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Image-guided and point cloud space-constrained
method for detection and localization of
abandoned objects on the road
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Abstract: Abandoned objects on the road significantly impact traffic safety. To address issues such as missed
detections, false alarms, and localization difficulties encountered in detecting of small-to-medium-sized abandoned
objects, this paper proposes a method for detecting and locating abandoned objects on the road using image
guidance and point cloud spatial constraints. The method employs an improved YOLOv7-OD network to process
image data, extracting information about two-dimensional target bounding boxes. Subsequently, these bounding
boxes are projected onto the coordinate system of the LIDAR sensor to get a pyramidal region of interest (ROI).
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Under the spatial constraints of the point cloud within the ROI, the detection and localization results of abandoned

objects on the road in three-dimensional space are obtained through a combination of point cloud clustering and

point cloud generation algorithms. The experimental results show that the improved YOLOv7-OD network achieves

recall and average precision rates of 85.4% and 82.0%, respectively, for medium-sized objects, representing an
improvement of 6.6% and 8.0% compared to the YOLOv7. The recall and average precision rates for small-sized
objects are 66.8% and 57.3%, respectively, with an increase of 5.3%. Regarding localization, for targets located 30-

40 m away from the detecting vehicle, the depth localization error is 0.19 m, and the angular localization error is
0.082°, enabling the detection and localization of multi-scale abandoned objects on the road.
Keywords: abandoned objects on the road; image; LIiDAR point cloud; object detection
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IR, B IR 3 5 A EESR

TE Waymo F#li 4 |, 430K YOLOv7-OD 5 H:
by 3 90 E ARSI Bk PR RE LA T LA, SEER A I
e 4, RIS oR £ PERE RS bR 10 e A1
TR IR M REFR R R LA . MK LS g0

&1 WOD #45 & Loyl aks2 3
Table 1 Ablation experiments on the WOD dataset

AP/%

SOD SDK AP/% mAP0.5  mAP0.5:0.95
YOLOV7 )
Layer Attention small medium large small medium large 1% 1%
\ 10.00 35.80 70.40 23.20 47.20 75.60 57.15 32.30
N R 11.90 38.90 66.90 26.00 49.70 73.10 59.28 34.18
\/ 11.20 37.60 66.80 24.30 48.70 73.00 58.12 33.21
v \ 12.00 39.00 67.70 26.20 50.80 73.20 59.46 34.33
A2 BARKEE LY aER
Table 2 Ablation experiments on custom dataset
SOD SDK AP/% AP/% mAP0.5 mAP0.5:0.95
YOLOv7 - -
Layer Attention small medium large small medium large 1% 1%
v 52.00 74.00 85.30 61.50 78.80 89.00 94.20 64.80
v \ 55.00 79.80 92.70 65.40 84.00 95.50 94.30 69.80
\/ \ 54.10 81.50 93.40 63.20 85.30 95.10 93.80 70.00
V J J 57.30 82.00 92.00 66.80 85.40 93.90 95.30 71.90
&3 REF| W 4ARA 6 Hpb PN F8 47
Table 3 Additional evaluation metrics for different network models
YOLOv7 SOD Layer SDK Attention Params/MB GFLOPs FPS
V 71.3 103.3 82.2
V J 51.4 108.2 73.2
V J 73.7 118.3 75.4
V J J 52 123.3 65.8
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%4 YOLOV7-OD 5 i B A Hik 69 54 b 52 3
Table 4 Comparative experiments of YOLOv7-OD with other object detection algorithms

Model Params AP/% AP/% mAPO0.5 mAP0.5:0.95
ode
/MB small medium large small medium large 1% 1%
Faster-RCNN¥ 79.0 3.70% 19.0% 41.7% 9.00% 26.2% 46.6% 29.7% 15.6%
RetinaNet” 61.7 3.00% 29.8% 64.7% 10.6% 40.4% 71.4% 43.9% 24.7%
YOLOX? 104 7.40% 31.3% 68.1% 13.9% 39.2% 72.8% 48.1% 28.0%
DETR¥ 79.0 4.83% 26.4% 62.2% 11.3% 35.7% 68.7% 45.49% 24.0%
YOLOV3"! 119 3.00% 26.2% 64.1% 5.80% 35.0% 69.8% 41.9% 22.9%
YOLOV5 ¥ 88.5 6.60% 31.4% 64.1% 13.3% 45.5% 71.1% 48.6% 27.2%
YOLOv6™ 72.4 7.50% 37.5% 71.7% 16.7% 46.4% 78.0% 51.9% 31.0%
YOLOV7'™ 71.3 10.0% 35.8% 70.4% 23.2% 47.2% 75.6% 57.2% 32.3%
YOLOv8™ 83.6 8.30% 38.9% 71.3% 17.7% 46.7% 76.5% 53.0% 32.0%
YOLOV7-0D 52.1 12.0% 39.0% 67.7% 26.2% 50.8% 73.2% 59.5% 34.3%

ATLAE 1, YOLOVT FEHVINST BARRINPERE |
T HA 3 BRI R 2%, I BAELE S TR AR
mAP0.5 UL &% mAP0.5:0.95 I g x H#H W g3, 5t
T, A SCEERRK YOLOVT 1R W SE a5, JE7E 1t
LR MR YOLOV7-0OD M4, YOLOv7-OD 7E
/N BRI e L T R, AT R
Fi mAPO0.5 L K mAP0.5:0.95 4 T WA AG 43 il 32 T+
23 M2 A G, IF B S8 LR (B RIS
15.6%.

