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Monocular 3D Object Detection Based on Fused Sampling and Depth-scale Constraints

SUN Hu-Cheng, ZANG Ke
(College of Automation, Qingdao University, Qingdao 266071, China)

Abstract: Aiming at the poor accuracy of monocular 3D object detection algorithms caused by the sc‘:ale differences of
objects with different depths in monocular images, a detection algorithm based on fused sampling and depth-scale
constraints is proposed. Firstly, to enhance the ability of the sampled features to represent objects at different scales, a
multi-scale fusion module (MFM) is constructed. It fuses the sanipled features at different levels and scales through
hierarchical aggregation and iterative aggregation, thereby: imprO\}ing the ability to extract implicit scale features of the
objects. In addition, a depth-scale correlation module (DSCM) is constructed. It uses the linear projection constraint
between depth and scale for compensatory scaling of objects at different scales to the same feature level, balancing the
model's focus on ebjects at different distances. Quantitative results based on the KITTI dataset and Waymo dataset show
that for both types of datasets, the proposed algorithm improves the overall average accuracy AP;p by 1.56 percentage
points and 3.07 percentage points, respectively, compared to similar algorithms under multiple difficulties, which verifies
the effectiveness and generalization of the algorithm. Meanwhile, qualitative results based on the two datasets validate
that the algorithm significantly mitigates the impact of the object scale differences on detection performance.
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i E R %N

F R B R AE KITTL AR B3R AT 3] L 23 T, S236 PRI E REHEAL 55 1 MSE AR SRR, HER 2 2 1
LRI 1 s, SR, A SRR PR R FR T, SE M T R,

F 1 AFEFEPET KITTI RS A =500 B R U P REXT L
AP3p@IoU=0.7 (%) APgry@10U=0.7 (%)

Method Extra data Runtime (ms)
Easy Moderate Hard Easy Moderate Hard

DDMP-3D"! Depth 19.71 12.78 9.80 28.08 17.89 13.44 180
MonoDTR™! Depth 21.99 15.39 12.73 28.59 20.38 17.14 37
MonoDistill>* Depth 2297 16.03 13.60 31.87 22.59 19.72 40
CaDDN! Lidar 19.17 13.41 11.46 27.94 18.91 17.19 630
PatchNet-C" Lidar 22.40 12.53 10.64 — — — \ —
DD3D?"! Lidar 23.22 16.34 14.20 30.98 22.56 2003 = —
CMANF® None 17.77 11.87 9.16 25.89 17.04 42.88 —
MonOAPC™ None 18.77 12 9.75 2891\ | 1967 16.99 35
DEVIANT? None 21.88 14.46 11.89 = 29.65 2044 17.43 —
MonoFlex!™ None 19.94 13.89 12.07 4 2823 19.73 16.89 35
GUPNet!'! None 2226 15.02 " 13.12 30.29 21.19 18.20 34
MonoCon™” None 22.50 16.46 13.95 3112 22.10 19.00 26
Ours None 23.82 | 16.29 14.36 32.65 23.08 20.11 32
Improvement — R +132 —0.17 +0.41 +1.53 +0.98 +1.11 +6

e 1AL, RSB R A KITTI Y 4 {5 8, R A SO B R0 PR A DMk 2 W I T MonoCon,
3 ANAEEE AR LIS TR SN I SR i AR I A B SR G, S Ll A SRR A S 5 T AT B R A S

LR LR LA YEREHEA 5 1 97775 MonoCon
FHEE, Prie B R By e s . s IHE 3 N b
APy FIRE B IR T T 132 N E A —0.17 NE
M 0.41 NE S AL APy HIKE B2 AR T 1.53 4
F . 098 ANEAr AL LI AE 85, e L Fh
MERE R IZEA APyp il APy 23T T 1.56 AN EH 4>
Mo 3.62 AR SR TRt EE R . BT
MFM HEELER] 4G RAE B B AT K& 1) RAE AURRAE
Rl 3R DU AT BE S UE B8 A B AR SEPR R B3 X

