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Abstract: Recognition of 3D multimodal positron emission tomography/computed tomography (PET/CT) lung tumor
using deep learning is an important research area. In medical images of lung tumors, the spatial shape of lesions is irregular
and the boundary between the lesions and the surrounding tissues is blurred, which makes it difficult for the model to fully
extract tumor features, and the computational complexity of the model is higher in three-dimensional tasks. To solve the
above problems, a cross-modal Light-3Dformer 3D lung tumor recognition model is proposed in this paper. The main contri-
butions of this paper are as follows. Firstly, the backbone network extracts PET/CT image features, and the auxiliary net-
work extracts PET image features and CT image features. Multi-modal feature enhancement and interactive learning are re-
alized by lightweight cross-modal collaborative attention. Secondly, Light-3Dformer module are designed. In this module,
Updating the 2 times matrix multiplication operation of Transformer to the linear element multiplication operation of Light-
former; The cascade Lightformer structure is designed, the output feature map of the cascade Lightformer structure and the
initial input feature map are fused, through parallel and deep and shallow feature fusion, lightweight and rich gradient infor-

mation can be realized; Designing with parameter less attention, this structure can enhance the ability of lung tumor feature
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extraction from three aspects: channel, space, and tomography image. Thirdly, lightweight cross-modal collaborative atten-
tion module (LCCAM) is designed, which can fully learn the cross-modal advantage information of 3D multi-modal images
and carry out interactive learning of deep and shallow features. Finally, ablation experiments and comparative experiments.
In the self-built 3D multi-modal data set of lung tumor, the accuracy and area under the curve (AUC) values of the model
are 90.19% and 89.81%, respectively, under the premise of optimal computation and running time. Comparing with the 3D-
SwinTransformer-S model, the computation quantity is reduced by 117 times, and the calculation quantity is reduced by 400

times. The experimental results show that the model can better extract multi-modal information of lung tumor lesions,
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which provides a new idea for lightweight and multi-modal interaction of deep learning 3D models.
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3 SEIRFNiTie
3.1 XWHEIBREFEMIER

ARSI YRR T B — P EEBEAE 2014 4F
1 H 22021 47 H 3 1a] e 5 19 733 451 1E 1 845 45l il 55
Jih 922 116 A B 2, 7E Discovery MIAS g i g 47 il i 22 4K+
B G R A A HCEL i A9 PET , CT A1 PET/CT = 4 i
T e gga PR 4% . [RISEA 3 b 1176 491 1 1 419 451 i 3 fieh
8 HB % 1Y Data Science Bowl 2017 3048 42 , Bl R4 H
102~289 TR W2V Fr . 5 6:2: 2 Le 45 43 i I 444 |
5 i 48 I 4R HE AT SIS, AR WK LR O N iR
Ubuntul8.04 LTS F & 4t 1) 64 {7 Windows11 &l it &
4t,128 GB INAE, #5242 Bk Intel Xeon E5-2696v3 [ 36 1%

CPUAbHEZS , JF ] 4 B TITAN Xp & ik FEl g b 2
K B &N AL T (Adaptive moment estimation Weight,
AdamW) AL HEATUEAL >R T 0.01 YR 427 > R Fil B
10 J& 5 0.9 F 0 9 SR W, 15 AR S A 1x107°, 3
SRR 300, YIZRALAL BER /Ny 24.

