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Cross-modal interaction fusion grasping detection based on Transformer-
CNN hybrid architecture

WANG Yong't, LI Yi-ling', MIAO Duo-qian®, AN Chun-yan®, YUAN Xin-lin'

(1. School of Artificial Intelligence, Chongqing University of Technology, Chongqing 401135, China; 2. College of
Electronic and Information Engineering, Tongji University, Shanghai 200092, China)

Abstract: In the field of robotic grasping detection, there is still great room for improvement in the processing efficiency
of RGB and depth images. This article proposes a novel RGB-D cross modal interactive fusion method for robotic grasping
detection based on a Transformer-CNN hybrid architecture. In order to fully utilize the feature information of RGB and
depth images, an efficient cross modal feature interaction fusion module has been developed, which can calibrate the
corresponding feature information of RGB and depth images and interactively enhance the bimodal features. In addition,
a parallel network module between Transformer and CNN is designed to combine the local modeling ability of CNN
and the global modeling ability of Transformer to obtain better feature representation and improve the performance of
grab detection. The experimental results show that this method achieves an accuracy of 99.1 % and 96.2 % on the Cornell
dataset and Jacquard dataset, respectively. The grasp detection experiments in real scenes verify that the proposed method
can effectively predict the grasp pose of objects in various scenarios.

Keywords: robotic grasping detection; cross-modal; RGB-D fusion; Transformer; CNN
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3.1 THEEE

{5 F 55 SCHRU-3 11205161 R [R] 1) 777 325 V7 £l CMF-
Grasp 7E 45 7€ BIG IR HTEURS I 45 SR 40 2R ) 28 ot il
PR T GPre Rl £ 48 46 25 58 I IUICEE T G [R] it
W2 DA PN 254, DU Tl 4 DA A 2 TR A 1

Gy — G| < 30°,
T\ pre (21)

:gTng: > 25%.

55 1A ZR AR SR T A U AR TP HE 5 v B ) S
TEAE 2 8] ) £ FE 25 /T 30 °, 58 2 A4 25 14 SR T /)

Jaccard =

TR 53R (156 % 2 8] 1) 22 FF LB (I0U) KT 25 %. 4%
1% %15 7712 TW (image-wise split) F14% 5F 14 %1 43 77
1% OW (object-wise split) P Fh %5 4 Ll 73 5 vE: B 4
FPFfl CMF-Grasp VBRI (1) 14 . TW -3 38 B
TATE SN G B A AN [R5 i R PICBURS I 8 77, OW -
MR 2 4k BE
3.2 LIRS

K 9 # 3R N 224 %224 1) = i@ 1 RGB E & 1
FLE T AR FE G AE R I 2% A N AR R ) SwinT
e, % 1K/ 7, )\ Encoder 3l Decoder 75> DTC
) Transformer 15 B 1) £ kL 50N (2,4, 8, 8,4, 2). 15
R [l 25 = 7 Intel (R) Core (TM) 19-10900X CPU Al
NVIDIA A100-SXM4-80GB GPU ] Windows 11 & %t
b SE R, WIAG 5 ) B E N 0.001, 5 10 NIl ZRA
W S)HAR N R IR H) 0.1 1% AL 2% AdamW.
3.3 SLIWEERMOH
3.3.1 CornellZiE4&E

Cornell UKL HE = F2 11 1 885 4H 1ix 1) RGB
RS UG E . B0 4 b 0 UG 2 LSRR 58 R AR,
TR T Z AU . 789250, o MG AT e %
A7 TR i AL B A5 5 3 . 5 A 1) 80 % HIAE
WZREE, 735020 % FAEMREE. 7E I ZR4E 1,90 % 1)
e F TR, 5380 10 % FH T 300, S236 806 S i T
PEI2AS16] By 5 B8R S 3728 SCRHIE.

F 1 7 Comell IR ER LI EERTEL

MR /%
AR WA HE/ (/)

IwW ow
SCHR [8] Depth 73.0 69.0 52.60
SCHR [6] RGB-D 739 756 0.07
SCHR[7] RGB-D 880  87.1 3.31
SCHR[32] RGB 88.7 - 5.00
HR[17] RGB-D 892 889 16.03
XHR[33]  RGB-D 902  90.6 41.70
HK[34] RGB-D 977  96.6 50.00
HR[11] RGB-D 979 967 24.40
SCHR[12] RGB 98.1 - 47.60
SCHR[15] RGB-D 982  97.1 40.00
AILHZE RGB-D 991 985 28.60