7. A, A% SCRER A VAR A (PR AT A A K0
BRI, ZFHE R FHI%54 APsp I APgpy 1t T-16i
VR T AR 44 1) MonoDistill B3R i 5 7
{E MAAME 1) DD3D Bk, A RGEN T 4 SCH
R FE LA 5% (R T P R 70 7 T 1) . %
. | 29"
ﬁﬁ—é%ﬁ%ﬁﬁﬁﬂ%@%%ﬁ&ﬁiﬁﬁ
A ToU BES ¥ R th 1505 545 T ) 26 B 5 7E
KITTH B4 L AT RGO He, 459015 2 s,

R 2 ANEEEFETF KITTI 30 UEEE F 225028 0 BRI 14 BE X E (%)

AP, @loU=0.7

"APgy@IoU=0.7

AP, @IoU=0.5 APgpy@IoU=0.5

Method .
Easy = Moderate Hard Easy = Moderate = Hard Easy = Moderate  Hard Easy = Moderate = Hard
SVDM™! 225, 1462 1526 3116 2224 2318 — — — — — —
GUPNet!""! 22?76 16.46 13.72 31.07 22.94 19.75 57.62 42.33 37.59 61.78 47.06 40.88
CaDDN' 2357 1631 13.84  — — — — — — — — —

[30]

Ground-aware 23.63 16.16 12.06 — —

MonOAPCE! 24.58 16.94 13.92  34.40 24.85

— 6092 4218  32.02 — — —
2111 — — — — — —

DEVIANT? 24.63 16.54 1452 32.60 23.04
Ours 24.68 18.76 1501  34.62 25.11

19.99 61.00 46.00 40.18 65.28 49.63 43.50
21.14 64.73 46.31 40.20 69.11 52.34 45.28

17 2 AT, FERMECN 0.7 (7 2A8 26 1F T, 152 3 Fil
HERE K] APy 73wl 1 0.05 N E 75 s, 2.22 4
By 0.49 AN r A, APppy 20 AR E 7 2.02 M
YR 207 NEAY A LIS ANEAS S ERE RN 0.5 1)
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BERAFAT R, Y 3 Bl B A APsp 4 3R S

3T3AES RS 031 AN ES AL 0.02 N5 AL, APgpy
SRR T 3.83 ANE ML 27T AE S ML LI
I R, S5 AL B CRAIE T AR SCHTH I R I A . A2
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i H AR SN A

Xt R AU E br BAT 58 KRR RS- HURE 1K 2 R
PERFE R S AEB AN FE T, SRR TR BB UL
ARG A IR FERFAE . R A — (b 45 S i R
BOAR G I R RFAE R OR 3R 70 5 B R i) H At
ATHEHA 3D KI5 R AL e

E— D IRIEA ST i AR iz AP fE, AR SC
FEH J7 PP SR AR DR IZ AR 5 H AT ER A H 3D H
PRI Y AE Waymo Y6 UESE_EREAT XS L2 #r, SEBG &5
RN 3 Pis.

HI3E 3 W LALER B, 5 [FSREER L, ASCHriz
SRR 2 ol B2 R 29 IS 1 S DAL S RO A U 4 R

AR, BT RS R, %4k APy, $27F 3.07 AF
49 5, Bk APH,p 3271 24 ANE A AL 58 1. £ 2 M
FEF 45 B — B, HILIAE T AR I R B
R IIZ AL AL . SRTTTEEAE 50 m BASh X 58 97 A B
1B AR AR T R, T8 DR 78 T A8 SR PR 9 2 FE T
VR IR 4 IR A R 1 77 N L RRVR BEHEAT 2 5, o
7] MonoJSG 3% —FE 71 B A5 I B AT 46 B
R, ARSI R B 00 B B AL R 44 R AE T e
SRAERREBUIN I A, 5 HEHOAR Bk A 7E 50 m
DAAH 6 B U T4 2 4 ok TR A, A5 G T
MO LS R O Gy ¢