AR SCAE 43250 FHVPAR FE b , AR 40 A5 780 Tt ) 2% 2R
S R FNE B0 A9 B, 45 2] A 1E 25 (True Positive,
TP) . % 1F 2% (False Positive, FP) | {f& 1 2% (False Nega-
tive, FN) . B 171 25 (True Negative, TN). #E 1 % (Accu-
racy ) N TR TN IE A B HL A, RS 5K (Precision ) A 1E
26 HABARL TN TE A o5 BT AT IR 2R Y F A9, 43 1812 (Recall)
o i RS RS e R i W s S O A 7 B N 5 (O )
= (6) s

_ 2 % Pre'c'ision x Recall (6)
' Precision + Recall

B2 TAEFRE (Receiver Operating Characteris-
tic, ROC) i £k DA AU B B 1IF 252 (True Positive Rate,
TPR) A9\ %h R IF 253 (False Positive Rate, FPR) 4 £
filt A7 22 11, TPR B2 T 4 181 %, FPR 7 5 2 (True
Negative Rate, TNR) a1z (7) . (8) i :

FP

FPR:m (7)
TN
TNR—iFPJFTN (8)

ROC M4 FRIFRE o AUC, i FE i 42 /8 AUC
{H AR, FERB A HE R FI Ay 2 M e 2B bF ST 5 A
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S PR R YN R
3.2 HEXWmESHh

R T VEAR AR Y AR () A R AR SCAE 3.1 T BT
A I 35 i JeE PET/CT 2 #6535 = 4E 504G 42 b A7 1 mb ok
55 . {# ] 3D-Mobile-ViT fERAEATRIVEA T 8 4 SLH0 , 763X
S A SIS 1 B S 3 K Y S PAR SRR, S
4 B 25 8 SR FH 02 SRR . S0 1 B S00 3 A
3D-Mobile-ViT #5 8 B i I 3% % i A Lightformer . 78 %
JZRA L K TC SR T 35, L8 1 7E PET/CT

A% A Lightformer, S 2 %6 Lightformer PEAT IR
JZ A 7=, SE5 3 7R SE 5 2 1Y Al b TSR R
013 5L AESE 5 3 A b = ZBOS EMR AT
FEEZERNG , 5250 5 A BRI Rl & oy B S Rl A T
Ry, SN 6 ff FH S AL P R O, S 7 A e
LB REASRLG T B ), 505 8 fi S it A B B U ) 1
B LA iR s, EENSHGE GHE
i MERR AUCH A M3 F 205 R0 3 LA I 25
BF ] 8 ST AR X SEgR AT oA

R1 HELBRERNL

- " s " . W | AUC | HI | F4r | KRR | X

S A A ELe TR R e T Y2t [ /s
— 3D-Mobile-ViT!" 2.03M 1.08 G 84.23 | 8347 | 79.77 | 80.12 | 80.47 32457
1 R +Lightformer 1.20 M 52339M | 8493 | 8421 | 80.65 | 81.01 | 81.36 30236
2 RS +HREJE G Jr 402.38 K 14435 M 85.51 | 84.54 | 79.77 | 81.44 | 83.18 27991
3 + S B ERET) 402.38 K 144.42 M 86.68 | 86.06 | 82.99 | 8324 | 83.48 28 038
4 FREH R G = RS 403.17 K 144.69 M 87.50 | 86.94 | 84.16 | 84.29 | 84.41 28 093
5 PSR A TEE T 453.06 K 196.37 M 88.20 | 87.77 | 85.63 | 8526 | 84.88 29 054
6 EZ T PSS URITE R T 502.95 K 248.05 M 89.37 | 88.94 | 86.80 | 86.68 | 86.55 29 308
7 R EESMATIEET) | 410.14K 157.89M | 89.02 | 8859 | 86.51 | 86.26 | 86.01 28511
8 B LB IRERET) | 417.09 K 170.55M | 90.19 | 89.81 | 87.98 | 87.72 | 90.19 28 749

SR 1 SCE 3 ISR 8 By B N 4 fir R e
34N R IR 40 T 2 B R AT A0 BT, 3 R R4
3R 3A 2 AN F 2 A, CT RIS i I8 0 IE 5 21 21 %% )%
Z 5N 5, PET EUE A g DX S AR g e %, 22 5, B
I Z B2 G 1T LB i b AR A e k. P 4 D
T FH K 2 7 I 285 o) G AN [R) DX 1) DG AR B, 41 6
T AR S 7R ) 285 %o 3 A [X el P GV ey , 2,
T X 248 Mo 12 IX 388 O 7 3 AT

