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Monocular 3D Object Detection Based on Height-Depth Constraint and Edge Fusion

PU Bin' ,LIANG Zhengyou'* and SUN Yu'*
1 School of Computer and Electronics Information, Guangxi University, Nanning 530004 , China

2 Guangxi Key Laboratory of Multimedia Communication and Network Technology,Guangxi University, Nanning 530004, China

Abstract Monocular 3D object detection aims to complete 3D object detection using monocular images,and most existing monoc-
ular 3D object detection algorithms are based on classical 2D object detection algorithms. To address the issue of inaccurate in-
stance depth estimation through direct regression in monocular 3D object detection algorithms, which leads to poor detection ac-
curacy,a monocular 3D object detection algorithm based on height-depth constraint and edge feature fusion is proposed. In the in-
stance depth estimation method, the height-depth constraint is calculated by the instance 3D height and 2D height under the geo-
metric projection relationship,mainly converting the prediction of instance depth into the prediction of 2D height and 3D height of
the object. To address the issue of object truncation at image edges in monocular images,an edge fusion module based on depth
separable convolution is used to enhance the feature extraction of edge objects. For the multi-scale problem caused by the proximi-
ty and distance of objects in the image,a multi-scale mix attention module based on dilated convolution is designed to enhance the
multi-scale feature extraction of the highest layer feature map. Experimental results demonstrate the effectiveness of the proposed
method,as it achieves a 7. 11% improvement in car category detection accuracy compared to the baseline model on the KITTI
dataset,outperforming the current methods.

Keywords Monocular 3D object detection, Height-Depth constraint, Edge fusion, Multi-scale feature, Attention mechanism

LA B 258 i 3D kil
TEHH 3D BARKIMAE 55 b, i 78 B R R HRE R it 2D
15 19 3128 B U, T R SR TROE T I8 2 BARDLANE PLAA A5 B 8 I 01 R B 1 T et e L S RS A £ 2 4
AL 3 i AR 24T 3D BRI, A TR TWOCHIE M WEM T RE Tk RIS . e EE R E R A
Z BARPLIG 7 3, 56 T 50 HARBLE KR I 7 2 A8 AR 7 T A AR L A7 A5 5 G (9 155 00 3 22 W R AE AR R R o 4 229
BFEMRA. BH 3D ARG IEERE T8 A -G ERH PRSI0 T 1 A H R B AR B2 5, R EH IR KA

1 3l

if

FF5 H 1 .2023-05-10 &4 H 1] .2023-08-10

HHTH FK A AR S (62171145)

This work was supported by the National Natural Science Foundation of China(62171145).
A5 VEH R 1IE K (shyliang@gxu. edu. cn)



O TR RARSNGMAE A E 3D B irk

193

G230 TR PE P 22 W 2% 2 T SRR S R AL 1A 1 22 RUBE (]

BT PRI S ) AR SO T — R T LM R T
R 27 K (Height-Depth Constraint in Geometric Projection,
HDCGP) 5% R E Rl & 1B H 3D Birt A %, 556,
W E LR R W 3D w5 2D i 5 32 2 S 4
TR N B X S B R B B A T R A SR X 3D S 2D
1R B AL T 4 v S R B A T R T S L R B R G
SRR In) R 4R T IR TR E R A S B A R A AR
BT 3 3 30 Gk B AR R AT B I, T A Hb A e B bR R T IR L T
WX AR IR E R E RS 2 RERMNZ REHRZ

R, AR ST 4 R [ 23 R 3R 25 3 4 BUR 58 O = i )
1&%#¥%¢Tfﬁl’§lﬁ@§ﬁi BRI, I 2 ROE MR &
A 2 ) 5 T b % R R R A P AT i R A 3R
B, EJE &Knnéﬂ)“%t A7 XF L S5 L 45 R4 HE T A
SCE R A R AR

2 MHEXHR
B & TR IE T BB AN WT & J, 5 H 3D A T i

THERER, AT Jbb%ff*ﬁ%ﬂ?ﬁ%ﬁﬁ%ﬁ%ﬁ%ﬁ*ﬂ
}‘}'jﬂ [//(—F 4 *:F:
DRETHREMESISNIrE, XEEEA R B TREAN

