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Abstract

Presently, the development of advanced classification networks for accurate differentiation be-
tween benign and malignant pulmonary nodules, utilizing deep learning techniques, often entails a
multitude of parameters and substantial computational demands. Consequently, this research pro-
poses the innovative 3D Dense Inverted Residuals Latent Equilibrium Attention Network (3D DIR-
LEAN) to improve the accuracy of pulmonary nodule classification and to optimize the number of
parameters in the model, thereby saving the memory of practical applications. 3D DIRLEAN mainly
includes the 3D Dense Inverted Residual LEA Module (3D DIRL) and the Latent Equilibrium Atten-
tion (LEA) mechanism. The LEA module directly estimates three-dimensional weights through a be-
spoke latent equilibrium energy function, thereby capturing more distinct features. The operation
process employs zero parameters, effectively curtailing response lags between network layers and
hastening model convergence. Furthermore, the constructed 3D DIRL component seamlessly inte-
grates the advantages of inverted residuals and dense connections for concurrent feature pro-
cessing. Capitalizing on dense connections, it acquires feature information across diverse network
layers, complemented by inverted residuals to enable feature recycling, thereby optimizing the uti-
lization of feature data. Simultaneously, the deconstruction of standard convolutions serves to cur-
tail the model’s parameter count and computational overhead. The experimental accuracy of 3D
DIRLEAN on LUNA16 reached 93.33%, and the parameters and FLOPs were reduced to 2.85M and
0.63G respectively. Clearly, LEA and 3D DIRL work together to enable the 3D DIRLEAN framework
to achieve the highest classification accuracy over similar advanced technologies, while minimizing
parameter counts and floating-point operations (FLOPs).
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Figure 1. 3D dense inverted residuals latent equilibrium attention network framework
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Figure 2. Latent equilibrium attention module
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32 x 32 x 32 [ R UAHT /NS CT BIMGIA 78 )y 36 x 36 x 36; #4548 FHAK TR . y BB z i3t 4T
o, fJa PR 9 S I MR BEALEET 2 32 x 32 x 32 IR /I.

3.3. JEMfIE4R
SIS RS . B4R, YR Fl-score S PP X 48 H Y i i 45 5 45 2K Pk g o

RS RAEITA TN b, IERR TS R o5 i b

Accuracy = TN+ TP (19)
TN+FN+TP+FP

DOI: 10.12677/m0s.2025.141069 741 e RSE TR


https://doi.org/10.12677/mos.2025.141069

FICHE G

EERRAAFTABER A, IERBIE RS K

Recall = L (20)
TP+FN

AR AE BB VE TN s IR T 45 A o i L

Precision =

21
TP+FP (21)

Fl-score & 7% 4 3 F12 v 8 A i AN 2501 -

E_ 2x Precision x Recall
Precision + Recall

X G B A R R K R R A BBk F . R TP FP. TN. FN 4r SRR BB E . RBH . FLRA
A .

Btz 4h, SCHhiRfEH Params F1 FLOPs SRffif A (I S E M H &, BRNSHERL, =ik
A 22 B 2 (1 A R R R B SR I SR AN HEWT . FLOPS $83Z 4T — YR W 48 155 78 2 B AT 15038 B (R VB
R SR, 2 S EEER TEK, RE T 92 BR B .

3.4. LIRSS 4T
3.4.1. 5&#EERNMRERE

(22)

Table 1. Performance comparison of classification algorithms based on LUNA16 dataset

< 1. ET LUNALG BIRER T L E LRI MERELLEL

Method Accuracy (%) Recall (%) Precision (%) F1-score

Multi-crop CNN [37] 87.14 — — —

Nodule-level 2D CNN [38] 87.30 88.50 — 87.23

Vanilla 3D CNN [38] 87.40 89.40 — 87.25
DeeplLung [39] 90.44 81.42 — —

AE-DPN [40] 90.24 92.04 — 90.45

NASLung [32] 89.56 76.19 94.11 84.21

3D DIRLEAN (ours) 93.33 87.5 100 93.33

(B R B B A R 5 SR 2 3 AR AR R Sl A% o )