# 1 JE 7R T CMF-Grasp J7 72 A3 4> LA 51k
7t Cornell £ 45 £ b I Al 14 B X . CMF-Grasp 7
IW 1 OW 43 %1 (1) HE 8 22 53 51 9 99.1 % H1198.5 %, 1t
T L Ath B3 AR IS D 28.6 U/AD, i A2 S IS A
FE K. B 6 878 T CMF-Grasp 5 GR-CNNB4, TE-
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Grasp!!) 7 25 HUER H0 4 5 1 0 K6 I 280 S8 56t B, 3 e
GR-CNN J& % T 45 B 5k 22 W 4% BIF 50 (1% 910 HCAS
J5 7%, TF-Grasp £ % T 4l SwinT 42 #4) () 4 HUAS: ] 55
2. B 6 S B A AR 14T B E 34T 4y R N R
[ Bl (Depth) . M T 25 H ¥ RGB B (RGB,ye) o1

Our TF-Grasp

CR-CNN

TEF 7318 S. M Cornell kil 45 R & 7T A% H, CMF-
Grasp 7] LAERA 70 H 420 i I TUICRE 2. 5 GR-CNN
F1 TF-Grasp AH ., K F Transformer 1 CNN V& & 2244
) CMF-Grasp f¢ 55 47 Hi [X 4 P 7 F 5 S50, W4k 1) o]
PICERC X 38 o 00 19, B Ty oy A A 2

Our TF-Grasp  GR-CNN
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3.3.2 Jacquard F#E&E
Jacquard $UHLEL 5 4 B 54 k > RGB-D K& 4 A1
FEAADL A 15w 3 AT I W 3K 1 Bl D A 6 T 3 R
k. 2 IR T AE Jacquard £ 45 I O HIURUAG: N &5
B CMF-Grasp At 1% 1 96.2 % ) 5 i k6 kS FE . K]
6 5 F A 25 [T bb 285 F Al rT LA HH, CMF-Grasp [
PUIAT 73 S Hh 400 it AT AR X 3t 9 v i, EL Ok BR
TR Z AT, 3R T X 2 AR e W R A R R T

T2 fEJacquard IR RISIIG AR XTEL

5k LITPAN iAW TR /%
HR[14] RGB-D Jacquard 74.20
SCHR 8] Depth GG-CNN 84.00
Sk [35] RGB ROI-GD 90.40
XHik [36] RGB Det Seg 92.59
ik [34] RGB-D GR-CNN 94.60
Hk[11]  RGB-D TF-Grasp 94.60
Xk [15] RGB-D  SE-ResUNet 95.70
AXHPFE RGB-D  CMF-Grasp 96.20
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F RN NLEIMHCRS NS 2 s A 2 AN
i tH B, L 7E 2 H bR s SRR BT SER. £ H R
INELR, YU T 1 ] R 348 3 B oK I s R,
BRI TR St KA B BN 8. ] 6 H RGByre
AT DL I, A B T A S T v A T 45 SR, CMIF-
Grasp [ WU 55 T S8 003 5420 b PRI IR, R 7 1) 5
1A B 5 0. TE-Grasp B8 UL 0] LUK )
w5 1 o B, R 2 T R U i R 4y A AR ]
PICH X 3 A B S5, 3 AR 1 A B0 0 42 it £ CESU A 300 5
1 GR-CNN /S 6 # #ff b [X 70 4 4% BT 78 [X 35, 43 36 47
T S S E AT IUHX 5. A L 2 R, CMF-Grasp ¢
BRI 53 H &S EON R, I HA b w] A X 35 4
FUHER. 7E CMF-Grasp ) RGB e B H, 4 (1) 0] 4L
DX 3 AR 1A v o A S VR, T 0 AR 1 320 5 DA/ 43
Fric, 1 5t X4 JLF 424 0. X i B CMF-Grasp £
B DX 4315 SR &t 11 [ B 300 BB AT 80R8 I w2 vl R 1)
ATPIHR [X 35K,
3.3.4  ESE T RHTEvR

A SEI ' AR 36 1IF CMF-Grasp 7E B SE 3 5 N HIH
BPE AR AT PE. RGB 1A FE 14 H Intel RealSense
D435i FHALTE [ 52 7 B 3 B K R R H8ikTE. A
TP BICHRORS W00 595 1) v A A, AL 1) RGB
R T & AU AR TEIMERR 25, B 7 s 7 52503
e SEIG AT R 4y S 56 FH B (BR T E1R - RGB
EIUE & FEFRZET R RGB B3 RGBgr).