TR PG R RIRE R RER SR HEGRSE S
By K4S . DALCNPTFI DDMP-3DM J2: 3% 25 J5 12 i 45 v g
o DALCN $2H T —Fh R 345 BT 26 M 4% L Sl A 8l 2% ) 3k
TR T P 0 B R B 2 8, v IR TR S e B Tk
Wk YA 2 )5 B ), DDMP-3D 2 H T — Fh 3 B 56
B SR 1 B A M5 1% 3 I 4, IF 3 A O B TR B 4 A AT
55 O U TR B S S R R R e, X 2SO YRR I TS 15 5
AR 3 GR i TR 57 BR T R B A 1A 28 i o o, JEL T 2R 2
S — 25 A H 3D HARK AL
DT ARE BT ik, 20y vk E i SE 7K 3D
Bt AL 5] S8 H 3D BHARK M k0 2= 3 REHE
228 SGM3D™, SGM3D K H T £ kL B 57 1iE Xt 55 MLl . F FH
FEL AR A J2 VORI A0 48 052 UK B SRR AIE X 57 R B 5 B H R AR I
15 F ToU VE L iy R AF X 55 J7 5 78 S AR N 20 B 30 =2 18] 064 7
YR G ) R AE XS 5, o B TR D P . SGM3D A F A7 4 ]
IS, 238 o R EE B 5 50 B BRI R AEAS 58 2 VLRL,
TSI T e S0 H 3D H AR I B B 472 fLEE 17
DEFTEFBFRBI R H L, TP 5N F 5N
= A5 BAE S Tl B W AT R R S, 7 4 B A T A ELR
2 HAMLEE . MonoRUn™ , CaDDN™’ I MonoDTRM" Jj&
AR MR F M . MonoRUn A RLTE [ W5 B 1% 00 F 2%
AR 2D-3D %R AU B, I ) B 4 09 R o dE k1 7
GG EAF B Y . SR MonoRUn BEAI A W78 gt
FE 2 H B FEAT 3D R, - Z00g T XS24 R A B
RO ISR R F IR BT AR LT ORI e 4 A
TR . CaDDN 3 30 R BE 43 25 58 2k WLk R A, I 3 2 A BL
SR — 5 AL R TR FARAE, O 58 B BEV K¢ AE A AT 3D

K.t F CaDDN it F £ A~ A #6433 56 B 3D & i, P
I LA 7 A I B2, AN T SE AT 3 5t . MonoDTR M
¥ Transformer™ G| A B H 3D H A5 A I 45 5%, , i 5o %6 B 8%
R I 18 5 4SS B 0 VR BE IR Transformer #E32, ;&ﬂéﬂi?
SRR B RS0 R AF 09 28 & L B BE 37 B 4R A% 1] Transformer
AR E AL E BN, AT DL 4 B Transformer i F 5B
3D HFRK I 45 38 . {5 MonoDTR {ifi H 19 B 13 = 71 HL il e LA
Ab 3R 22 RUBE H bR, 28 30 %3 i B AR i 46 0 68 0 T RE .
OFEFHBRIEM %k, RFME T IEH SMOKE®,
MonoPair'* , MonoFlex"'* , GUPNet**) , MonoDLEM! , DEVI-
ANTE & 530 #5305 0 L ART 6 560 240 3R0RN 38 B A 31
R0 E P ORI = ST ik M A . SMOKE i1 T 3 F G4
W) 3D Al 43 3 I Bk T 2D & 4> 32 . MonoPair % J& T H
NGRS R SR S S 0 Ry I b g = M T SR TN VA 1]
R PR T 5 AR 48 B AR %t A 3D B B . MonoFlex #i T
fﬁ@%ﬁﬁi%ﬁﬁﬁ%ﬂmﬁﬁﬁﬂﬁmﬁ"ﬁ?ﬁ RV IR S b P
A R JBE R L ] 1 % B AT R A 1 52 ) R A i . GUPNet
I L AT AS 9 1 45 5 *%ﬁ%%g%JL{T&?/L&EﬁLkﬁﬁij(@
B I T A R AT 55 2 3] R fift e AT 55 R S U 2 ) ) i
MonoDLE 7ERI A HEAT T — R 5 09 52 56 & B0 @ 4% 22 S 3%
Wi B H 3D A G 0 ASE A P RE Y SC B R . R Ik, MonoDLE
YCHE T A SR R T A 3D AR L IR & 2D A
RE L AR IO O s 3, AR FH B B e LA L 7E 52 481K
BEA T 55 1. MonoDLE R FH T S 8 %8 JR 3 %o 55 4] O
HEAFAG . DEVIANT 42 H T ¥R i 45 48 1 19 4% Ofc fife e 307G ol
26 W 5 BB AR AL B 3D 25 ) Hh 04 4T 35 - B B i = 45 AR Y )
B, X ST m)E Y O vk U0 B H IR 58 ORE T 1 25
5 B R o Y A IR 0 S R B A T O i R
R UART £ 52 0 S0 TR B A o 0 sk T T I el = W B 09 2D =
BE5 3D EETM . e Ab, 53X 28 vk R oA BB FE 4 A A A H A
80rb I 300 2% TR AE L B B A 1 22 R R AR B T % A8
H bR DL K3z 3 RS — S0 H A 0 46 g