3.4 FUHES| S THRZEME AL
341 Rk

M T B R T AR A i, AU
T 5 = FEEHL T S 2 o B e S S R B S B T
e, EBRFTAIREAE A AR S =5 . SRS R AR
MG FFOCE I AHDCED, W B VCEC X A Y JE oG
M BE . B CSF 38 32 0 5 = Bdg b A7
OB LI o AT e | E |52 AT T a8, e 3 1
K7 FiR
342 RBMER

AT IR S SRR AR, ARSO H iR
P AR b BEA L R AR A A T I IR M e S . AR
P& AR Y 3 [0 3R Recall . 7823 [0 Hp #E B 44 vp
D PITREE D AEAKF-J7 10 (0 58 B W R0 4 v 2]
O EL S BT HE DT ) B JE A OSFFR AR A ff
SERBATIEMY, RS BUE ANl 8 . HAsE L
() LSRG i N T3l £ 1 7 SN S = B s htk AT
e AR 3RS . DBSCAN B 1k 4T 4% eps
WA 1, RZORTRAESIE R A /D 5L MinPts 1%

3. AR YOLOv7-OD 25 H AR U AE % 52 ROT
Xdsf, 7E ROI X N {ifi F§ DBSCAN 53 %} i = HEAT
BA L WUIRBAARORIEER, B B AR/ ok i e
B FBOA 70 R s B, SO s A R
FTHNFERE L

Wik 1
Wl

B7 EELRA. (@) R4 2=53E; (b) % EEKA
b= A (c) CSF B W AR &
(d) CSF B35t 3u@ £ &
Fig. 7 Filtering results. (a) Original point cloud data; (b) Effective
point cloud data obtained by field-of-view matching;
(c) Non-ground point cloud after CSF filtering;
(d) Ground point cloud after CSF filtering

Abandoned objects’points

J—

Detection device e

B 8 BiFMIsATAEE R g FAR S L
Fig. 8 The specific meanings of various evaluation metrics in space
ARSCHT R B BUMMES | 5 B i = R AG = A AL
WG S S R MR T s = RSB T )
RS V2 1) )77 (Method A)'™ AHELER, 55 ILE 5,
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A5 At EERAEG R FRER
Table 5 Experimental results of two point cloud localization methods

Method N (road objects) N (abandoned object) N (predicted) N (true) N (false) Precision/% Recall/%
Method A 920 270 150 147 3 98.00 55.56
Ours 920 270 258 250 8 96.90 95.56

tFEE A /N R B s b s gm0, X
FEHEET S SR HREE . Wi, Method
A TE B SE  HLREIRE] 55.56% BB IR AR
T HE S B FAE S | 5 R s B L, B e Rk
MG AR, FHRERIL 96.90%, A HI#iK 95.56%,
HAMETE 40% HYA 1A, S 1 xR /N RUEE H R Y
TN

%1 9. 10 " Distance 1 Angle 435I AIRE D Fik
oI 2E 5, ARPET I A R R X T
KIBEEbR, PRI S REAAE ; EXF

‘ ‘ “"‘ Aﬁll‘

iliyj

: N

/NREE A5, 5 Method A AL, A SCRrR J7 i fE%
XiF 5 22 (111G 95 4 S BRI S 0, A R B T R o
1 9(c) . 10(c) HRlo R X8 A 41 €0 5 = AR I P W 7
23 (B P ELSEA A i) a2 AR 3 Sk T
AR . TR s 2 s TR R o7 B A A T
S A RO e RS A BE T AE . DAIE] 9 AN
F10 6 Oy OR X AT LB Y, AR SO T A i
WiTE W) = 5 HAE 2 A g LS B A, I
XN BTV 0 AT R0 7 AR

ON TR IR INAT 55 T AR R BT E LG T )

Iron_plate1
Distance:29.21 m
Angle:-0.6762°

B9 aREEDENTALER (BF—, BRIRIFHERK). (@) FMHTEK; (b) Method A #9445 45 & ;
(C) A AR Ik 69 % 45 4 R
Fig. 9 Detection and localization results for abandoned objects on the road (Scene one, selected partial area). (a) Image of the scene to be
tested; (b) Detection and localization results by method A; (c) Detection and localization results by our method
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B 10 ANBBEZHENT/LER (BT, BRI RIR).

