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Abstract: Lung cancer cell viability detection is widely used in anticancer drug development. How-
ever, conventional detection methods can hardly meet the demand for continuous and dynamic moni-
toring. In this study, a novel label-free detection method based on microscopic imaging and deep
learning is developed. We take the non-small cell lung cancer A549 cell line as the object and con-
struct a dataset containing bright-field images and corresponding cell viability annotations. For the al-
gorithm, a dual-branch multi-scale feature fusion network Enhanced—UNet is designed, which com-
bines the detail recovery capability of UNet++ and the context modeling capability of DeeplabV3+.
Spatial and channel squeeze-and-excitation and atrous spatial pyramid pooling modules are introduced
to strengthen the extraction of detailed and global contextual features. The results show that the pro-
posed model achieves a mean intersection over union (mloU) of 0. 762 3 and a mean dice coefficient
(mDice) of 0. 855 6 on the self-built dataset, with a prediction correlation coefficient r=0. 912, out-
performing five mainstream models including UNet, SegNet, FCN, PSPNet and LinkNet. Without
chemical reagents, this method avoids interference to cell status and enables continuous and dynamic
monitoring of A549 cell survival, providing a valuable reference for developing label-free lung can-
cer cell viability detection technology.
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Fig. 1 Dual-branch multi-scale feature fusion network of Enhanced—UNet
The model integrates a UNet++ main branch with embedded SCSE and an auxiliary DeepLabV 3+ branch coupled with ASPP; it leverages an

attention—gating mechanism to enable adaptive deep fusion of multi-scale features; and it adopts deep supervision, a hybrid loss, and adaptive

HIZEL TN SCSE [ UNet++ 53 32 5k N ASPP ) DeepLabV3+4li B4 325 FI

learning—rate optimization to improve the training process (FEZZE 5

FHTER I =L S B 2 ROBERMIER) B R BRI s SR ATREENTE, | IR G0 B B 2% ) R N ZRid #2)
1.41 E5%: BOPRETHMERI 50 35T UNetv+ 288", {fi ] EfficientNet-B5 Zi i 2% ,
AL B TR TR AN Sk SECANTT . [ 5IN SCSE IR Z Y, FA T GEIE 1T ) 545 1)
TERT), AR DIRAVRFAEN L, T4 FHEE D0 A M B RFE SR ICRE 70 1250 3 Hh B4 v 20
FERHEILA F .00
EOAHINEER X, 5 3 o PR A TR S U R T 3R A -
F,. = SCSE(DecoderUM ++(Encoder]ﬁ()() ) ) (1)
SCSE(X) =X + o(FC(GAP(X))) + X - o (Conv,,,(X)) (2)
H, EncoderBS( . )?’{]EfﬁcientNet—BS Il et 2 ROERFESR BRI 2L, DeCOderLNet++( : )?{JUNet++?ﬁﬁE§
e PRV R, SCSE( - ) 23] 5 JdE HE A7 — Uil HE B B B RFAE INAL B8 %5 o A Sigmoid i
TR, FCOAZEN)Z, GAPAZRPERIbAL.,



4 TR AR (http://www.fxesxb.com) 545 3%

1.4.2 HHSX: 2B ETEXER il 3ZHT DeeplabV3+ 204, i 4R IR
EfficientNet-B4 #ifih &% , 2 b F SCHRHAESE BUR [FE] Ny, Ui+ EFFE . IFSINAE ZAHANFE KR
(Rates = [6, 12, 18])HJ ASPPALH™, iZIEHROTAEA IR UG S PR MR TE T WY R ANEAZ YT
L B 73 SR A ey T SORBT R S BEE RS , WA AR 425 bR SUE RS BURE 11 o %43 3Kk
TR SURFIEIC N F,,, 0
PRI EUR X, S SR AR bR SCRFESR U R vl 3R -
F,,. = Decoder,,, ,vs +( ASPP ( Encoder,(X) ) ) (3)
ASPP(X) = Concat(Convl (X)), Convi3S5(X), Convi (X)), Convis (X)), GAP(X)) (4)
Htr, Encoder, ( - )4 EfficientNet—B4 4l 2 I FFESE BUREL, ASPP( - ) Ayasili 43 b) < 55 i AL A
12 R BRSO %L, Decodery,,,ys.( + ) A DeepLabV3+ S s HRHEMIDEREL; Convi d RARE
%A d 1) 33 B
1.4.3 FENSISHHERASIE h TAMEE B0 XM EE S X2 REER, mik
L5 240 i DSBS G B AT SRR AIE ) S P B TE R R i 2, AR SCT 1 — N S e B 0]
¥ G ER R W IR R A
oG, (REAERE FPHEM A ST IRE, S 2PRR SHE £, (XD . RIG, RIS
TR IHLED B S FHESEST B G N IIEL, SAEGMTER T 1L, ARSI\ GELU BUH R,
FUERT AT BT O BE A AR S O B e 2, SRR A e i) 2 BUORE BE . HoH SR AR I T

