systems apply the Hough Transform to convert edge points into line segments. The
probabilistic variant is attractive for real-time use because it returns only the most relevant segments instead of building a dense
accumulator.
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Once candidate segments are found, slope-based grouping and coordinate averaging are used to generate a stable final lane estimate.

This combination of edge detection, line extraction, and line fitting is computationally inexpensive and remains a strong baseline

for clean road scenes.

2.3 Deep Learning and Hybrid Trends

Recent work has increasingly moved toward convolutional neural networks and hybrid lane-segmentation systems. Deep learning

methods can learn lane appearance under night driving, shadows, rain, and complex lane geometries, but they depend on training

data, careful annotation, and higher computation. Hybrid approaches try to combine the efficiency of classical methods with the

adaptability of learning-based models. Even so, a simple classical pipeline is still valuable because it offers transparency, easier

debugging, and a clear benchmark for comparison with more advanced models.

2.4 Why the Classical Pipeline Still Matters

The classical pipeline used in this project is useful because it exposes the full decision path: every detected lane line can be traced

back to the exact frame, edge map, and Hough segment that produced it. That level of interpretability is difficult to achieve in many

deep learning systems, where intermediate reasoning is hidden inside learned feature maps. For educational use, the classical method

also helps students understand how preprocessing, threshold tuning, and geometric fitting interact. In practice, this makes the system

a practical starting point for experiments and comparisons.

Another advantage of the classical approach is deployment simplicity. Since the implementation depends on standard Python and

OpenCV functions, it can run on ordinary laptops without specialized accelerators. This makes it suitable for laboratory

demonstrations, project courses, and low-cost prototypes. The method therefore serves not only as a technical baseline, but also as

a teaching tool that can later be extended with deep learning, temporal tracking, or sensor fusion.

3. METHODOLOGY AND SYSTEM DESIGN

3.1 Overall Pipeline

The proposed lane detection system follows a sequential image-processing pipeline. Each input frame is first read from the video

stream and simplified through preprocessing. The road region is then isolated, strong edges are extracted, and line segments are

classified into left and right lane candidates. Finally, representative lane lines are generated and drawn back onto the original frame.

The modular structure makes the algorithm easy to maintain and allows each stage to be improved independently.

3.2 Preprocessing

Preprocessing begins with grayscale conversion so that unnecessary color information is removed and computation is reduced.

Gaussian blur is applied next to suppress random noise and small texture details on the road surface. The Canny edge detector is

then used to identify strong intensity changes that correspond to lane boundaries or road edges. This step is important because the

quality of the edge image directly affects the final lane output.

3.3 Region of Interest and Line Extraction

A polygonal region-of-interest mask is applied to retain only the part of the image where lane markings are expected to appear. This

significantly reduces background interference from buildings, trees, sky, and objects outside the roadway. The masked edge image

is then processed with the Probabilistic Hough Transform, which returns candidate line segments. These segments are filtered by

slope and grouped into left- and right-lane classes, allowing the algorithm to ignore unrelated road cracks or non-lane edges.

3.4 Step-by-Step Execution

The execution flow can be summarized as follows. First, a frame is captured from the input video. Second, the frame is converted

to grayscale and smoothed using Gaussian blur. Third, the Canny detector identifies visible edges. Fourth, a region of interest is

applied so that only the road zone remains. Fifth, Hough line extraction collects candidate road segments. Sixth, the segments are

split into left and right lanes using slope values. Seventh, the lane coordinates are averaged to produce one stable line for each side.

Eighth, these lines are drawn on the original frame. Finally, the processed frame is displayed or saved as part of the output video.
Table-1: Key processing stages and their role in the detection pipeline

Stage Purpose Effect

Grayscale conversion | Reduce channel complexity | Simplifies the frame
Gaussian blur Suppress noise Improves edge stability
Canny edge detection | Find strong contours Highlights lane boundaries
ROI masking Focus on road area Cuts false detections
Hough Transform Detect line segments Extracts lane candidates
Slope averaging Combine segments Produces smooth lane lines

3.5 Implementation Notes

The implementation is written in Python 3.x using OpenCV and NumPy. OpenCV provides video capture, filtering, edge detection,
and line-drawing utilities, while NumPy supports array handling and line fitting. The project is organized into small reusable
functions so that each stage can be tested independently. During development, thresholds and geometry settings were tuned by
inspecting intermediate outputs, which made it easier to identify whether a failure came from preprocessing, edge detection, or line
fitting.

