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Abstract: Monocular 3D object detection in autonomous driving scenarios faces critical challenges,
including limited feature representation capabilities of convolutional networks, high computational
complexity of Transformer-based models, and heavy reliance on LiDAR assistance. To address these

issues, this paper proposes a novel monocular 3D object detection algorithm named MonoSPDC, which
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integrates global-channel attention optimization and multi-view joint prediction. First, a Global-Channel
Feature Reconstruction Module is designed to enhance feature representation in heatmaps by fusing global
spatial correlations with channel-wise attention mechanisms. Second, a Multi-View Joint Prediction
Structure is developed to dynamically integrate 3D corner geometric constraints with depth regression
results, significantly reducing depth estimation errors. Experimental results on the KITTI dataset
demonstrate that the proposed method achieves a 3D average precision (APy;,) of 24.87% , outperforming
the state-of-the~art methods MonoD TR and MonoDETR by 13% and 5%, respectively, while improving
detection speed by over 16%. On the Waymo dataset, it attains an APy, of 67.55% , surpassing CaDDN
and MonoCon by 5% and 10%. Notably, MonoSPDC eliminates the dependency on LiDAR-assisted
training, substantially reducing model complexity and data requirements, thereby offering a high-
precision, lightweight, and cost—effective solution for 3D perception in autonomous driving systems.
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Ja i Sk E (BEV) 17 IR .

AREPAERA RTX 3090 GPU _E I |
Ak %% % F AdamW '™ | epoch & & iy 100, batch
BEE N 8, W i > ok 3e—4, 43 5l #£ 80epoch Fl
90epoch i, 7 > F 535l 45 /N 104
2.2 FEHZR

2 1A SCHT 2 19 MonoSPDC #6 l 8 1= 78
KIT T4 b5 T Car 26 51 A9 4G 0 LA K X He 25
Ho R IoU=0. 7 E R4 M0 B H . Im-
Provement &/ 5 bR T A 53k 09 S 4 19 45 R 1Y
AL 4

MFR T AT DL A SCAE KIT T4 48 /4 D i
£ EXF Car 280 ] 2 Rl OK [W 08 75 09 380 R A7 42
T 14 % 70 B . MonoSPDC 7E i B (Easy) | H 45
(Mod) F1 [# ¥k (Hard ) 4% 55 Wl 3 H , APy Fil APy

PSS bR 200 T H BT 05 X WER] T Mono-
SPDC M 28 B it 1A RO o A< B8 1 A A D00 3k 2 5
GNEE AGL, P T 46 R 22 BV ARG DA DU 3, 7
# W # L, MonoSPDC 5 SMOKE™ |
MonoEF"" . MonoCon"* = A~ 8 Mt , XA 22 1
ms. 1 ms.5 ms, 1] 7 % W KE 22 J7 T, MonoSPDC
#H tb SMOKE . MonoEF . MonoCon 43 5l #& 7+ T
10.84.3.58.2. 37,

2 N A SCHT 4R Y MonoSPDC 7£ KITTI L
i AR 4 |, X T Pedestrian £ Cyclist 2 5
F RS I DL e %l g5 2R o SR ToU=0. 5 /E g Pe-
destrian #l Cyclist 28 | i B {A , metric = R40.

MR 2 h ] i, e KIT T 45 /9 i 48 |, %
Pedestrian F1 Cyclist 2251 5 Z FpAS [6] (4 £L 75 54 1%
AT T AR E B

1 3 MonoSPDC 7£ KITTI #flliX 85 _E 34 F Car £ A g0#a M Lb B 4 R
Table 1 Detection comparison results of the proposed MonoSPDC on KITTI" test set for the Car category

