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Abstract: A fusion information enhanced method based on Transformer is proposed to address the issue of misalignment when the current
3D object detection methods fuse different modal data, which mitigates the disruption of correlation between data and data loss. Firstly, a
region proposal network of dual fusion feature module based on transformer is designed, which utilizes the deformable attention mechanism
to fuse the extracted lidar point cloud features and image features into dual domain features and generate pre—selected boxes. Then, the
refinement of box is designed by using a feature information enhancement module, which utilizes a deep completion mechanism to
complement the dense depth and feature semantic information. Finally, a multimodal feature cross attention module is designed, which uses
a dynamic cross attention mechanism to obtain correlations between different modalities, thereby aligning and fusing feature information
effectively. The experimental results based on the Kitti, Nucences, and Waymo datasets demonstrate the effectiveness of method. A large
number of ablation experiments have proven the effectiveness and efficiency of each module in the algorithm. The experimental results based
on a real vehicle platform show that the algorithm possesses strong robustness in complex practical environments.
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Fig.2 3D local self-attention schematic
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dual fusion feature based on transformer
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Fig.4  Schematic diagram of depth feature complementation
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Fig.5 Schematic diagram of enhanced feature extraction
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Table 4 Comparison results on the NuScenes dataset

Ttk B3 NDS mAP KE Ui N % HREEE EEFE (TN
CenterPoint %’ L 67.3 63.5 85.2 53.5 63.6 56.0 711 30.7 84.6
Pointpillars' "’ L 55.0 44.3 76.0 31.0 32.1 36.6 56. 4 14.0 64.0
TransFusion %] L+R 71.7 70. 8 87.1 60.0 68.3 60. 8 78. 1 52.9 88.4
3D-CVF L+R 62.3 56.6 83.0 45.0 48. 4 49.6 65.9 30. 4 74.2
PointPainting >’ L+R 58.1 49.3 77.9 35.8 36.2 37.3 60. 2 24.1 73.3
VFFL2) L+R 72. 4 70.0 86. 8 58.1 70.2 61.0 73.9 52.9 87.1
TFIENet L+R 72.6 71.8 86. 4 61.8 70.6 60.5 79.5 55.6 88.2

2.3 Waymo #iEE FMXIWER

AR SRR H 9 R AE Waymo B4 46 b AT 175K
5. WER 5 Fron B AR SO A I 45 R 5 CenterPoint
HEAT T L, AR SCREAE T X G 2SR e 9

3

F£ 5 Waymo #IEE FRIMERELLE

Table 5 Comparison results on the Waymo dataset

IR A, ReRRTEAT AR QAT 40 NP2E H AR A4
Eor IR T RERE L2 Fr I 5 +2. 23/+4. 42,
Waymo ¥4l £ b 145 ik — L BE T TFIENet A 20PE

‘ V7 (mAP) i A (mAP) 14722 (mAP) All(mAP/mAPH)
ik L1 12 L1 L1 12 L1 12
CenterPoint !’ 66.70 62. 00 73.55 68. 64 72.51 70. 00 70.92/68.26 6. 88/64.36
TFIENet 67.56 63.56 75.67 70. 87 76. 65 74. 42 73.29/70.61  69.62/67.10
£t +0. 86 +1.56 +2.12 +2.23 +4.41 +4.42 +2.37/2.35 2.74/2.74
2.4 EXFEFELEMTR “ :ggmﬁ%ﬁ%ﬁ(
FELR USRI B 130+ R 3 5

HE P8 B AN AE B 4 b AT 5 B S 80 TE VA IE
TFIENet 7552 bR st g PERE . R, A SCHESE4F- & 1
AT T —ZFIEK, Wi 10 Fis S 6 B —
LI &, Bl & A 24 FAUE R, L FE 64 £
LiDAR | =& SEARMG AR 2 oK ik 4

K10 T ESEAN A&

Fig. 10 The autonomous vehicle platform for real testing

DA BRI U b 2 B AR SR T AR R A AR, AN
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LRGN R PERE . A5 R RIT, BRI AR5 A i) B0 3R
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LTI TERE

RE AXE #HB%E RE A

HAT%E

BT ERATRDS QI A SLL AN TFIENet Z [] LA
AN TR X AT S A
Fig. 11  Comparison of average accuracy between baseline

and TFIENet with various object modules for

different object classes

®6 IETLELFWEFMRA

Table 6 Performance of vehicle categories on the real

vehicle %
] AP,
i HE A R/E HE
g [2] 48.6  30.5 28.6 29.3
FEEL + BURHIE L 56.8 35.6 33.5 34.6

FELR+ RURFIE B I+ IR AR 3 69.8  38.7 345 37.6
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2.5 HERSKIE

AN TFIENet BEAT T 4 11 49 18 AL BIF 5T, LA IE 45
AR A M, ANk 7 B, SR 1 R A SCHE
Voxel-RCNN'? BB A 362k, 5256 2 ~ 4 43 5= TR
Transformer BB Fl-G 47 F X @ R B A B AE(E B 1
SRECH B 2RSS SO R R C AT TR
ARG 3 B A 2 S BN TR R 1 S B T R
R BE 42Tt

xR7 AEREHTE Kitti IIF & _F RIS
Table 7 The impact of different parts on the Kitti

validation set

RE APy /%
PR A B C -
A7 HA thiE IR
1 89. 41 84.52  78.93
2 Y4 90.86  85.76  79.87
3 Vv Vv 91.75  86.96  80.56
4 v Vv Vv 92.35  87.89  81.41

