EORRE G R K % % it (L % W) 2025 4F- 8 H
Vol.55 No.4 JOURNAL OF SHANDONG UNIVERSITY ( ENGINEERING SCIENCE) Aug. 2025

XERS :1672-3961(2025) 04-0048-08

EFFIEHFMUEEENEE=ZHERNEE

AU, FRFRARFREAN RS M AL
(L IRAZAER A0 () | IR RS 250022; 2.9 R FA BURE S TREEBE, IR B 250022)

DOI:10.6040/j.issn.1672-3961.0.2024.165

TE  HRBA B IER T B AR A B AEREZF RE AT EZAFNBREN T, EF kR
RBALRFINT R EE AP I SRR A AERE AT 2O W = B A — A E IR 9 AR g %)
A3 5 B A 3R 3 8] £ 5%, £ Pix3D. Comp Cars. Stanford Cars 3 MR AWML XM E TR B R AV T ERAAE
BTG 5%, Prat by ik ik e B SO RARM Z R RS R EAE
KR, Z A R A, Z R EE A AT E G = AR &R0 £ 57
HE S %S TPIS3 MR SRS A
SR N, AIRT R T S TR AL MR B A SRR R [T IR R (T4 R) ,2025,55(4) 148-55.
HAN Xiaofan, DIAO Zhenyu, ZHANG Chengyu, et al. Single image 3D model retrieval based on attention and view information[ J].
Journal of Shandong University ( Engineering Science) , 2025, 55(4) :48-55.

Single image 3D model retrieval based on attention and view information

HAN Xiaofan'?, DIAO Zhenyu'’, ZHANG Chengyu'”, NIE Huijia'>, ZHAO Xiuyang'*, NIU Dongmei'*"
(1. Shandong Provincial Key Laboratory of Ubiquitous Intelligent Computing, Jinan 250022, Shandong, China; 2. School of

Information Science and Engineering, University of Jinan, Jinan 250022, Shandong, China)

Abstract: To extract effective feature descriptors and reduce the significant differences between 2D images and 3D models, a
method based on attention and view information was proposed. The method introduced a spatial attention mechanism into the model’s
feature extraction module to enhance the effectiveness of the model’s feature descriptors. The 2D views of 3D models were
incorporated into the process of learning query image features to reduce the domain gap between the image domain and the model
domain. Experiments were conducted on three representative benchmark datasets: Pix3D, Comp Cars, and Stanford Cars. The
results showed that the best retrieval accuracy improved by 5%. The proposed method effectively retrieved similar 3D models from a
single image and improved the retrieval accuracy.
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Fig.2 Specific details of the view supplement module
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Table 1 Experimental results on the Pix3D dataset
25 Tk Acropt/ %o Ao’ P dypy iy
UDE-CGI"* 19.40  46.60 0.0821 0.3397
Grabneret al”™”?  35.10 83.20  0.0385 0.5598
LFD 6440  89.00 0.0152 0.8074
bed HEG-TS 6530 9540 0.0122 0.8213
Linet al 7330 96.10  0.0093 0.8927
ULIP 7420 9630  0.0068 0.8931
AR T 7770 9890  0.0027 0.9226
UDF-CGI 1730 49.10  0.0559 0.3027
Grabneret al 4130 73.90 0.0305 0.5469
LFD 58.10  81.80 0.0170 0.7169
chair HEG-TS 8790 9790 0.0041 0.9063
Linet al 79.40 9630  0.0080 0.866 1
ULIP 8370  97.40  0.0052 0.8832
AHFF Tk 87.80  97.80  0.0032 0.9069
UDF-CGI 2170 5220 0.0503 0.3824
Grabneret al 4410  89.90 0.0197 0.7762
LFD 67.00 9440 0.0075 0.9028
sofa HEG-TS 7280 9770 0.0047 0.9070
Linet al 80.70  97.10  0.0045 0.9329
ULIP 81.50  97.50  0.0048 0.9347
AR Tk 8480  98.70  0.0020 0.9520
UDF-CGI 1200 3420 0.1003 0.1715
Grabneret al 33.90  66.10  0.0607 0.4500
LFD 5330 80.10  0.0288 0.6383
table HEG-TS 7370 9240  0.0170 0.7667
Linet al 76.90  93.50 0.0168 0.8088
ULIP 78.00 9400 0.0152 0.7913
AR T 7840 9570  0.0089 0.8092
UDF-CGI 17.60 4550 0.0722 0.299 1
Grabneret al 38.60 7830 0.0374 0.5832
LFD 60.70  86.30 0.0171 0.7663
mean HEG-TS 7490  95.80 0.0095 0.8503
Linet al 7890  96.10  0.0086 0.8746
ULIP 7930 96.30  0.0080 0.8751
ABHS Tk 8510  97.80  0.0037 0.9040
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Table 2 Experimental results on the Comp Cars dataset

R ik Acctop/ P Atopro’ % dyay diy
UDF-CGI 2.40 18.20 0.0207 0.7224
Grabneret al ~ 10.20 36.90 0.0158 0.7805
LFD 20.50 58.00 0.0133 0.8142

car HEG-TS 67.10 93.70  0.0035 0.9256
Linet al 77.80 94.10  0.0023 0.9399
ULIP 78.90 9430  0.0023 0.9372
AWk 78.60 9520 0.0021 0.9381
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Table 3 Experimental results on the Stanford Cars dataset

EH HE Actop/ P Atopro’ % dyay diy
UDF-CGI 3.70 20.10  0.0198 0.7169
Grabneret al ~ 11.30 4220 0.0153 0.7721
LFD 29.50 69.40 0.0110 0.8352

car HEG-TS 68.40 92.10  0.0034 0.9210
Linet al 83.40 96.40  0.0021 0.943 1
ULIP 84.30 96.70  0.0023 0.9467
AW 85.10 96.80 0.0023 0.9493
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Table 4 Ablation results for spatial attention

LUEITE S| fir'E Accrop/ %
FH1INERRE 82.00

Pix3D  mean  HRUIZI[H 82.00
B aNBRdE 82.90
FANERZE 71.70

Comp car L 2 ] 77.10
B4 ERAR 78.00
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Table 5 Ablation results for the number of attempts
chosenat random

EAEIE S Eill MR/ 5K Ao/ %
2 85.10

Pix3D mean 3 84.60
4 85.30
2 78.60

Comp car 3 76.10
4 77.30
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Table 6 Ablation results for effectiveness of spatial attention
and view complement modules

BIEE 2 ik A eropt/ %
B 78.90

Pix3AD mean FEME+SS[EFE T 82.90
FEUE+25 [A) 3 B + LB #b 7 85.10
Bk 77.80

Comp car FEME+SSE)ER S 78.00

HEUE+25 (0] TE )+ LR AR 72 78.60
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