APy, (Car) APygy (Car)
DiRis 8] /ms
Easy Mod Hard Easy Mod Hard
SMOKE"™! 30 14.03 9.76 7.84 20.83 14.49 12.75
PatchNet'*! 400 15.68 11.12 10.17 22.97 16.86 14.97
MonoDLE"?! 40 17.23 12.26 10.29 24.79 18.89 16.00
CaDDN™ 630 19.17 13.41 11.46 27.94 18.91 17.19
MonoEF " 30 21.29 13.87 11.71 29.03 19.70 17.26
MonoFlex"*! 35 19.94 13.89 12.07 28.23 19.75 16.89
GPUNet' ™! 34 20.11 14.20 11.77 — — —
MonoDTR'" 37 21.99 15.39 12.73 28.59 20.38 17.14
MonoDETR' 43 23.65 15.92 12.99 32.08 21.44 17.85
MonoDistill ") 40 22.97 16.03 13.60 31.87 22.59 19.72
MonoCon"?) 26 22.50 16.46 13.95 31.12 22.10 19.00
Ours 31 24.87 16.78 14.19 32.94 23.17 19.90
Improvement — +1.22 +0.32 +0.24 +0.86 +0.58 0.18
&2 A3 MonoSPDC 7£ KITTI B9 illix £ 3t F Pedestrian ML & Cyclist 2RI B M K L & R
Table 2 Detection and comparison results of the proposed MonoSPDC on KITTI s test set for
Pedestrian and Cyclist categories
APy, (Pedestrian) APy, (Cyclist)
VRS A 1] /ms
Easy Mod Hard Easy Mod Hard

MonoDLE™ 40 9.64 6.55 5.44 4.59 2.66 2.45

CaDDN'™ 630 12.87 8.14 6.76 7.00 3.41 3.30

MonoEF!! 30 4.27 2.79 2.21 1.80 0.92 0.71

MonoFlex' 35 9.43 6.31 5.26 4.17 2.35 2.04

GPUNet'®! 34 14.72 9.53 7.87 4.18 2.65 2.09

MonoDTR'™ 37 15.33 10.18 8.61 5.05 3.27 3.19

MonoDistill "’ 40 12.79 8.17 7.45 5.53 2.81 2.40

MonoCon"* 26 13.10 8.41 6.94 2.80 1.92 1.55

Ours 31 16.06 10.35 7.84 7.64 3.55 2.99

Improvement - +0.73 +0.17 —0.77 +0.64 +0.14 —0.31
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% 56 %

1E Pedestrian 28 3l # , % F Transformer A
MonoD TR %3 7E Hard /T4 U T e A48 75 19
WGt . A SCHF 2 MonoSPDC 7E Easy #ll Mod 1T 55
S T FeERY LS. MonoD TR % 7 Hard T
55 TR OL TS 1Y S 25 T I T OB A BUIME
JE (B B RS B 25, (EX 4 MonoD TR 8k 1)
Y2 A T 3 T MonoSPDC., # b F MonoDTR
BT L ME B Bh I ZE , MonoSPDC 7F H
Bl 25 T A5 S T A R RSO SR A AR 1) g
AU B B A X UE B T AR SCH R MonoSP-
DC B I BLASAIG 858 87 1 i Rk o

1E Cyclist 2 5] tf , CaDDN 5 3% 7€ Hard 1T 45
RS T L 55 B ST, MonoSPDC #£ Easy il
Mod 1T 45 H BUS FefE Bt . 5 MonoD TR %4 A
], CaDDN F3 32 b fiff F T % 1 1) R (B 15 B Rk
NI, s, CADDN B 4 I 25 45 ¥ - 43
2% FEMTIAE] T 630 ms. 3% — ¥l & MonoSP-
DC /Y 21. 34% . NI FE I A9 38035 I8 A8 FH T 2 i
T ) L 403

B4t 22 b, MonoSPDC . % ik 7 Waymo %%
4B B VR 422 3 5 CaDDN H MonoCon (95 5 1%
M AT T X F o AT, 25 5 n 3 3 T 7R . MonoSP-
DC 7754 2500 1 K6 00K B2 S B80T B B 4R T
Iy T 6.07.3. 31,