Transformer XXl G457 11 X 4 28 150 Y 28 A e ) 5% F AT
I (R AR H g~ R A 45 1 K R EORN T IR R R A 7 B0k
AlG . XA AR S T LiDAR FHEAL A BUS R
TG R . T U B A &t . gk 8 iR, AR 3¢
PR BRI 3 R 4y BURRAE A iR 1,
3D JRi H B 2 ARG FRIE T B AR 3, 455
Frig A EE T BB 1 ~3 FESEERE B L R IL T
0.31.0.34.0.55 Ay 35,

%= 8 TDFN B E R
Table 8 Effectiveness of the TDFFN module

Car AP3D/”0
Tk Bl B2 B3 — -
fiE hAE [FME mAP
FLegl2 89.41 84.52 78.93 84.28
Vv 89.82 84.73 79.24 84.59
ST 90.31 85.12 79.38 84.93
Jng ' ’ ’ '

V' 90.86 85.76 79.87 85.48

TEAR I ZEIF e (ToU ) 8 (EL AN PR R B2 R X T 4 1
7 BT T PR, G 12 TR, BRAh, A R T 2k
PERE,

ARSCHYRURSAIE 2 AL 5 B4R AL 2 30 HEAT HL
FO P, L H A R U P R A e
SREHT, Al AR B A (S AR LA A 2 . T
KRR A 1) 88 A 428 T S A i 3 8 0 2814 3 A if v o
PR LA, TETE R, 1 Kind B IEAE b, XA

H 44
1.0
09+
08F
0.7+
0.6+
0.4 | —@— TFLENet
03l —@- Hp 40m
—_—20m
0.2 40m ~33 aEE
01F — AR
0 3.0 4.0 5.0 6.0 7.0

ToURIME
P12 7E Kitti V28BS0 IEE b AN TR (A B2 3 AN
10U BI{E Y AP EFEZE R TFIENet 22 8] 1 5%
Fig. 12 Comparison between baseline and TFIENet for APs
with different target depth ranges and 10U thresholds

on the Kitti automotive category validation set
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Table 9 Comparison results of different query types

on the Kitti validation set %
Car AP,
Jrik iy -
faj A A PRI X mAP
o[22 80.41  84.52  78.93  84.28

NS E il 89. 48 84.55  78.97  84.33
AR
WUEEA R 89.57 84. 65 79.11  84.44

WHLHILE mAP 5 45 - e SR AL A 3] AR 22 20 ) B2
0.05 #10. 16,

Kitti 36 31E 4 5C T XU 1)1 AL Ak A 25 /2= A5 1
EHANE 13 froR, fE Kivi Zade B = 808 n 2 4
JZ  VEREZ IR w5, X R WA SCAY XA ) 1 T8 2 A0 44k
THIF =4k BRI )RR

93 wmfEiHL werhdE e WA - mAp
91
ol I
57 I
o -
=85t =
83
81
79
77+
; ; .
75 1 2 3 4

B
B 13 Kitti B UE4E F i 28 2500 b

Fig. 13 Comparison of the number of decoder layers

based on the Kitti validation set
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3D AR I TP AN B AL S5 R R, A
AR A ST B AR AR B e A1

F 10 ZESHEXZNEENERERLTAR
Table 10  The ablation study of the multimodal feature

cross-attention module

O L L Car APyp/%
Toms WA mm wm R
1 91.75 86. 96 80. 56
2 vV 91. 94 87.35 80. 87
3 vV % 92.35 87. 89 81. 41
N T TR AT 2O AR ST J7 1 s R i

2, 15 TA) B4 R 8 AN () Y 0 5 AR B2 B DAl AR STy

TFIENet, 3% 11 f7 28 i g A™ 5238 44 1) X 52 45 3
TR X IAE 1A SRR, IO = B T4

e A i B i e s ARG

F11 EAREBMAEEEEE AL
Table 11 Performance at different distances and

at different levels of occlusion

B/ m WEPYRR
TFIENet
0~20 20~40 40V I 0 1 2
X 91.51  75.24 14.67  62.56 59.63 56.87
H 92.26  77.59 21.41  62.24 61.78 62.28
=Tt +0.75  +2.35 +6.74  +0.68 +2.15 +5.41
3 4 e

AR T — TR RUA RN 28 = 4k H AR
B -TFIENet, %3t T Transformer XU El-S R AE X 385 318
B, Lﬁﬂbﬁﬁﬁﬁi@'ﬁ?f%%A AR 2 A ] d )
MRFIERLG o BT TR BERRIEAR B s A IR
AL TR 4 %% 4 B TR B R AR A S, O i ORI 1% %%
SRR AT BAVRRIE TR U5 Bk SE R Al ik . 207 R
ACAT RAAJRAS AT 46 A TR BE A5 BL 1T HL AT RASRAS B8 = 5 ) 4
REARE . BT T 2B RHE S SO e >Rk 3
A B IO A FATAS [RS8 A S Bk A

AR B AE MG B A SO X SRR & . AR SCHE 2 Rl B
B LTI SCIRIE L, BT AR Y Eﬁh{ﬂﬂﬁ@& TFIENet
RENS A A = B bR Rr iR
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