%3 REEEET Waymo %oil S e i b Wik et

. AP;p (%) APHzp (%)
ToUsp Difficulty Method
0—com  0-30m =30-50m  50-com 0—com  030m  30-50m  50-com
MonoJSG*? 0.97 4.65 0.55 0.10 0.95 4.59 0.53 0.09
Level 1 GUPNet!'! 2128 6.15 0.81 0.03 227 6.11 0.80 0.03
AY %
- DEVIANTE!! 2.69 6.95 0.99 0.02 267 6.90 0.98 0.02
p Ours 2.93 7.42 1.02 0.03 2.89 7.38 0.99 0.03
0.7 . -
MonoJSGP 0.91 4.64 0.55 0.09 0.89 4.65 0.53 0.09
Level 2 GUPNet!!! 2.14 6.13 0.78 0.02 2.12 6.08 0.77 0.02
eve
- DEVIANT®Y 2.52 6.93 0.95 0.02 2.50 6.87 0.94 0.02
Ours 2.71 7.22 0.99 0.03 2.67 7.04 0.97 0.03
MonoJSG"*? 5.65 20.86 3.91 0.97 5.47 20.26 3.79 0.92
Level 1 GUPNet!'!! 10.02 24.78 4.84 0.22 9.94 24.59 478 0.22
eve 5
- DEVIANT? 10.98 26.85 513 0.18 10.89 26.64 5.08 0.18
Ours 11.33 27.64 5.78 024 11.06 27.24 5.51 024
0.5
MonoJSGH? 5.34 20.79 3.79 0.85 5.17 2019° | 367 0.82
Level 2 GUPNet!'! 9.39 24.69 4.67 0.19 931 | 2450, = 462 0.19
AY
- DEVIANT?! 10.29 26.75 4.95 0.16 . 110.20 26.54 4.90 0.16
Ours 10.96 27.12 5.43 021. © 1076 26.98 5.43 0.21

232 EVEEY

N B FEE o B B I SR I AR D VE RE, A

P23 IR U 5 (R % KITTLS90E 4 AT Waymo
FOHE 4 HEAT HE B, Rl TSR 58 51 2 MR F
T L % 1 T P S TR B L0 A 6 80 0 AR
TR 7 Frs.

] 7 Rt I 5 AR 3 8 AR R 26 H IR
R CR . T 4 R MR M9t % KITTI 508 4 i
MR, B 4 I8 Z A% Waymo KU 2 (Kl
SO AR ORI 59 3D H AR TR 1 76 2
H UG bR M8, 4503853 7% B ARAH A B 1) BEV
SR A UGS T LU 1, A SC TR
WH 3D EARK I IEHEE Y 3D H AR BUNHE X H
b B T R L T, IR b R B ) L

AR TR 2, Hoeh BEV MUK AT LA Y H kA X
7B AR A, 3R BRI TE VR FE 0 AL X 4 B A1 1) 4
L P TR FEE SRS AAE (0 035 ASE RS I AR FE F 3 2R A 7 R
F5. W4bh, N BEV R0 B o AT DU 5% 3112 51k e %
Ff RS N HH 500 4 P AR 1) B AR AR AR bR i () 3 B
BN E AR, X E A E T AR B2 RERHERE
B MFM PR B2 R AR AR R DSCML. Herfr MEM
TERFAESE B B e TR T IR T A5 A1, DR AR AE R
P S U B 4 B AR ) S AR RS, PR T R X AN [F]
SRR H AR ARSI E. 110 DSCM AR A BE B 1 H
P JE I LA 2 SRR 2R R 048 B[R] — K, B R i
TR AN [F R B H bR 0O R, B> T/ B AR RS
NI R MR, BB T Hbs R 2 kA6
SR R . H b, SRS A e MR B T BT
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SRR R
2.4 HERSCIE
SR I8 UE A SC AT B HH AR TR A AN 2R 43 B R

AT E A = ) 7 2AE KITTI 3e3F & 47 T mb
SEEG, 1k AR AL B 5] ) APyp A1 APppy O ECAR,
FEHEAT I HTITAS.