25 |, AR SCE B MonoSPDC 15 £ 4> B 48 ik
FTYGAE , Fe B0 TR 3 132 Ak, 0 IS 70 RS B 38 2 4
DU 3k B DL R 52 B g FH 1 T A7 Pk B Ak T 48 % 1Y
(o0
2.3 EESW

BT KIT TR 4 A8 SOt £t #9 Mono-

% 3 F7iE MonoSPDC 7£ Waymo B 38 i £ _E 33 F Car
LA LRER
Table 3 Detection comparison results of the proposed Mono -

SPDC on Waymo's val set for the Car category

APy, (Car) AP, (Car)
Method
Easy Mod. Easy Mod.
CaDDN'" 61.48 54.33 67.29 57.09
MonoCon'? 64.24 56.17 69.77 59.64
Ours 67.55 59.17 70.98 62.66
IMPROVEMENT  +3.31  +3.00 +1.21  +3.02

SPDC Bk h iy & 155 He A7 I Rl 52 50, T il S5 3
AR R 4R, KA SR TR b A
SC R A B B (FGCR, MVPT) LA A Mono-
Flex""" #1 ) EdgeFusion 5 £t # $& F T APy, 1
APy K35 45 . HooP EdgeFusion #55 B i 1 K
W11K 53 A inside F outside f) J7 2 42 TF T 34 ZR 3R 6
H #5 89 43 1 2, 7 MonoFlex F A 1 40 #) 5C %

SCHG 7 ANl FGCR #85 He f 52 56 8 i
FGCR AL H () 2 S [ 6 B, vl LA (8
FGCR B YA L T A fff FH FGCR B3, A2 1l 1
HeatMap o 3 50 1 4R 22 7% o0 (1 5 HE 9 T 7 ), it
HeatMap [ 4 BUSE AT 46, 4 i 1 90 IR 00RS i 2%

S 5 ANl MV P45 44 F1 52 56 8 ffi T MV -
P15 H) AR A& 7 i CE R 2 W TR, R
[] ), JHG € HE Ay LA, ¢ €0 A Ay G 45 2R Hy (]
A, MV P45 A8 D) 52 w35 7 6 40 1 R B (A 31 1
YA M A5 AR 1% S 57 T INORS o

b AR S, TS UE W] T AR ST R
) FGCR B HL R MV PL 544 L)L K& 51 H i) EdgeFu-
sion B (A4 w5 .

R4 RXETRHPAANERFCGR,MVPI LK X A # MonoFlex H i) EdgeFusion # 3 1T H B LI M 45 R
Table 4 Results of the ablation experiments were performed on the two modules FCGR, MVPI and the

EdgeFusion module in MonoFlex that were used in this paper.

AP, @IoU=0.7 AP @IoU=0.7

S BackBone EdgeFusion FGCR MVPI

Easy Mod Hard Easy Mod Hard
1 NG 17.21 10.32 8.13 23.33 18.02 13.44
2 N N 19.94 13.89 12.07 28.23 19.70 16.89
3 N N 20.03 13.54 10.55 26.76 20.09 16.88
4 N N 21.98 14.12 11.89 28.79 20.13 18.11
5 N N/ NG 22.03 15.10 12.86 29.76 22.06 18.50
6 N NG N 22.97 14.79 13.13 30.14 21.76 18.55
7 N N/ N 23.06 15.97 13.44 30.56 21.99 19.01
8 N N/ Nj N 23.87 16.78 14.19 31.94 23.17 19.90
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Fig. 6 Comparison of HeatMap effects generated with
and without the FGCR
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Fig. 7 Comparison of BEV detection results without
(left image) and with (right image) the
MVPI structure
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Fig. 8 Object detection rendering of the MonoSPDC algorithm
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Fig. 10 MonoSPDC in the actual scene of the

detection effect
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