4. RESULTS AND DISCUSSION

4.1 Observed Behavior

The system produced reliable lane overlays on road videos recorded in normal daylight with clearly visible lane markings. On
straight road segments, the detected left and right lane lines closely matched the actual road boundaries. On moderately curved
roads, line averaging helped the system remain visually stable even when the raw Hough output contained several short segments.
The output video was smooth enough to demonstrate near real-time processing on standard laptop hardware.

4.2 Performance Summary

Performance decreased in scenes with shadows, faded lane paint, reflections, and nearby vehicles that partially occluded the
roadway. In those cases, the Canny detector sometimes extracted extra segments or missed one side of the lane. Even so, the system
remained useful because the final lane visualization was still understandable in many difficult frames. The results show that
preprocessing quality and ROI selection play a major role in overall pipeline accuracy.
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4.3 Quantitative Snapshot
The sample videos suggest that the algorithm processed full-HD footage at roughly 15 to 20 frames per second on a standard laptop
CPU. Manual inspection of clear sample frames indicated lane detection accuracy of about 93 percent, with precision near 92 percent
and recall near 91 percent. These values are consistent with a strong baseline system: it is fast, repeatable, and effective when the
road scene has visible markings and limited visual clutter.

Table-2: Practical evaluation of the implemented lane detection system
Metric Observed Result
Input video resolution 1920 x 1080
Source video frame rate | 30 FPS

Processing speed Approximately 15-20 FPS
Lane detection accuracy | About 93% on clear frames
Precision About 92%

Recall About 91%

Fl-score About 0.915

4.4 Failure Cases and Diagnostics
The most common failure cases were caused by strong shadows, low-contrast lane paint, and objects crossing the lane area. In such
frames, the Canny detector often extracted extra edges from road texture or vehicle outlines. A useful diagnostic approach is to
inspect the intermediate grayscale, blur, edge, and masked images. This makes it easier to see where the pipeline is losing
information and which thresholds should be adjusted. In practice, the ROI shape and Hough parameters were the most influential
tuning factors.
These observations suggest that the method works best when the roadway is visually structured and the lane paint is easy to detect.
It is also computationally efficient because it avoids expensive learning-based inference. The main trade-off is robustness: as the
scene becomes more complex, accuracy declines because the algorithm relies on low-level visual cues rather than semantic
understanding.
5. LIMITATIONS AND FUTURE SCOPE
The current implementation has several limitations. It is sensitive to poor lighting, weather changes, sharp curves, worn lane paint,
and a fixed camera perspective. It also processes each frame independently, which can create flicker when lane segments disappear
temporarily. Future work can address these issues by adding adaptive thresholding, temporal smoothing, polynomial curve fitting,
and learning-based segmentation. Sensor fusion with GPS, radar, or LIDAR could further improve reliability in difficult road scenes.
From a systems perspective, the pipeline can also be optimized through GPU acceleration or parallel frame processing. Another
useful extension would be integration with lane departure warnings or steering-assistance logic in a simulated vehicle environment.
Such enhancements would move the prototype closer to a complete driver-assistance component while keeping the strengths of the
current lightweight design.
6. CONCLUSION
This paper presented a lane detection system implemented in Python and OpenCV using classical computer vision techniques. The
method detects lane boundaries from road video by combining grayscale conversion, Gaussian blur, Canny edge detection, ROI
masking, and Hough line extraction. The resulting annotated output is clear, interpretable, and suitable for near real-time use on
standard hardware. Although the approach is less robust than modern deep learning systems in challenging conditions, it remains
an effective baseline for educational use and prototype intelligent transportation research.
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