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MonoDI: Monocular 3D Object Detection Based on Fusing Depth Instances

ZHAO Ke, DONG Haoran, YE Ning
(College of Information Science and Technology &. Artificial Intelligence, Nanjing Forestry University, Nanjing 210037, China)

Abstract: Monocular 3D object detection aims to locate the 3D bounding boxes of objects in a single 2D
input image, which is an extremely challenging task in the absence of image depth information. To address
the issues of poor detection performance due to the absence of depth information during inference on 2D
images and background noise interference in depth maps, this paper proposes a monocular 3D object
detection method called MonoDI, which integrates depth instances. The key idea is to utilize depth
information generated by an effective depth estimation network and combine it with instance segmentation
masks to obtain depth instances, and then integrate the depth instances with 2D image information to aid in
regressing 3D object information. To better use the depth instance information, this paper designs an
iterative depth aware attention fusion module (iIDAAFM) , integrating depth instance feature with 2D

image feature to obtain a feature representation with clear object boundaries and depth information.
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Subsequently, a residual convolutional structure is introduced during training and inference to replace the
general single convolutional structure to ensure stability and efficiency of the network when processing
fused information. Further, we design a 3D bounding box uncertainty auxiliary task to assist the main task
in learning the generation of bounding boxes in training and improving the accuracy of monocular 3D object
detection. Finally, the effectiveness of the method is validated on the KITTI dataset and experimental
results show that the proposed method improves 3D object detection accuracy for the vehicle class at the
moderate difficulty level by 4.41 percentage points compared with the baseline, and outperforms
comparative methods such as MonoCon and MonoL.SS. And it also achieves superior results on the KITTI-
nuScenes cross-dataset evaluation.

Key words: monocular 3D object detection; instance segmentation; feature fusion; residual convolution;

auxiliary learning
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Fig.1 Network structure diagram
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Fig.2 Iterative depth aware attention fusion module
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HEAR b HEAT 25 B 4R VP A
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B e & (R40) , AP FF3 B X3 W B AE 5 5 528 A9 38 31 F (Intersection over union, IoU) ¥ & 4 0.7,
2.3 LWHATMSHIRE

7K 3075 #: MonoDI 78 Py Torch HE 48 F 5281, Hiill 45 1 TREE
SEFEFE R GPU AT, B BRI IR b K/ 8, | K Table 1 Experimental configuration
IR JE 151 2 200, 27 2 AR AL &5 4% AdamW I35 & 4] e & 1
Uo7 2] R 2e—4, betas Z ¥ 4 (0.95,0.999) , AL H % CPU Intel(R) CORE i9-14900K
IR BN Le— 5, {0 AT 506 30 8 B 25 4 5 ) e T 2 W17/GB 64
le—3, K K04, 855 T F TR 2e—8, AR GPU Nvidia GeForce 4090%1
W ) B A0 8 0 B B R R K S 2 R A Ex Ubuntu22.04
G SRERHER R 1R . CUDA 11.8

2.4 KWHRDW
ARSI R 2RI S R, 5S8E FRMR T m—8, T FiR S g fr
A 5, AR SCHE KIT T & i 7 B R RE , JF 6 3230 45 SR 5 DD3D \MonoCon ,MonoL.SS 4§ 55 i#F
JTEIEAT T XA, SEER S5 R Un 3R 2 iR 6
#Fz2 MonoDI5EfAEE T SEE 3D B RIEAELELE

Table 2 Performance comparison of MonoDI and other methods based on bird’s eye view and 3D bounding

boxes

. AP,,(IoU=0.7|R40)/ % AP, (IoU=0.7]R40)/ % B4 I fE) /
ik Easy Mod Hard Easy Mod Har ms
SMOKE" 14.76 12.85 11.50 19.99 15.61 15.28 30
DALCN™ 22.32 16.20 12.30 31.53 22.58 17.87 200
MonoDIS"™ 18.05 14.98 13.42 24.26 18.43 16.95 40
DD3D™ 18.45 14.48 12.87 27.15 21.17 18.35 —
MonoDLE"™ 17.45 13.66 11.68 24.97 19.33 17.01 40
GUPNet™” 22.76 16.46 13.72 31.07 22.94 19.75 35
MonoFlex'” 23.64 17.51 14.83 — — — 35
MonoCon'" 26.33 19.01 15.98 34.65 25.39 21.93 25
MonoL.SS™ 25.91 18.29 15.94 34.70 25.36 21.84 35
MonoDI(74 %) 29.53 22.07 17.74 39.37 28.52 23.91 40