N BGAE AR ) VAR 4y K S Bk, FRATH 3D DIRLEAN 5 ek il ZNgt 45 o3 207
IETE LUNALG $ds4E BT 7 . X277 743 Multi-crop CNN [37], Nodule-level 2D CNN [38],
Vanilla 3D CNN [38], DeepLung [39], AE-DPN [40]A1 NASLung [32]. M#% 1 afLLAE S, F&A1H 3D
DIRLEAN ff] Accuracy. Recall. Precision 1 F1 734153714 93.33%. 87.5%. 100%#/1 93.33%, fEXTLLH]
B 7k, S T B2y 8K . Precision AT FL 708, K555 — S JE Deeplung, A 90.44%, Lt
FA 3D DIRLEAN 1IK 2.89%. DeeplLung I £ AN AN d i HE B 1 45 AR Z SRR BURFAE, TASCAE A T LEA
T WU AT [0 265 B 09 T 45 717 AT 2 > SRS AR AR, 50 0o 5 A 0 {8 L S v P U T o Bt 2 Ak
DeepLung KHCW SR EFz, 3B o FfE AT B4R %+, AR TRz 2] (HXF AR B 4k
TREMRBAL G SR, FRATEE Y 3D DIRL ¥4k 2 f 2 Je i 8 R F THRRIE AR BE,  7EUkD W 2% i
JEEVH 2R 1 () B S SRR IE = P SRIBURFAE B b f =5 8 HORFIE A BT AT Bl & 1 40 S8R
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342 BFESEEBSHEELER

Table 2. Comparison between Params and FLOPs of the network model

32 MBEESHEMTEELR

Method Params (M) FLOPs (G)
DeepLung [39] 141.57 —
AE-DPN [40] 678.69 —
NASLung [32] 3.05 1.08

3D DIRLEAN (ours) 2.85 0.63

(R R B0 e A R 5 SR 2 3 AR AR R Sl A% o )

N T BEAR SCHR I R T DLEERR i 7 S0 BE A IR I PR S 5@ At S, A5 Deeplung
[39], AE-DPN [40]A1 NASLung [32] 3 Rkt B I & AT T S BEMTFEERXT L. 5% 2 Fis, A
(") 3D DIRLEAN FriffZ4ia &>, 7 2.85 M, #J/& DeepLung 7 1/50. NASLung =% &N L 3D
DIRLEAN 75 0.2 M, {H 3D DIRLEAN ff)43 254 %t NASLung & 3.77%, i+ 5 & (/& NASLung ) 1/60.
X R ARATRE RS T O P B AL #T . 3D DIRLEAN [ 3844 N 48 22 R A5 T B i) 4 N B, R
iR T SR EMTUAR . IkAh, Horb 3DDIRL {3 IR Z 25 K bR itE S AR i, PRAR T RSB S 40
FTHE . LEA MEBARSEA E RN ERIEE, Hilid fe s mHok T ELus 5. JF Hemrs
TEHER S AR FRATATSH,  KOKIRD 1 2B S A A8 B 35 (0 A AE AT B

3.4.3. IXRMEBREMRELLE

90 A - 3D DIRLEAN
NASLung
80 A

70 1

60 ~

Accuracy(%)

50 A

40 -

30

0.6 0.7 0.8 0.9 1.0
Running Time(sec)

Figure 4. Comparison of accuracy and inference speed of the network model
4. POLEHEEY ) B M RO EER IR FE X EE