& 455 1470 =4 PET/CT Jili 5 i g 1%, E X530
3R X IR HEAT T ARTE, A 1 TR, SEER 1 B S0 3
4 Light-3Dformer £% 2H ' (1 14 il £ 9% . 5 3D-Mobile-
ViT FEb, 5256 1 S 80 f T 5 & F % 40.88% 1
52.67% , 1 LT+ 0.83% , F W] Lightformer Jf 45 %1 &
Z=BE R HAG S AR AN B e M Y, ] DL A e st
BRI PERE AT 40 . 525 2 9 S 500 T 1% 80.64% HL
YGRS 8] 45 4 13.75% , 486 br 2 4R L /N $2 71, 35 1
RIZFEAE Ay U 0T LA — 2 e afb , R, 3RA5
FE BB E . Horp 7 18] 58 A 2 7 il 8 5 A 1)
RAERE AL, R 455 34T (0 37 Rt ] & A
I DX R A K, X b X 38 ) S A AR R KR 2 HLAR
Gy R B HE Ml X8k . 525 3 A0 b S0 8 2, Jo T 4
BN B AT H B 5, e SN R R g D
TR A AUC (H 42 T 1.36% 1 1.79% , 26 B X Flh E 2
BT ) AE DR UE 2 5 A [R] B T B T A R A ) il o
B R | DAAE T | 2 [R) R T 2 B0 B, LA KR FH AR AIE

H5F B0 22 B 05 B B A AR R AGE , (A5 A
AT D24 2] B L2 (4 0] XA RRAE , IR 455 4 17 I 3R )
PRl R LA R 2R ] DL e b S 3 i 0 e g 1X 38, L
X F R /INAS B 5 5 2 B AR A ST 1 i 5 5 ke X 43
BEME , A 2 1 8 1) SV X BAA A A B iR 2

W 1R, SE5 4 B2 K 8 A e ks B Y ]
VB BT AECE . 256 4 A0 HE T SE 6 3 A0 HE R AN
AUC {427} 0.94% #11.02% ,PET .CT 1 PET/CT Z # 25
YRR HEAT B RS IR SUE B RHIE AN, B
T3 R AIE G il 1T LA T b 0 5 A5 700 o3 I %) 2R 2 i
1. 525 S BRI R G TR 78 i Transformer S L2
LSRR 0 38 FE 29 AH T OC &R L B PET . CT X} PET/
CT 4738 5 Rl A, foff A ABE TR B B 3 531 s i o g 5 52
56 Bs A YN I B S RS S py Ak b,
Transformer 3 PET/CT %} PET . CT 347 3% 5 #1138 H. , 1
BB AUC A HE— 3271 1.32% 1 1.33% , 36 W 843 )
FH = 4 2 R3S G 09 D e AN g A5 6L, o] %o 4 55 iR
BRI T RO

SCHG 7 R R A B RS A TR T R AESE R S 1
fili b ¥ Transformer 5 4t Jy 1 R 4> Jm) 132 ML) Light-
former, T8 A% 19.59% AT HE T 42T 0.92% By HEHf
R I L0 2 e AR R AT I A T D R G S
PSR 42 ey R 3, WE ATkt e — R AR B T vk s B R A
R A g T AL, SR LA 38 5 it e e £ JEL R g 5 B A A A
fiE . S50 8 42 B AL S A BIMR) PR T R AE 258 6 (1 3L Al
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PET AICT FERHAR Y A1 S5 8
PET/CT §14
AR (2.34%) (Tok)

(A TBEE)