3 AXFIE

B H R L [0 5 S 51 R TR K A T R T i 44 O 8% 42 B
FYRFAE . AL AR BT SR AR 4 AR RBE I, T 5 ) 1 B2 Ak 3t
YA 5 T X T3 2 3 A 0 45 9T A A9 1) H A L T g o S
T G W B, 100 B0 AL [R) R, 8 Ak H AR A R SRR RRAE R
JFE /IS BRI A S R BE A N v, B IR B AR R SR
FEAFER A — ik 2 S 3 B AR 2 ROEE R R B AR SR
I R R R T i T S A [ 4 R A O o

[ R, £t T — b TLAAT 5 B2 19 15 T4 2 TR S 9 I B Al O i
W HAR I SEBIR B AL T R AL X BAR Y 2D m S 3D
TN L JF X 3D S 2D BT T Y B AR A Ok R A
LR, XF T PG i % A8 T 2 40 100 s ez ) A0, 3 1 B T IR B T
I R T % Rt & K Bk (Edge Fusion Module based on
Depth Sepqr'lbeConvolution,EF—DSC) B W TS [F) B S
Hbn e R b iy 2 R ) 8, w3t 7 & T W B



194

Computer Science FHEHMFIZ Vol. 51,No. 8. Aug. 2024

Z RER A E B R (Multi-scale Mix Attention Module
based on Dilated Convolution, MSMADC) .