N T ISR A SR R 7 VAR S m R A SO B AR #s . FRATTH 3D DIRLEAN £ NASLung [32]
i 300 CEARIHERR I B DA S AR (1 7 RS FE e rE (6] 4 IR AT 7. AR, FRATEITIER)
NASLung SELE [ SR AR AT SLIGIA B R g AT 7 &2 8. tHIE 4 wT WL, A1) 3D DIRLEAN A fefig
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TP 38 B UGEARHE R 0.63 sec AR PE T DUIB S, 1A 2] 90% IR . 11 NASLung (1 B VAR HE R
J£%) 1sec, A 3D DIRLEAN [1) 1.5 fi5; [FIBSUNSIGE 2212, HUAS K S ks B2 N 73%. IR BRAIE T 3RATT1Y
WA 4% 6 372 v X £ A B AT UA SIGHE FE _b AR tE . NASLung i FI /2 CBAM VERE IHLH]. CBAM il i
TR RN 23 (B R 0 45 G e R L IR TR AR o T FRAT TR X 28 rp (5 FH 11 LEA B B2 it R 5 bR B0 TS
RS, bR T FEE T CBAM. I H LEA [ E AR E R BB B 8 K, 1T AEMRM L )Z
Z AN R S o FRATTIEKE LEA $iNTE 7 3DDIRL ", DA KFEFESE & 1 4% 2 2 [ i m o 38, iR
i@

3.4.4. HEASEES

Table 3. Comparison of different frame structures
7 3. TEMEZRBHIMELE

Accuracy (%) Recall (%) Precision (%) F1-score
CNN (base) 90 87.5 93.33 90.32
CNN + LEA 91.11 83.33 100 90.90
CNN + 3D DIRL 92.22 91.66 93.61 92.63
3D DIRLEAN (our) 93.33 87.5 100 93.33

RY HE U G AR A SCHE A 3D M 815k ZE AR LR Latent Equilibrium Attention (LEA)FIAE 2, 3477
HEAT T 036 3 s BT Al se e o Seaonks KA CNN I 28 4 9 ZEal 5844, 754371 LEA #1 3D DIRL &4
base H1\H ;)5 . FRATTREIX =Tt P 25 HE ZE 20 & 5 AR U A2 Hi 1) 3D DIRLEAN (LEA + 3D DIRL)fE
LUNAL6 i dE it A7 70 1 RExT b . 3 MEZRLH A HUS 1 Accuracy. Recall. Precision #1 F1 43 %in+<
3 Fin. Al CNN U T 909%H Accuracy 1 90.32 () F1 23 %. 1] LEA 5% 3D DIRL 4> 5l ¥ks 4 e
T 1.11%H1 2.22%, F1 7333 1729 0.6 F12.3. PE R AEH, FERE T 3.33%, F1 0% 1 3.01.
X st R W] LEA A1 3D DIRL #xf fid i 2 1) 73 R HE A M AN & AT DTk . JF H. LEA #11 3D DIRL X #82
BV R I ER T2 AT & .

4, &g

FEARSCH, BATTHEH T 3D DIRLEAN HEZL T 528 /b H50 R 1 5 8 1) v Rl P 4854 RS M 0 2%
BARREZA 4 ANHr B R, Horp g g VAR F 2 3R ATT T LEA A1 3DDIRL. LEA i FRA 144 22 1)
TRAE Y67 R 5 bR BE TE TR S AU A 1F T U SARFAE U ISR AE 1 X 2P, [ B 8 AR X 45 J2 22 1) ) e 9
Jei, PSRN SR E . 17 3D DIRL KiprdE A A Al IR 25 4, 16 80 S HE I LT ok
WHIH 2 EAFEFRAE, F8MERBAES, DA 73 2H5 . 3D DIRLEAN 7E LUNAL6 #i#iE 5
RIS A IR R, MR T 2RI S5 T 4225757, 3D DIRLEAN 7E43 280G . RSl F1 734 1
BRI AL tEge . AR, HSHEMTEEHR KRR, RN T B AR, &2, 3DDIR-
LEAN J#Eid 5| N\ LEA 1 3D DIRL AR /&5 T 0 SRR B, FEff o 1 IUA J7 AR A 5 4 B At
IR e . AEARSRIGWT T, AT — 2P ek 3D DIRLEAN HEZE, ST 75 2R A B AN St
IEAh,  FRATTIEAE KA () AT R R AT I K

EHEWH

[ 5 AR 5 42(8207070786); [ 57 [ AR} 3 5L 4 5 AR AL 32 5 5 42(82302188) ;i T v it %
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