4 ARATERT AR 1R _E AT

A Lightformer, R A 55 & 0% [R) sF o A 22 AUC
THHETF 0.91% F10.97% , S HUAR I X A [ 455 245 Ik )2
TEZ AT R > MR8 B, N 456 54718 £
A AR 5 4y R F 2B 558 AR B L AT
A ARG, XF 22 452 AR R i AR S vE AT 72 00 2
it , T A R A AR U BB T RDA DRG BE . S 8 AH
. F 3D-Mobile-ViT, 2 5§ i [ AL 4.98 £% , 115 & R AL
6.48 1% , HEHH KA AUC (HIR T 7.07% F17.59%.
3.3 XIeEm5 o

FE i 5B RS PET/CT 224525 = 4%l 4 L, AR SOk
P& H A Y Light-3Dformer 5 2 4~ CNN = 458 3 4
Transformer = 4ERE R | L & 5 CNN 454 Transformer [
SRR AR EAT TR F S, AR Y LRy
FLERUNZR 2 TR, SEU 45 W A SRR HLAT /)
H S8 TR RS ITH0R RIS ORI
T (AR RE T, b i 8 A f B B T B

AH EEF 2 A~ 4l CNN = 4 A5 R | AR SCRE Y Light-
3Dformer B 2 5 E e /NP 3D-EfficientNet-b3 , 18 73 %
T 16.11%. LT 3126 Transformer = ZEFL R AL

TR 3 AR 50 R 4 = () B R A5 1 fE 42 T, % 3D-
PoolFormer-S24 5 U I 25 5} [B] 4 B2 1T 23.30% , 5 Tl 45 bk
(MERR AUCHH A 7158 F 080 K503 2T F- 1
2R 6.58% ; ¥ H T LR ] # 3D-BEVT A Y, 5 35
e bR B T 4.76% . 4.89% . 5.64% . 6.09% F
9.88%. A~ CHLAIAH L T 54> CNN 454 Transformer —.
Yefp ALY SRR T NI S A ) A il R
i e R 1 T 34 2 AT BT S P #5 5 3D-Mobile-ViT #f
Transformer [f] CNN % A , N /R A] GE FEAG 50 T &
B A B B A — W, T A SCARE LR FH A 1/6
TR R T 12.07% ; 508 BE T 43 B85 4 e 1 2
J1 % H ALY 3D-EdgeNeXt-S A e , A8 SR LU
V12 WSR2 T 5.62% ) R R 42 T+ A1 6.42% 1Y
AUCTH$ET.

AR SCHEARY Light-3Dformer A1 H T P BE 38 4 ) CNN
254 Transformer £ Y | L5 i 1580 26503 X6 Tl 350 v g 0k
A5 SR VR (AR 31, 7 i 5 R PET/CT 22 B3 = 4k e
£ b A B A RURG B A I 4025 RE T . 3D-CVT-
13 4547 CNN AL G RN 2% AN AEPE B 55 A Trans-