2 2 A 1, 76748 551 (ToU=0.7) T, A SCHE 19 MonoDIZE 3D H Ar A il (AP, ) Fi 5 1] A6 0
(APpey) A PEHF8 b5 b, 7R 87 B v 25 5 IRIME 3/ XEBE 900 $ 1 F SMOKE .GUPNet ,MonoFlex 45 J7
o HR 29 MWL A H G, MonoDI £ 3D H b K il AT 55 1 faf 5 L b 55 IR HE 3 AN 00 b 4 i ER
MonoCon #& F+ 17 3.20.3.06 Al 1.76 4~ H 43 &1 ; 76 2 W &R I AF 55 19 187 SR 92 531 1, %8 MonoLSS #2 7+ T
4674 E 4y a5 FE R S RMES ] 4 MonoCon 23 BT T 3.17 4N EH 40 0. 1.98 N H 4 s o SR 45 5 b
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N, A7 ¥ MonoDIAE B [ 3D H Ar A AT 55 v 3 AL S, AN (EL 750 44> ME B2 20001 1 445 1 v A G U
R BE T EL NGB AT I R T, AR S5 A AT 550 e 9 T AT P, AR AR e Al S 2 D7 6 oA B I 4«
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AR SCAE KITTTROHE 46 (9 Split] 4634 [ BEAT I Rl 52 56, DLPFEAl BT #1277 1% MonoDI 4% 38 73 X 458 50 7k
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RSB 25 R 2R 3 PR, Hoh O 7R 5% 22 8 A1, O 27 1 AU 2 B T 38 0 il 3 B B, © 2 7 il
BRI, D FRos B AR BIAT 55 . AR SO 4877 1 MonoDI(BL D+ @ + O+ @) fE H H 3D H brki
DNAE 55 b B SRAR T 1 RS A PERE

R3 HEMIEER

Table 3 Ablation experiment results

. AP, (IoU=0.7|R40)/ % AP (IoU=0.7|R40)/ %
ik Easy Mod Hard Easy Mod Hard
2k 23.31 17.66 15.05 32.06 23.69 20.48
HL&+O 24.61 17.92 15.19 33.76 24.19 20.78
HLE+O 25.55 18.47 15.57 33.97 24.52 21.06
EE+O+O 26.72 19.13 15.97 34.43 25.42 21.95
HLE+O+O+O 28.46 21.15 17.23 38.25 27.68 23.18
HLE+O+O+D 27.09 19.36 16.28 37.02 26.16 22.69
EEL+D+O+O+@ 29.53 22.07 17.74 39.37 28.52 23.91

2.6 BHIESWIE
AT B E AR A MonoDI1 78 B AT A [A) 2 850 ) A AL BT SR 46 W) B g 45 L vz fB e, A SCfdt IR B2 Y
) 2 XF 152 25 48 KIT TS 3iE 5 A1 nuScenes il & 5645 30 iE 48 b X 82 5 9F 47 374 , #F 0~20 m . 20~40 m .
=40 m AR EERE iR ag R, BIREEREL 4R,
T4 BHRERIIEER

Table 4 Cross-dataset validation results

ik KITTI nuScenes frontal
0~20m 20~40m =40m ALL 0~20m 20~40m =40m ALL
M3D-RPNY 0.56 1.33 2.73 1.26 0.94 3.06 10.36 2.67
MonoRCNN® 0.46 1.27 2.59 1.14 0.94 2.84 8.65 2.39
GUPNet"” 0.45 1.10 1.85 0.89 0.82 1.70 6.20 1.45
MonoL.SS™ 0.35 0.89 1.77 0.82 0.59 2.01 5.40 1.42
MonoDI 0.33 0.85 1.62 0.77 0.68 1.72 4.35 1.27

NFEATT LU A SCO7 B A4 R B 0 B 1 10 - 249 2 0 158 22 (B 35 BT R AR, A 3l J2: 7E =40 m JH B
OB bR 22 B AIG 2 33 10 B AR SO MYy vk o A AR A B BE S B B RE D B A B R T
2.7 AIMUERSH

P&l 3 R B ) B 28 75 vk 5 AR SO 1 A B % e 97 3 MonoCon 78 KIT TS 45 1 64 w] WAL 25 58, 76 8 7]
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R B ARG N0 37 5 v I 5 223 1 0 R Y 3D A, I X BE4% D5 vk Y TR0 25 2R LA 42 TS AR SCT5 1 MonoDI
A 2

(b) MonoCon results (c) MonoDI results

K3 ARG R

Fig.3 Visualization results

(a) Base results
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