\_ I Prediction

I Ground truth )

7 KITTI S8 S b A AR 2

=

241 Z REERHERIE B

AL R E L 5 IR MFI\(I XW‘M PE e
RICREME, ASCI3 53k DLA-34 241 MEM ERET
R AE 32 U 4%, f%é&%ﬁvfﬁﬂm T80T HEAT X L sk
5, dE RN 4 Fon. NSRRI LG H, 2 OB R fil
AR MFM AR IIRS B 58 g, SR PRI ZE T+ DCN FEEAT
BRI RN RSB RAZ TN T WAL &, HEEEN £
JUBE . ASHN ) H bR, (1555 REAE B 42 BUCE W H bR
FLSETRAR, I BLAE AN 2 JURFAE fi A B HFN A IFN
(S B, BT e s 3 A UG P A RURHE, A7
FRERRAE B AR ALAE 7. e Ah GN X BRI B KA A
TR, BRAG 1 /Nt i )1 S A5 7R 4 i ) B2
AT S ASE R | 2 B B e

42 L4k Special Issue

R4 2 RUERHERE A BRI BE 2T (%)

Optional module Easy Moderate Hard
DLA-34 23.83/33.15 17.61/24.48 14.45/19.98
MFM 24.68/34.62 18.76/25.11 15.01/21.14

ﬁf! /ﬁﬁ’ﬁﬁ%ﬂy‘jAPn)ﬂ]APBEV{E.

242 WREEEACMZ

2B o ARG R FE [R1 U5 depth regression FIR & 55
B depth discretization 1F AR BEHE SR J7 V2 R 56 UF ¥R
B 4% DDN FIFEH. 45 R a1k 5 Fios, 5 3
AR PSR T T R R I 1 e, 3K BT AR POk
58 1) VR FEE AL 5 R R FBE S8 3 s 2 P AR 22, AT
AN FAR AR FEAE R 73 31— LR BE R0 2
[F I T 3 ik B AR 22, EHER S 2 bl
Xof VPR T 5 SR e B O A5 38 B FEE 0 A B i e 1
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i H AR SN A

RIESER, TS T TR TIRS .

RS URJEE B I 4 AU RE 1K R (%)
Optional module Easy Moderate Hard
Depth regression 22.35/31.32 16.31/22.03 13.38/18.96

Depth discretization ~ 24.68/34.62  18.76/25.11 15.01/21.14

/f /ﬁﬁ}ﬁﬁ}%ﬂ j.‘jApg,D;FHAPBEV{E

243 REH—MZ

LA AR L 5 BB [ T LI T R
— L% SNN, 528055 B0 6 Fis. W ST BL&
B, AE BRG] A — Ak 0 4% B AL i N R R AE B 1
BB A P R A — S DR RE RO F B, 0 S et PR e
R 0 T A L 30 P 1 2 2 R
BRI S 4507 80 T R D AR BE 0 W R T e
B/ BRI RS 73 F B, 1 A A ST H R
P 1 e 4 7 R S LB BRI 7
T 2 1 . Y

K6 UL R BT (%)

Optional module " Easy Moderate Hard
Without SNN 22.76/32.02 16.79/22.98 13.57/19.01
With SNN 24.68/34.62 18.76/25.11 15.01/21.14

Jf /ﬁﬁ)ﬁﬁ%‘J y‘jAP3D$uAPBEv{E‘.

3 45k

S e RS o OR [ BE B bR KR 22 R
3D ARAS I v Al 1 I R, AR SCER T — i T
A RAERE R AR5 H 3D H AR . %5k
M 2 PSR Rt e L4 A TR o R ) R
(04 A 77 () 6T, S i % B TR R A H AR R

JE 5 R L 2 18] (R J LT 295K 0% 2, AR BE T 8 75 3P

7 7 BRSO AN [ B H AR 0 %I L BT KITTT #idi
SR Waymo 4 H RIS SRIGHIE T AL 2 1 55
IR HAT . ?ﬁﬁﬁ@%ﬁ%ﬁﬁ%tﬂﬁ@ﬁ%*ﬁiﬁ?ﬁ%
A B AR B HARBCT iz, 2T H BRI
MEEREW EHPASHNMEEEAR, HHFTEES
I A HiCHfE T 11 2 DA S0 o e 3 0000 R R 00 L A, 4R
AR S B0 2 Ml AR i) RRLE — S R RE L BHAS 1 3%
AREIEAR, R AE AR SR T 25 18 TG M 2 ST AR 34T
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