Fiwi = Concat(F ains m) (5)
A= U(BN(COHVIXI(GELU(BN(ConV3X3(Ffum,)))))) (6)
Fan = A@Fiused (7)

Horp, Concat F/RUTIEIEAE R DHESAE s Conv, FREBEARAN A kBB RNE; BN gt —1k;
o 4 Sigmoid G R, B EE IREMS =0, 1]XE); ORFRTLERE, HTRIHHEREST
AL
WG, MIAUSHVRRE F, 2R RS LB KRR 4E, JPal k2, Wb Ry, mitsE
JUREo R
Yt = FusionHead(Fm) + Conv', l(F{wd) (8)
Hrpr, FusionHead( - ) AVRERNVS LB HFELEER; Convi, (- ) AEBUZ RN, HhEiEEch C
BIRERAE, W TBAIGRERHE £, 57 R ERE, SCBlkEER:; o ENE S BI0NE (E 5.
TEANE . SEANE, C=3).
1.5 REIZRIESXNWIZE
Enhanced—UNet PIZRRBEALHG . BN KIS RS 480%6401% 25, Batch size=2, M NZR48%50 R §
523K HE , patience=5), EfficientNet-B4/B5 ¥3)fii H ImageNet[zzz?ﬁﬂlléﬁQ , e RS, SR AdamW 4k
L WA R 1e-3 . AERR le—4, IRETUREE. REWE S B W, 52 LR A
i H R I AR SZIR KRS, ESF 17 4 epoch, H/NE 2 F Ay 1e-T,
ET MG T R XN LR, HAEAMMRE A AR XA, B — 2K bR Ok LU BEARRCR
AR T — PR SRR L., B Focal Loss™ | Dice Loss, LI Tversky Loss™ JIAZH & 10 i :
Ly = AiLpoeas + AgLpee + A Ly (9)
Hop, B IACE RERIE LI R (WL “2.5.47 VRAREN: A=2.5, 1,=2.5, A=1.0,
I MEREEI ST FHZALRE ST, INZRd R TR BB = 5 — B 2 A 2 G i R . I %R
HREREL L, € SN
Ly = Lo(Yyuss Y ) + AL(PLY,) + A, L(P,,Y,) + A MSE(P,, P,) (10)

o, P RLP S S0y SRR SRR, Y, hAShRAE . MBI EACE B A, =0. 6, A,=0.5,



55 8 ] ERCESE . TR WRUSARRNRE S STH) TohR C R A M A 77 i 5

—HPELRAE R A,=0. 4,

o} B E Enhanced-UNet ) PERE DL 3, AR WF 5T 5 5 A& B A A UNet™ | FCN™' | SegNet ™' |
LinkNet™ | PSPNet”" A7 5258 . Fr A A5 A3 5k Fl 5 Enhanced—UNet 5S¢4 4[] A £ 475 398 55 SR s (O,
“1.3.27 ) HiNgrong, HIA N R 9R (TTA) o A 525 BITEHE 2 Intel Xeon Platinum 8470Q

—

CPU. RTX 5090 32GB GPU = fk 5548 L5808, BFT#REE 2 PyTorch 2. 8.0, Python 3. 12, CUDA 12.8,
1.6 #RENELTEHR

KA IEH ToU . Dice AHALREL . 40 i% J1 4% 0 HE B 1 (Accuracy ) SRIEM L RIPERE . T3R50
mr.