BEJG 3.1 WA ARG BARE 1,3, 2 %ﬁé”dﬁ“ 2y
SN A 7 Ik . 3. S%ﬁf’HﬁTﬁc T g3 A AR 2

3.1 BN
5 2D H A5 A W 45 48, Mask R-CNN- e H = By Be i1 35
T 5 1 A 3 28 0 205 A AU ] A D n A X, X U N R I

AT 42 5 8 A 58 AR I G RE . 32 b S & . AR SC LA Mono-
DLE R R 3al %3 T — A B B 3D B A7 46 0 W
Z I 1 TR,

— MBSk X
EF-DSC —» #[H,p %

EF-DSC —» 2D ¥4 %
EF-DSC —» 3D # 4 %

DRI X
|2D%f§

AR, 3. 4 A HET S HER E’Jzﬁ'wﬁénﬂzajﬁ%
He,3.5 W4 éﬁﬂiiﬁzﬂﬁmﬂﬁﬁmﬁé&
DLA-348 TR %

? A

Cy l

. T > DLAUP —» -

" t

@3

f

t

A FRAFAE

Mask#ff fiE
ROI Align

3BDRApH——>

’ ﬂw

Bk X
3DEE

AR X

B 1 ZErBer s E 3D H ARG I M 2 4544

Fig.1 Structure of two-stage monocular 3D object detection network
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i5-12490F, N 7£ M 16 GB,GPU 2 RTX 3090, KRS &
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177 LR 140 DMFER . BTG 2% 2T %2 0. 001 25 FIALH
FIH K 0.00001 B Adam fRAL#R  ZEHT 5 A48 UK B SR FH 1T #4
S, 25 ) TP BILESS 90 A 120 ANFE R T FE N IR 1/10,
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Table 1
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D4LCN 3k , AR S R 78 3D AT 45 Fl BEV T 45 L &R R B
Y R AR R TR AR TR A Ah Lidar 8088 U1 2R 1Y
MonoDTR 4%k, A CJ5 ¥ 7E BEV {45 1 W1 4% 5, 3D 46 il
AT 45 D0 76 o B R AT MR B R T 1. 59, AR SCITILAE 3D
K AT 55 b 5 M BE 5 AN AR BB AN S I 25 19 CenterNet(Geo-
Aug) P B R IAN Y L7 BEV AL 55 3 Rl B (R 80 258 A
M) RGP E 2 AR T T 2. 65,0. 94,1, 26, A 3CT7 ¥k T
1R TR 2 T I S R B A T O i 3k — 2 B T R S A A IR
FE AR T TR A AT LA AR AR 58 45 A0 K0 B9 17 50 X6 3 R R AE LU
R 2o ROBERAAE SR AT 1 TR FR . 38 3 25 A el AR SC T 4 A A
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Performance comparison of car category with different methods on KITTTI test set

Methods Extra data APSD\erOHuU)UJ APBEV\RI()\I(;U?)O_T

Easy Mod Hard Easy Mod Hard
D4LCNLE] Depth 16. 65 11.72 9.51 22.51 16.02 12.55
DDMP-3DL6] Depth 19.71 12.78 9. 80 28.08 17.89 13. 44
MonoRUnl8] Lidar 19. 65 12.30 10.58 27.94 17.34 15.24
CaDDNLYJ Lidar 19.17 13.41 11.46 27.94 18.91 17.19
MonoDTR!10] Lidar 21.99 15. 39 12.73 28.59 20. 38 17.14
SGM3DL7] Stereo 22.46 14.65 12.97 31.49 21.37 18.43
SMOKE?] None 14.03 9.76 7.84 20. 83 14.49 12.75
MonoPair-3] None 13.04 9.99 8. 65 19. 28 14.83 12. 89
MonoDLEM] None 17.23 12.26 10. 29 24,79 18. 89 16. 00
MonoFlex[12] None 19. 94 13. 89 12.07 28. 23 19.75 16. 89

GUPNet-13] None 20.11 14. 20 11.77 — - —
DEVIANTL14] None 21.88 14.46 11.89 29. 65 20. 44 17.43
CenterNet(GeoAug) 24] None 23.41 15. 26 12. 80 31.58 20.75 17. 66
Ours None 23.58 15. 49 12.79 34.23 21. 69 18.92

F2 B T AR AR KITTI S ik 4 B 5 H by 3k 19
X HE 9B 2 S, AR S VI RO 1 595 R AT DORNE 1y
TR A RUAE Sy HGR BE Al 4%, 1 DORN B8 39 Il R 804 5

KITTI 085 4 1 5600 77 76 5 &, DI A B i S8 580 3k 5 {0
FH KITTT 585 82 00 550k JEAT F AR L DR £ Bb 50 45 21 19 A TE 1k
AT HEE

F 2 KITTIRIESE By 428005 R [ 7 s 1 1 e X He

Table 2 Performance comparison of car category with different methods on KITTTI validation set