%03 M JE| T I i e 43 25 R S BLAS Light-3Dformer F5E 75 959
F2 FREEBERMMEPET/CT S5 S SHIRE FHRRER
%} HAE suE | SR | W %‘j; AR | P | R | IR
3D-ResNet50 46.203 M 39.981 G 81.07 79.47 71.55 75.08 78.96 36 256
3D-EfficientNet-h3?"! 1.624 M 205.719 M 82.59 80.53 70.38 76.31 83.33 34271
3D-SwinTransformer-S'"” 48.751 M 68.210 G 83.64 83.09 80.35 72.25 76.64 38 589
3D-PoolFormer-$24'°! 31.687 M 32.020 G 85.75 85.43 83.87 82.42 81.02 37 486
3D-BEVT!" 86.628 M 121.158 G 86.09 85.62 83.28 82.68 82.08 41 718
3D-Mobile-ViT!"® 2.028 M 1.082 G 84.23 83.47 79.77 80.12 80.47 32457
3D-EdcheXl-S[2m 6.461 M 2.024 G 85.39 84.39 79.47 81.26 83.13 34012
3D-CVT-132" 21430 M 26.657 G 84.69 84.01 80.65 80.76 80.88 36 422
3D-CMT-8*" 27278 M 23.048 G 86.09 85.38 81.82 82.42 83.04 35874
3D-NextVit-S2*! 19.900 M 34.610 G 86.92 86.20 82.69 83.43 84.18 34891
Light-3Dformer 417.090 K 170.550 M 90.19 89.81 87.98 87.72 90.19 28 749
former sz ?lg {ﬂf %’3 jj . é }% s j: jc i E ﬁ} EI/‘J {2 /f k‘@ ﬁlé , 5 3D-ResNet50-PR=80.93% ——— 3D-Mobile-ViT-PR=84.15%
——— 3D-EfficientNet-b3-PR=82.76% —— 3D-CVT-13-PR=84.62%
3D-CVT-13 FH kb, A= SCAE A f )1 2R [E] 46 08 T 21.06% 3D-EdgeNeXt-S-PR-85.39% 3D-CMT-S-PR=85.73%
——— 3D-SwinTransformer-S-PR=83.57% —— 3D-NextVit-S-PR=86.88%
5 AR LTI AP BIE 204 8.51% ; 3D-CMT-S 7E 42 R k¢ =—EDIRUEESIILEN s IDITRNOND IR A
TEFR IR b 5 | A B 04T 200 b7 R AE $2 B, 9ok .-
B Z A HE S DL R e M A RO S 2 M o
Fo , AR SRS B I Rt (] i — 20 4R T 19.86% , 5 W45 0.8 |
FRAETHHF- BIE LR 6.5% ; LAk, 72 Tl & s b i% oe |
119 CNN-Transformer 1 & 224 3D-NextVit-S [+, AR X 'g .
HOR 1 Y1) 5B ) 4556 T 17.60% , I FLAE 5 304565 4% =04t
AR T 3.76% .4.19% .6.39% .5.14% F17.13%. ozl
5 11 SR B ROC 128 , Light-3Dformer i £& '
AN T L2 b H vk R 47, A T AF & 1 0.0}, . . , ; |
P, R 2y T TS IR T A A5 . 11 6 11 Rl 0o 02 A B
i) PR 1 £k , Light-3Dformer 1) il & 18 R K, 0] LU HY El6 %M PR iz
AR SO RE ] AR A
4 %t

3D-ResNet50-AUC=79.47%
— 3D-EfficientNet-b3-AUC=80.53%
3D-SwinTransformer-S-AUC=83.09%
— 3D-PoolFormer-S24-AUC=95.43%
— 3D-BEVT-AUC=95.62%
3D-Mobile-ViT-AUC=83.47%

3D-EdgeNeXt-S-AUC=84.39%
— 3D-CVT-13-AUC=84.01%
3D-CMT-S-AUC=85.38%
—— 3D-NextVit-S-AUC=86.20%
— Light-3Dformer(Ours)-AUC=89.81%
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Light-3Dformer #5571 , 3% By [ 2% 2 >) A Dy Rg A5
B PET .CT M PET/CT = 4 Z B A s e RRAE , 5811
Light-3Dformer 5 3142 15t Ak 1) [7] i 315 B8 =F 68 A6 B A
B Hor, /i AL Lightformer B 45 7l 42 2% f Ly 2
T )RS AR AE S e , P LA e e S I 4 A 1
A, Fo 532 > = 2 Z2 A2 i Py ) = & R AE L 1T
IR R AL SRS U R VE R AL 0 a5 T e e =
P TF 22 W2 TR 1% rb s 4R I A R AE RE 7 . A il v g
PET/CT 284 = BRI A7 5200, 45 3R W« A i
HIZRAS T 417.09 K F1 170.55 M () 5 25 850%, e Rk
90.19% AUC {H 1 89.81% . 43 [A1 3% 87.98% . F, 43 ¥ A
87.72% FIAE AR A 90.19% W Fc AR Bk fE . #4H ElmT
PR AR FEH < A SO R B S5 0 5 e e | i A B o)
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