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Abstract:  
The proposed lightweight 2D LiDAR method improves indoor obstacle detection by 

combining angular sectorization, distance thresholding, and a five-frame temporal buffer. 

Testing with the RPLIDAR A1M8 achieved 96.4% precision, 3.6% false positives, and 1.8 

ms processing time per scan, making it suitable for real-time embedded robotic systems. 
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1. INTRODUCTION 

Exteroceptive sensors such as cameras, ultrasonic sensors, and LiDAR support environment 

perception and collision avoidance in autonomous robots [1]. While 3D LiDAR offers high-

resolution mapping, its high computational and power requirements limit its use in low-cost 

systems [2]. 2D LiDAR provides a practical alternative but can suffer from noise, reflec-

tions, and false detections [3]. This study therefore uses sector-based distance thresholding 

with temporal data aggregation to achieve accurate detection with low processing time. 

2. RELATED WORK 

Earlier methods such as VFH [4] and occupancy grid mapping [5] enabled fast obstacle 

representation but could require higher memory and computation. Lightweight distance 

thresholding reduces computational load, while Wang et al. [6] highlighted the need to filter 

transient reflections. More complex methods such as DBSCAN [7] can introduce additional 

processing delays. The proposed approach therefore focuses on simple, efficient, and real-

time obstacle detection for embedded systems. 

Table 1: Proposed methodology against standard baselines 

Parameter 
Uses Temporal 

Filtering 

Spatial 

Sectorization 

Low Compute 

Overhead 

VFH Approach [4] No Yes Yes 

Occupancy Grids [5] Yes No No 

Clustering-DBSCAN 

[7] 
No No No 

This work Yes Yes Yes 
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3. KEY CONTRIBUTION 

The proposed framework enhances standard thresholding with a fixed-size temporal sliding 

buffer and angular sectorization for efficient obstacle detection. It reduces false positives in 

low-cost LiDAR sensors while avoiding computationally expensive clustering methods, 

making it suitable for resource-constrained systems. 

4. METHOD, EXPERIMENTS, AND RESULTS FOR REAL-TIME OBSTACLE 

DETECTION USING LIDAR 

4.1 Hardware Interface 

The RPLIDAR A1M8 provided 360° scanning with polar-coordinate output and was con-

nected via a CP210x TTL-to-USB converter. Testing confirmed a stable ~7 Hz scan rate and 

~7.2–7.3 kHz sampling frequency, consistent with the manufacturer’s specifications. 

Table 2: RPLIDAR A1M8 Datasheet and Experimental Measurements 

Parameter Unit Datasheet Value Measured Value 

Distance Range m 0.15 – 6 (typical) 0.1 – 9 to 14 

Angular Range deg 0 – 360 0 – 360 

Distance Resolution mm < 0.5 Consistent 

Angular Resolution deg ≤ 1 Consistent 

Sample Duration ms 0.5 0.5 

Sample Frequency Hz ≥ 2000 ≈ 7200 

Scan Frequency Hz 5.5 (typical) ≈ 7 

4.2 Algorithm Design for Real-Time Obstacle Detection and Parameter Justification 

The sensor outputs a stream of measurements: 

              (1) 

where rᵢ is range, θᵢ is angle, qᵢ is signal quality, and N is the sample count. 

The SBDT approach converts dense LiDAR point data into a low-dimensional Boolean col-

lision-alert array, reducing computational requirements for embedded systems.: 

4.2.1 Temporal Debouncing Buffer (M) 

A 5-scan buffer (M = 5) is used at approximately 7 Hz, providing a ~0.71-second window. 

This filters short-duration noise while maintaining responsiveness to approaching obstacles. 

 
Figure 4.2.1.1: Obstacle detection GUI with sector-based alerts and averaged positions. 
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Figure 1 illustrates the resulting graphical interface of this sectorization process, 

highlighting blocked sectors in red and plotting the averaged positional coordinate of the 

detected obstacle. 

4.2.2 Angular Sectorization (Ns) 

The field of view is divided into Ns fixed-width sectors. 

                                    (2) 

The LiDAR scan was divided into 8 sectors of 45° each. Each measurement was assigned a 

sector index based on its angle. A 45° sector provides an approximate 0.78 m arc length at 

1 m, helping the vehicle determine whether a directional path is blocked by an obstacle. 

4.2.3 Distance Threshold (dth) 

Each sector will evaluate points based on a radial threshold (rᵢ < dth). An obstacle will be 

flagged if points nⱼ that violated the threshold exceed a sensitivity limit τ. The mean position 

of the clustered points is used as an estimated position. 

                                     (3) 

4.3 Quantitative Performance Evaluation 

The algorithm was evaluated using 1,000 LiDAR scan frames (~2.5 minutes) with static and 

moving obstacles. The proposed Sectorization + Temporal Buffer method was compared 

with single-frame thresholding using a 2 m detection threshold. Results showed that 

temporal buffering significantly reduced false positives while maintaining high recall. 

Table 3: Quantitative Assessment of Detection Algorithms 

Metric Baseline (Raw Single-Scan) Proposed (Sector+Temporal) 

Precision 81.2% 96.4% 

Recall 95.1% 94.8% 

False Positive Rate 18.8% 3.6% 

Avg. Processing Time 1.2 ms 1.8 ms 

The temporal buffer significantly reduced false positives caused by sensor noise while 

maintaining nearly unchanged recall. Processing time increased slightly to 1.8 ms per scan, 

which remained well within the 142 ms interval between LiDAR rotations at 7 Hz. 

5. DISCUSSIONS 

The results demonstrate that five-scan temporal aggregation effectively reduces noise and 

false detections, while sector-based processing simplifies LiDAR point-cloud data into 

efficient blocked/clear states for path planning. Distance comparison also showed high 

measurement accuracy, with only minor deviations near the maximum sensing range. 

Table 4: Physical and Measured Performance of RPLIDAR A1M8 

Sr. Physical Value Measured Value 

1 0.15 mm 0.11 mm 

2 0.15 mm 0.10 mm 

3 4500 mm 4550 mm 

4 5300 mm 5400 mm 
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5 6000 mm 5900 mm 

6 6000 mm 5950 mm 

 
Figure 5.1: Verification for Obstacle detection. 

 
Figure 5.2: Distance verification in 180°. 

Figures 2 and 3 show the physical testing setup and confirm the accuracy of object placement 

and distance estimation. Testing identified limitations with reflective surfaces, which caused 

missing LiDAR points and false negatives. Fast-moving objects could also be detected late 

because the system requires five consecutive scans (~0.7 s) for confirmation, particularly 

for objects moving above 1.5 m/s. 

6. CONCLUSIONS 

The proposed 45° sector-based LiDAR detection with a five-frame temporal buffer reduced 

false positives from 18.8% to 3.6% while maintaining computational overhead below 2 ms. 

The method is suitable for resource-constrained systems but may delay detection of fast-

moving objects. Future work will explore adaptive buffering and ultrasonic-LiDAR sensor 

fusion. 
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