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Fig. 1 Flowchart of obstacle detection
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Fig. 2 Diagram of track point segregation based on grid elevation difference.
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Fig. 3 Diagram of railway boundary demarcation and track plane segmentation sub-region selection
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Fig. 5 Diagram of core point determination
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Fig. 7 Railway boundary demarcation. (a) Raw point cloud; (b) Point cloud after pass—through filtering; (¢) Point cloud for rail
fitting; (d) Point cloud of dual rails; (e) Railway boundary zone
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Fig. 8 Comparison of point cloud intensity distributions and adaptive thresholds under varying illumination conditions. (a) Adap-
tive threshold curves under clear and overcast weather; (b) Intensity histogram of the 1st point cloud frame under overcast
weather; (c) intensity histogram of the Ist point cloud frame under clear weather.
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Fig. 9 Track plane segmentation. (a) Point cloud of railway boundary zone; (b) Point cloud of track plane; (c¢) point cloud of
suspected obstacles
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: Ground truth @ : Correct detection

Our orbital plane
segmentation

DBSCAN Improved DBSCAN
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W 4 2 B %+ B DBSCAN #3414 69 5 R
Fig. 10 Performance comparison of obstacle detection with different algorithm combinations. (a) Original scene; (b) Raw point
cloud; (c) Obstacle detection results of RANSAC-+DBSCAN combination; (d) Obstacle detection results of
RANSAC+improved DBSCAN combination; (e) Obstacle detection results of our track plane segmentation+DB-

SCAN combination; (f) obstacle detection results of our track plane segmentation+improved DBSCAN combination
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Table 1 Performance comparison of traditional DBSCAN, Euclidean clustering, and improved DBSCAN algorithms

Positive
. Positive Error Missed o Average
Algorithm N o o o recognition )
recognition recognition recognition time/ms
rate/ %
Euclidean algorithm 1488 1397 3101 91 30.44 21
Traditional DBSCAN algorithm 1488 1453 2779 35 34.05 10
Improved DBSCAN algorithm 1488 1471 11 17 98.13 28

B UE ATTS-PIH 335 1A R, DL KR 7R PR 58 15 5701 B OUE S5 2K HH 23R 10 S0 5 P 5% 1), S5 56 40 1) DA i
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3590 35 BRUEL e BF O A Ak 1 11 502 s 180 (8 5 6 X6 B R P A A T I B LA o b 6, 5 T 4 O iR EAT L
SER N 2 iR .

Byn g L, BE BE R T 5 AE N RE S WS 2 BRI s T . 4R FH AR R AR AR
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2224 IEKE R0 67.04 %6 5 24 2R L EF X5 B R AR 1 1) [ g 8 150 {8 LA 5 AR B R 8 K B 2 B, 76 I RO IR T
ZOE T I [ B3 35 AT HLE B R 05 2 SRR B R R, T B S R AR 0 2 DR A O R 0T B R
B, 2 5 B0 A B 2 724 IEARR R A 79.11 % o b Ah, R R AT X 24 /O IR A4 T s O Ak i [ S
{8, HIEA RAR T AT 4R L . XAl g2 0 Livox AviadE 8 & R ES | & T WiE) 5 2 0 3 25 5, S 5
S IR i B B (B DA BE AT GE N o M EE 2 T T v 3 A A0 AT 2 A 2 W AR 5, A
SRR SR (B S B, AR W KR BH R Y ROT- A 1 IR 55 TR A, TE K % 40 AR E 7E 80.80 % 5 89.25% .
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m) T I R A 5 50 G A E DR B B AR, A S ORAIE 1 9400 LA B AR H 5 T X T B S (150 m) 47
N Bbr, 15 28 T H A R0 S 5 a4 Ak B 94 %0 & 11 R T 8 r ml M Ak 45
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Table 2 Detection performance comparison between fixed and adaptive intensity thresholds under varying lighting condi-

tions
o ) Positive
) o o Positive Error Missed .
Threshold setting Lighting condition N, . . . recognition
recognition  recognition  recognition
rate/ %
Clear weather
) 500 440 55 60 79.28
. (Strong light)
Fixed thresholds for clear weather
Overcast weather
) 500 484 222 16 67.04
(Weak light)
Clear weather
. 500 428 41 72 79.11
. (Strong light)
Fixed thresholds for overcast weather
Overcast weather
) 500 471 35 29 88.04
(Weak light)
Clear weather
) 500 446 52 54 80.80
) (Strong light)
Adaptive thresholds i
Overcast weather
500 473 30 27 89.25

(Weak light)

cm, 7E 0-50 m N XF 10 em F1 15 cm B g9 A9 K SR 43 5 4 15 76 7090 F1 97 % Lh B, HAE 50-100 m 3 [l A, X
20 cm BG4 K H RAT IR B 76 %6 LA Lo B0 2 B AR SO R T B /N B A ARG I R, T 5 B R A TR
I, B FRBH T E A RE

%3 AEARBYWEAFES TEENKRHE

Table 3 Detection rates of different obstacles at different distances

Distance /m 10cm box /% Wooden block /% 15cm box /% 20cm box /% Personof 1.7m /%

5—10 94 96 97 100 —
10—15 97 100 100 100 —
15—20 99 100 100 100 —
20—25 88 100 100 99 —
25—30 82 100 100 98 —
30—35 80 98 100 100 —
35—40 73 96 100 98 —
40—50 70 91 100 100 —
50—60 — 85 96 97 100
60—70 80 95 99 100
70—80 — 62 71 100 100
80—100 — 7 15 76 97
110—130 — 97
130—150 94