\
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-
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Depth RGB RGB,;,

E7 SR MRS R E

X B E A, A T A O 2 5 o — A
VERE HOBR 250 2 3.1 755 TR R PRAG 2% A, A N i 3

ST AR, B EH FRRTI S50 A R R ATLTBCE 4 1R
HEAT ARSI, 5 S HEAT 200 YT, TR B 2 5 A
192 1%, I 2N 96 Y. X T2 H brAG I, 0 fr R
FEE I B KB W B )i +3. M e S
BEAY 0 BB AR T 2 — B3 AL 3.1 T PR A% 441
I, A A 2 Ik T A2 TE A 1. 22 B bR A 3533k 47
7100 UK, T R Th VR HCA 90 U, B Th 2N 90 Y. S
4 LR B, 75 H 523 5t R CMF-Grasp O HICER T 475
BE 65 A5 20 $ (1638 & 0 IR TCRURE 2. 35 20 A
W2t Ran & 8 o, /i 4 512 i Th E T30, J5 795 471 2 2k
TR P TN

1 i 2\ \
RGBGT .. .
Ry v
1 3 B\ \
RGB,, S < 9 :
qp ad & 0 \O \ \
1o ‘ K
S . ' O%D " 9

8 HEIHRTHRUHR

60 2 W 43 A : CMEF-Grasp £ K #4315 I 1 #B
R VA TO0 H AU T, (BT AE — oA & 2 Ak X
T 207 B B 7 AR, BT A LA BRI B A 2
IPARAE )5, CMF-Grasp A~ BEAR i ks o m] HICH X
. FERS DA i 2 I, — S8/ o FR AT TR X 3 A
B, 25 0y BN R . &6 2 AR HES e R
HEAE— 2, CMF-Grasp Toi£ X 7 AN, B 4 3 5L
PO 2 . 3 46 i) R0 ] DA e gt >R FH B A A 2% 1)
FHBL LA B S8 006 &AW i AT 53 BR AR o, 10K R 25
Ja B T TAE.
3.4 HELSEIY
3.4.1 5T CNNAF Transformer 2% L5

9 1 5 UE DTC AR BT 5 A PICEUAS M 452 7Y 1) B3
ik, 73 1l 22 B DTC ) SwinT 6 43 FI CNN 3 43 75 5.
H # Cornell 1 Jacquard 5 95 4 I iJE 47 S 6. 5206 45
R 3 Fion, 45 B R W DTC [ 4 45 1 W 45 ZL L
4f () CNN FH 2l 1) SwinT 2544 BT

=3 DTC HmSLIGER

1.
0.
0.
0.
0.

0

HERRZE /%
Cornell Jacquard
SwinT 96.9 94.1
CNN 98.2 953
CNN + SwinT 99.1 96.2
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I F %F: A T Transformer-CNN %A 22 #) 69 35 4% 2 Gk A LA A

3615

342 BESIRE X EMA B (CMF) MBERIGAE
Rl-E L (JFF)

N T B AE CMF FIFF AR (1A 201, 43 5l 25 i
P AR A4 2 Net-a. Net-b Fll Net-c =37 [t X 48 ££
FH bR £ 2R A7 S50, Net-a 2 TR B XU 4
fith 45 2B CMF BLER (1) 2244, Net-b 2K RGB AR B
G g N A Y 28 9 H 22 B CMF B (1 B2 44,
Net-c & 7F il i 2% 1 22 (4 JFF A5 LZ T 2 A kAT
B BR B 1 I 28 B A SIS 4 SRk 4 R, 45 R R
A, CMF-Grasp 1X 4 XU i 5 2% 0 45 1 H2 R 255 2244
bl 22 15348 % 1) P G B 255 A8 A4 2 4, [ Bf CMIF A1 JFF
R 6 AT R0 184 S PICER 0 4% (1 1 . 15 o 8 et ke
TEEE /R T CMF R A 2501k

T4 DTCHBSLIOER

HERE /%
TCFNet Net-a Net-b Net-c
Cornell 99.1 96.1 94.8 98.3
Jacquard 96.2 94.7 93.3 95.9

4 & @

A SCHEH — Fh L T Transformer 5 CNN JE & 22
4 11 RGB-D #5155 25 22 H. fili A B ATL bl B I Ae: I 77
k. 454 7 CNN 5 & 2 A5 B2 77 Al Transformer (1) 4
Jy AL R 77, TRV IRE 38 R F A [R5 B RGB AR B 1]
BEVRFAEAR G SEEIL T B8 B P e AR A 1 AN 28 L
A, A R R s TR R SR ELRR 7). AR R H B AN
%Z HbrBE S I SRIR R, 1 AR b T AR g
LA vy () IC A 2, [ B L0 %) T A i 7T 4T
DX 3 B A B B B S s N NI SR B Bk T
%75 A RV R B V. ARZ T VX T8 B A
DL R SE 2 ) it ) TCER TN s 2 AN A2, AR B AR K 41
XTI ) i O TR I AT B 7, [ B 5 —
S hn3e A B R 7= 7 vk, A6 Re g 3 FH T AN R L
PR s, Gn = T LR 3= A0 g RIS T
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