3D@IoU=0.7
Methods

BEV@IoU=0.7

3D@IoU=0.5 BEV@IoU=0.5

Easy Mod Hard Easy Mod Hard Easy Mod Hard Easy Mod Hard
CenterNet! ! 0. 60 0.66 0.77 3.46 3.31 3.21 20.00  17.50  15.57 34,36  27.91 24.65
MonoPair 3] 16.28 12.30 10.42  24.12 18.17 15.76  55.38  42.39  37.99  61.06  47.63  41.92
GUPNetl13] 22.76 16. 46 13.72  31.07  22.94 19.75  57.62  42.33  37.59  61.78  47.06  40.88
DEVIANTL14] 24.63  16.54 14.52  32.60  23.04 19.99  61.00  46.00  40.18  65.28  49.63  43.50
CenterNet(GeoAug) 2] 24,53 17.23 14.32 — — — — — — — — —
MonoFlex/1?] 23. 64 17.51 14.83 — — — — — — — — —
MonoDLEL] 17.45 13.66 11.68  24.97 19. 33 17.01 55. 41 43.42  37.81 60.73  46.87  41.89
Ours 24.56 17.59 14.67  33.25  23.55  20.11 64.89  47.40  42.39  68.64  50.80  45.59
Improvement +7.11  +3.93  +2.99 +8.28 +4.22 +3.1  +9.48 +3.98 +4.58 +7.91 +3.93  +3.7
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Visualization results of validation set

Fig. 5
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Table 3 Ablation studies on KITTI validation set

Methods 3D@IoU=0.7 BEV@IoU=0.7
Easy Mod Hard Easy Mod Hard
MonoDLE * 16.97 13. 86 11.79 24.10 19. 87 17. 44
MonoDLE+ EF-DSC 20. 20 15.55 13.91 28.66 22.07 19. 33
MonoDLE+MSMADC 17. 38 14,45 12.28 24.87 19. 90 17.91
MonoDLE+ HDCGP 21.54 15.57 13.83 29.98 22.13 19.05
MonoDLE-+ EF-DSC+ MSMADC 21.00 16. 82 14. 38 30.41 22.89 19.79
MonoDLE+ EF-DSC+ HDCGP 22.91 16. 83 14.25 31.33 22.71 19.43
MonoDLE+MSMADC+ HDCGP 22.63 17.31 14.51 30.92 23.05 19.75
MonoDLE+ EF-DSC+ MSMADC+ HDCGP 24.56 17.59 14. 67 33.25 23.55 20.11

GWIE AR T M R RA R 5 A KRR A
R H 3D H AR ISk . a Bl Y e R 24 TR 5 52 ) IR
JE 5 95 S I BN EE IR BT 43 28 A4 AR 300 Skl A B D) R 3k
TREMEBRN 2 RERAEE Y M T A SO 3 H
3D BARRT IS, TR ST A5 R R AR T AR A AL, AR
SCHTVEAETR A 3D KR BE B4R T 7. 1150, eI AR X L
STEG AR SO AR IR BEV KT 45 19 3 B 2 4 0 L 4
MBS T 34.23%,21. 69 % F1 18. 92 %6 B K A B , A AL T
Hob 3%

G A S5 15 R 05 ) O e ) o 8 T 5 325 SR At v TR 24
WU B B — SBR[ B L AT E R
A Ja B AR PR R TS 22 U AR J7 36 5K A S5 491 TR~ 32 [ e 7
W2 b R ST A0 o] B G 1 A1) 7R S R RO R T B B PR AR
3D ZE [ FIRAEST .

2 % X M

[1] ZHOU X,WANG D,KRAHENBUHL P.Objects as points
[EB/OLTJ. (2019-04-16) [ 2022-09-24]. https://arxiv. org/abs/



LA RET RIR AN S A GRS R E 3D H AR

199

2]

[3]

(4]

[5]

L6]

7]

[8]

9]

[10]

[11]

[12]

[13]

[14]

[15]

1904. 07850.

LIU Z,WU Z,TOTH R. Smoke: Single-stage monocular 3d ob-
ject detection via keypoint estimation[ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition Workshops. 2020:996-997.

CHEN Y, TAI L,SUN K,et al. Monopair: Monocular 3d object
detection using pairwise spatial relationships[ CJ // Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 2020.:12093-12102.

MA X,ZHANG Y,XU D,et al. Delving into localization errors
for monocular 3d object detection [ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2021:4721-4730.

DING M,HUO Y, YI H,et al. Learning depth-guided convolu-
tions for monocular 3d object detection[ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition Workshops. 2020:1000-1001.

