’ '.) Check for updates

Transactions of KSAE, Vol. 34, No. 5, pp.533-546 (May, 2026) Copyright © 2026 KSAE / 246-03

pISSN 12256382 /el SSN 2234-0149
DOI http://dx.doi.org/10.7467/KSAE.2026.34.5.533

A HE Y 2|4 20| FYS AT O|0|A|-EQIE S2RE SR HESRA
UE%-0|EE
Hurhsta ArRiB st}

Image-Point Cloud Fusion Network for Joint Object Detection and
Minimum Depth Estimation

HoSu Shin - JoonWoong Lee”

Department of Industrial Engineering, Chonnam National University, Gwangju 61186, Korea
(Received 7 November 2025 / Revised 1 December 2025/ Accepted 2 December 2025)

Abstract : This study is aimed at proposing an integrated network to perform two tasks: object detection and depth estimation
in autonomous driving and robotics. The approach combines a bird’s eye view-based candidate generation module with an
image-point cloud, cross-attention fusion structure to exploit complementary spatial and visual cues from both modalities.
Moreover, an input-dependent query initialization module is employed to initiate detection in likely object regions, thereby
reducing unnecessary candidates. To improve depth accuracy, Hungarian matching is applied, and performance is
quantitatively evaluated by using the root mean square error. Experiments on the KITTI dataset demonstrated that the method
achieved superior performance over existing approaches involving cars, pedestrians, and cyclists. These results indicate that
the proposed network can provide robust and precise perception even in complex driving environments.
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Fig. 1 Overall architecture of the proposed method
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Image-Point Cloud Fusion Network for Joint Object Detection and Minimum Depth Estimation

Table 1 Dataset composition for training and evaluation

# of Images | # of Car | # of Pedestrian | # of Cyclist

Training 3,712 14,357 2,207 734
Evaluation 3,769 14,385 2,280 893
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(c) Incorrect matching by Song and Lee'?

Fig. 3 Comparison of matching strategies for depth evaluation
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(d) Correct matching by Hungarian Matching
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Table 2 Comparison of object detection performance with

other methods
Methods Car Ped. Cye.
Song and Lee'? 3134 1433 8.41
Dist-YOLO'™ 29.12 13.47 432
AVODY 54.02 21.02 2022
EPNet'” 59.12 27.11 21.13
Ours 62.45 2828 2558

Table 3 Comparison of depth estimation results with other

methods
Methods Car Pedestrian Cyclist
Song and Lee!? 1.38 1.29 1.14
Dist-YOLO™ 2.09 1.18 1.71
AVOD? 110 0.75 0.78
EPNet'” 1.08 0.74 072
Ours 1.04 0.68 0.70

Table 32 A g FH A 7|E 7HES AAE ZHol
FA A%5S RMSEm) 7] 0. 2 8| g A 32 A A 3 A

11:} Table 32 A Aote WS BE Fa 2o s
7|& u}s}j_j @_1—,}. RMSE %] 7} 15\}}’}:;} &ﬂ] olgl H‘ng o] 78
A FFol BAGlel A3 Zo] A T L& B

Table 4 Comparison of unified detection and depth estimation

metrics with other methods
Methods NDS,, Params (M) | Runtime (ms)
Song and Lee'? 0.455 1233 29
Dist-YOLO™ 0.436 5.13 15
AVODY 0.552 66.73 100
EPNet'” 0.581 1623 39
QOurs 0.596 96.77 129

Table 4= AR W 7| E W HES
£ NDS,p, Wt E =, 1183 58 1
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(a) Ground Truth

(e) Results by EPNet

Fig. 4 Qualitative comparison with other methods
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Table 5 Comparison of object detection and depth estimation
performance by candidate number

mAP RMSE
Car Ped. Cyc. Car Ped. Cyc.

Number

100 59.85 | 2628 | 23.67 | 1.11 0.83 0.87

200 62.45 | 2828 | 2458 | 1.04 0.68 0.70

300 62.47 | 2837 | 2478 | 1.02 0.68 0.69

Table 55 XH &1 7]57F 100701 v 2.0} 2007 2 =
S o Al EE B mAPSF RMSEZH A E & & 5
At &3] B3zl 79 mAP7} 2628 A 28.28 2 B4}
5132, RMSES: 0.83 moll 4] 0.68 m= =LA 7§14 ¥ .
Fli A& 30072 5 Bl E 452 S AA

bl 8 3A gt ol R AT EA 5

].A _6.7}0}1_& ,1_7}2-1 o] /\-1_- ocl:.xl L=} u ]q-}‘g" 01 5-}.
o, X2 A7 e E o 20071 9] FR7F HEG A
A& A AR

Table 62 SR A4 WA o 2 AH A& 453

(f) Our results
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Table 6 Object detection and depth estimation performance
according to the initial candidate generation methods

mAP RMSE
Car | Ped. | Cyc. | Car | Ped. | Cye.

RI | 6132 [ 2722 | 2403 | 107 | 072 | 0.69
IDQI | 62.45 | 2828 | 2458 | 1.04 | 068 | 0.70

Approach
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Table 7 Comparison of object detection and depth estimation
performance according to feature fusion methods

mAP RMSE
Car | Ped. | Cyc. | Car | Ped. | Cye
Concat | 6133 | 2522 [ 2377 | 109 | 072 | 078
ES | 6059 | 2522 [ 2303 | 123 | 077 | 086
CA | 6245 | 2828 [ 2458 | 1.04 | 068 | 0.70

Approach
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