®4 FREZEREEBYRNEENESERELL

Table 4 Comprehensive performance comparison between the proposed algorithm and similar obstacle detection algo -

rithms
Algorithm Min obstacle size (c¢m) Detection rate (0—50 m) Detection rate (50— 100 m)
Ref. [20] 100 =92% (100 cm box) =>23% (100 cm box)
Ref. [21] 35 100% (35 cm box) >=39% (35 cm box)
=70% (10 cm box)
Ours 10 ’ =76% (20 cm box)

>=97% (15 cm box)
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Fig. 11  Visualization results of the algorithm's operation. (a) Wooden block; (b) An irregular stone and boxes of different sizes;
(¢) A person located in the track area
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Abstract: Ensuring railway operational safety is a paramount priority. However, railway perimeters are
frequently threatened by unpredictable foreign object intrusions, such as falling rocks and unauthorized
pedestrians, which can precipitate severe accidents. While machine vision is cost—effective, it lacks precise
depth information and is highly susceptible to adverse weather. Conversely, LiIDAR offers exceptional
detection accuracy and the capability to acquire precise three—dimensional spatial information. Yet, existing
LiDAR research primarily focuses on large targets, leaving small-sized obstacle detection underexplored.
Furthermore, railway LIDAR applications face unique challenges: a "dense—near, sparse—far" point cloud
distribution and a highly noisy track background comprising ballast and sleepers. These factors make
detecting small-sized obstacles distinctively difficult. To address these limitations, this paper proposes a
novel LiDAR-based detection framework for small obstacles intruding into the railway clearance,
effectively enhancing identification accuracy amidst the intricate backdrops of raillway infrastructure. To
effectively isolate obstacle es from the complex background and address the challenge of non—uniform point
cloud density, this study establishes a systematic detection framework comprising three primary stages:
point cloud preprocessing, track plane segmentation, and adaptive obstacle clustering. First, raw data
acquired by the Livox Avia LiDAR is filtered via a pass—through filter to constrain the field of view.
Subsequently, a grid-based elevation difference method combined with the Random Sample Consensus
(RANSAC) algorithm accurately fits rail lines to define the precise railway boundary zone. Crucially, to
address point cloud intensity variations caused by fluctuations in ambient background light, an adaptive
intensity threshold search based on a point cloud intensity histogram (AITS-PIH) is introduced. By
analyzing the histogram, this algorithm dynamically locks the extinction boundary of the track background
intensity, providing a robust adaptive threshold for subsequent stages. Second, an track plane segmentation
algorithm fusing reflection intensity separates suspected obstacles from the track background. Overcoming
traditional RANSAC's reliance on mere geometric information—which often misclassifies small, near—
ground obstacles as track bed points—this method utilizes the adaptive threshold to construct a dual—-
verification criterion. Points exhibiting significant geometric deviation from the fitted plane or possessing a
reflection intensity markedly higher than the background threshold are classified as suspected obstacles.
Finally, an improved DBSCAN algorithm clusters these suspected points. It optimizes clustering via an
adaptive search radius and a core point identification mechanism. Valid core points must simultaneously
exceed the adaptive threshold to filter residual non-obstacle point clouds and meet the minimum
neighborhood density requirement. Furthermore, the adaptive neighborhood radius dynamically adjusts
linearly based on the point’ s spatial distance from the LiDAR, ensuring fine—grained segmentation for
dense near—field points while preserving connectivity for sparse far—field points. Based on the typical
geometric characteristics of the rail cross—section, as well as the standard track gauge and safety clearance
requirements, this study first obtains the precise railway boundary zone. Validation under clear and overcast
weather conditions demonstrates the AITS-PIH algorithm's ability to dynamically adjust the intensity
threshold, ensuring robust discrimination between the track background and obstacles despite changes in
ambient illumination. Real-world railway scene tests reveal impressive results for small obstacle detection:
the proposed method boosts the positive recognition rate from 34.05% to 98.13% compared to the
traditional baseline. Additionally, the detection method achieves excellent detection rates exceeding 80%
for both 10 cm obstacles within 35 m and wood blocks within 70 m. For 15 cm and 20 cm obstacles, the
detection rates are maintained at 71% and 100% within the 70 m to 80 m range, respectively. The
pedestrian detection rate also reaches 94 % at 150 m. Comprehensive testing over 5,000 frames yields a low
false alarm rate of 4.82% and an average single-frame processing time of 243 ms, further highlighting the
method’s applicability. These results verify that the proposed method completely avoids severe missed
detections and false alarms caused by traditional geometric—only segmentation, significantly improving
small obstacle clustering precision. To address the limitations of existing methods in detecting small-sized
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obstacles intruding into the railway clearance, this paper proposes a novel LiDAR-based detection
framework. The primary contributions include the development of the AITS-PIH for dynamic adaptation
to ambient background illumination, an intensity—fused track plane segmentation algorithm, and an
improved DBSCAN algorithm. The track plane segmentation algorithm leverages intensity differences
induced by laser incidence angles to effectively distinguish track background components from true
obstacles, thereby significantly reducing the miss rate at the source. Meanwhile, the improved DBSCAN
algorithm incorporates an adaptive neighborhood radius model and core point intensity constraints, enabling
the precise clustering of obstacles across varying distances and point densities while effectively suppressing
non-obstacle point clouds within the railway boundary zone. Experimental results demonstrate that the
improved DBSCAN increases the positive recognition rate by approximately 64 percentage points
compared to traditional methods. By maintaining high detection rates for multi—scale obstacles at extended
ranges and achieving an average processing time of 243 ms, the proposed system satisfies the stringent
requirements for high—precision, real-time obstacle detection in railway safety applications.
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