WANG L,DU L, YE X, et al. Depth-conditioned dynamic mes-
sage propagation for monocular 3d object detection[ C] // Pro-
ceedings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2021:454-463.

ZHOU Z.DU L.YE X,et al. SGM3D:stereo guided monocular
3d object detection[ J]. IEEE Robotics and Automation Letters,
2022,7(4):10478-10485.

CHEN H,HUANG Y, TIAN W,et al. Monorun: Monocular 3d
object detection by reconstruction and uncertainty propagation
rcl/ Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition. 2021:10379-10388.

READING C,HARAKEH A,CHAE J,et al. Categorical depth
distribution network for monocular 3d object detection[ C]J //
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 2021.:8555-8564.

HUANG K C,WU T H,SU H T,et al. Monodtr: Monocular 3d
object detection with depth-aware transformer[ C]// Proceedings
of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2022:4012-4021.

VASWANI A,SHAZEER N.PARMAR N,et al. Attention is
all you need[]]. arXiv:1706. 03762,2017.

ZHANG Y, LU J,ZHOU J. Objects are different: Flexible mo-
nocular 3d object detection[ C] // Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition. 2021
3289-3298.

LU Y.MA X, YANG L,et al. Geometry uncertainty projection
network for monocular 3d object detection[ C] // Proceedings of
the IEEE/CVF International Conference on Computer Vision.
2021:3111-3121.
KUMAR A.BRAZIL G,CORONA E.et al. Deviant:Depth
equivariant network for monocular 3d object detection[ C] //
Computer Vision-ECCV 2022: 17th European Conference, Tel
Aviv,Israel,Part IX. Cham: Springer Nature Switzerland, 2022 .
664-683.

HE K,GKIOXARI G,DOLLAR P,et al. Mask r-cnn[ C] // Pro-

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

ceedings of the IEEE International Conference on Computer Vi-
sion. 2017:2961-2969.

YU F,WANG D,SHELHAMER E, et al. Deep layer aggrega-
tion[ C]J // Proceedings of the IEEE Conference on Computer Vi-
sion and Pattern Recognition. 2018.:2403-2412. .

KENDALL A,GAL Y, CIPOLLA R. Multi-task learning using
uncertainty to weigh losses for scene geometry and semantics
[C]//Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition. 2018.7482-7491.

WU Y. HE K. Group normalization[ C] // Proceedings of the Eu-
ropean Conference on Computer Vision(ECCV). 2018:3-19.
WANG Q,WU B,ZHU P,et al. ECA-Net: Efficient channel at-
tention for deep convolutional neural networks[ C] // Procee-
dings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2020:11534-11542.

HE K,ZHANG X,REN S,et al. Deep residual learning for
image recognition[ C] // Proceedings of the IEEE Conference on
Computer Vision and Pattern Recognition. 2016.770-778.

LIN T Y,GOYAL P,GIRSHICK R.,et al. Focal loss for dense
object detection [ C] // Proceedings of the IEEE International
Conference on Computer Vision. 2017:2980-2988.
MOUSAVIAN A,ANGUELOV D,FLYNN J,et al.3d boun-
ding box estimation using deep learning and geometry[ C]// Pro-
ceedings of the IEEE Conference on Computer Vision and Pat-
tern Recognition. 2017:7074-7082.

GEIGER A,LENZ P,STILLER C,et al. Vision meets robotics:
The kitti dataset[J]. The International Journal of Robotics Re-
search,2013,32(11):1231-1237.

LIAN Q. YE B, XU R,et al. Exploring Geometric Consistency
for Monocular 3D Object Detection [ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2022:1685-1694.

FU H,GONG M, WANG C,et al. Deep ordinal regression net-
work for monocular depth estimation[ C] // Proceedings of the
IEEE Conference on Computer Vision and Pattern Recognition.

2018:2002-2011.

PU Bin, born in 1997, postgraduate. His
main research interests include mono-
cular 3D object detection and image

classification.

LIANG Zhengyou, born in 1968, Ph.D,
professor, is a member of CCF (No.
16803M). His main research interests

include computer vision, artificial intel-

ligence and parallel distributed compu-

ting.

(AL G 4 AT 4D