Extinguisher1
Distance:17.14 m
Angle:-9.772°

Extinguisher2
Distance:16.53 m
Angle:-10.71°

(CIEERAEZRA SRS
|

(c) AXPT#R Fik eyt ZAnsk R
Fig. 10 Detection and localization results for abandoned objects on the road (Scene two, selected partial area). (a) Image of the scene to be
tested; (b) Detection and localization results by method A; (c) Detection and localization results by our method

3 il T ARG RN B 3 A O TR I8 S = AR
LN J3E 2 i A RGN P g P s i . ASRIE R R
I AR BT A T 0 A P 1R 2 SR A5 R
F 60 BB A AAE i o B A IR A T Bl B Dy
60 km/h, HIZHIEEE A 20~30 m. KL, TR R
40 BR L AL BRI ], S SRAG I B A 30 m LASE
SEEXT H AR PR R A . AR SCITHR A TE 30~40 m
AL A SR SEALR2E A 0.19 m, ZKF-FE Al R 2
9 0.016 m, fREENLRE N 0.082°, AR T XF
N TR E A DI RE
3.4.3 ABETEE YR 5 B AL ST AR
UG5 | 31 5 2 28 ) 24 B 2 I R o7
D5 ¥R T LASE B S v 22 RO YE 4 B Bt A TAGH I 2

B, FFARBOHL 4 mmise . HAR2EH] .

(b) Method A #9154 &

AHX B A

BEAELER . BARTTIESCR A 11 Fis .

%6 AFES T@EEEARTERTH
B ALY IR E

Table 6 Error in abandoned objects localization using point cloud

generation method at different distances

MAE-error
Distance/m

AD/m AWim A6/(°)

0~20 0.132 0.0099 0.195
20~30 0.156 0.0121 0.115
30~40 0.188 0.0162 0.0819
Over 40 0.223 0.0271 0.0541
Total 0.181 0.0218 0.122
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Fig. 11
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Carton1 Distance:36.6 m —:
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Angle:-0.676°
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Distance:16.5 m
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Carton3 distance:17.7 m
Angle:-7.82°

Angle:4.13°

Carton2 Distance:18.4 m
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Extinguisher1 Distance:17.1 m
Angle:-9.77°

NS M  FAL IR, (@) R —; () BHE=
Experimental results for detecting and locating abandoned objects on the road. (a) Scene one; (b) Scene two
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Image-guided and point cloud space-constrained
method for detection and localization of
abandoned objects on the road

Cai Huaiyu', Yang Zhaoqian'?, Cui Ziyang"’, Wang Yi"?, Chen Xiaodong"**

Experimental results for detecting and locating abandoned objects on the road

Overview: Highways constitute a vital economic lifeline for a nation. With the continuous increase in highway mileage
and traffic volume, the significance of daily maintenance work on the road has become more pronounced. The detection
and localization of abandoned objects on the road are among the primary tasks in highway maintenance. Because if
abandoned objects are not promptly cleared, they can easily lead to traffic congestion or even cause accidents. Detecting
and locating abandoned objects on the road is a specific object detection task. In order to fully leverage the advantages of
both image and point cloud data, solutions based on multisensor fusion have become a research hotspot. However, due
to the sparse nature of the LIDAR point clouds, existing multisensor fusion methods usually encounter challenges such
as missed detection, false alarms, and difficulties in localization when detecting small-to-medium-sized abandoned
objects. To address the aforementioned issues, this paper proposes a method for detecting and locating abandoned
objects on the road using image guidance and point cloud spatial constraints. Firstly, on the foundation of the YOLOv7,
a small object detection layer has been added, and a channel attention mechanism has been introduced to enhance the
network's ability to extract two-dimensional bounding boxes for small-to-medium-sized targets within the image.
Subsequently, the predicted bounding boxes are projected onto the LIDAR coordinate system to generate a pyramidal
region of interest (ROI). For larger targets, sufficient point cloud data allows for three-dimensional spatial position
estimation through point cloud clustering within the ROI. For smaller targets, which have insufficient point cloud data
for clustering within the ROI, spatial constraints from surrounding ground point cloud data are used. Using projection
transformation relationships, point cloud data is generated to obtain spatial position information for the smaller targets,
achieving the detection and localization of multiscale abandoned objects on the road in three-dimensional space. The
experimental results show that the improved YOLOv7-OD network achieves recall and average precision rates of 85.4%
and 82.0%, respectively, for medium-sized objects, representing improvements of 6.6% and 8% compared to the
YOLOV7. The recall and average precision rates for small-sized objects are 66.8% and 57.3%, respectively, with an
increase of 5.3%. In terms of localization, for abandoned objects located 30~40 m away from the detecting vehicle, the
depth localization error is 0.19 m, and the angular localization error is 0.082°. The proposed algorithm can process 36
frames of data per second, effectively achieving real-time detection and localization of abandoned objects on the road.

CaiHY,Yang ZQ, Cui ZY, et al. Image-guided and point cloud space-constrained method for detection and localization
of abandoned objects on the road[J]. Opto-Electron Eng, 2024, 51(3): 230317; DOI: 10.12086/0ee.2024.230317

'School of Precision Instrument and Opto-electronics Engineering, Tianjin University, Tianjin 300072, China; *Key Laboratory of Optoelectronic
Information Technology Ministry of Education, Tianjin University, Tianjin 300072, China
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