TP
U= Fp e FN ()
Lo 2xTP
Dice = TP+ FP+ FN (12)
Horp, TPoERHYE, FPAERBHYE, FN B
_ 1 ’PFGl’ \Pd—Gd]
Accurdcy N 1 2 Glolal " Glolal ( 13)

Hor, PORTITEANEEL, PoDTINSEANNEEL, CoONESEIRANEE, G MESBEANEEL, G, =G + G,
2 HR5IR
2.1 AEFEN A4 M BRE BRI

AT R R EAAL BN 982 AS49 2,  LIARAS ARG J/K-FROAMIEEA , G SaiR s >
TR R 2 5N RS A S o S0 [ I o B 2 VR 5 25 S A NG, RSS2 iE & i e
T EG YA B - IR i e 5 . AR ZA AR B 2B 1 o, IR BB B E M 1. 25, 2.5, 5,
10, 20, 40 wmol/L, FFAMVREEBEEES IR 24, 48, 72 h =AMEHIB K,

1 AP R S AR R T () AS49 41T 77

Table 1 Viability of A549 cells(%) after cisplatin treatment at different concentrations and exposure durations
. . . il Cell viability/%
Cisplatin concentration/( pumol+ L") ah ash 2
1.25 97.85+1. 19 95.55+1. 30 89.52+1. 81
2.5 97.22+0. 84 93.31+1.57 86. 84+4.97
5 95.97+1. 81 78.25+11.33 62.19+14. 21
10 92.16+1.93 66. 77+7. 35 27.09+8. 61
20 91. 65+2. 30 58.43+7.76 16. 70+4. 58
40 84.62+4.51 51.52+6. 20 15. 75+8. 65
ZERME 2 PR, SWHIAELE, A549 4IRS /) 1007
X 8] 2 3. 91% ~ 99. 43%, 4 i 71722 b B2 BLW tel ) 3k
. IO . s e . X 80-]
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T R 2 S AT S5 B B R 20 241 1
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Fit 32 900 VR B % ) % B BE Y (UNet, SegNet, FCN, .

_ R Fig. 2 Trend of A549 cell viability changes under cis-
: hH Rl il D74 DR S °
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BLFP 5250 (seed = 42, 43, 100, 300, 500)f+ “PIfE+bRifEE" . PEREXT LA RN 2R, En-
hanced—UNet 7EPT A PEAE FEFR L3RI i vERE . H mloU {BEiE 31 0. 762 3, #HEL T UNet(0. 719 1)§2
F254.32%, FHESTPERESS 21 PSPNet (0. 6210) 32T+ 14%; XS ) mDice {4 0. 8556, [6AE .25
FHABXT AR X —25 59EB], Enhanced-UNet fEAFRANME B G X T 5 E 0. HIRES S
UGS B S50, BB R
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Table 2 Performance comparison between Enhanced—UNet and five mainstiream models

Model mloU mDice Parameter/M MACs/G Inference time/ms ~ Peak GPU Memory/M
Enhanced-UNet 0. 762 3+0. 006 8 0. 855 6+0. 007 2 51.04 191. 65 25.74 968.3
UNet 0.719 1+0. 003 2 0.821 5+0.003 3 32.52 49.93 3.87 306. 0
FCN 0.671 8+0.014 8 0.7823+0.0127 12.93 46. 88 3.06 522.1
Linknet 0. 681 1+£0.016 7 0.797 1+0.012 6 11.21 6.49 1.26 186. 1
SegNet 0. 660 8+0. 005 9 0.769 9+0. 002 5 9.38 125. 16 5.00 412.6
PSPNet 0. 621 0+0. 009 1 0. 758 0+0. 006 1 21.63 18. 83 1.93 135.1

bold numbers indicate the best value in each column

TR, ARWF 5T BRI UEA IR T B 300 AS49 MR TR, TR4E—E W 75t 5 IR
P, KRS R HAN AR (A H1299, PCO %) sl R IR ARl s A A s 4, LA KE i 7y
HZALRE ST, AR A B I S, B I R Y AN e
2.3 YRS LRI

A TH B UE Enhanced—UNet 7E 240 M0 238 5 73 254 55 O PERE , ARWF503E— 3 T g @ B %) HL 525,
[ 34T 5 URBEHLRD 1~ 5E 56 . XFH 25 SR 32 3 %, Enhanced—UNet 76 P 2540 ) 73 E) /3 24T 55 b ¥ 36
Plsetl, JCHAEFEAMMI > EUESS Bk, HloU ik 0. 8953, Diceik]0.945 8, Ibsh, AW
SR BIPTAT 6 Pkt LAY ZESEAN M 73 BT 55 v P RE S W28 D0 T s 4 .
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Table 3 Comparison of cell classification performance between Enhanced—UNet and five mainstream models
Live cell Dead cell

Model

ToU

Dice

ToU

Dice

Enhanced-UNet

0. 629 3+0. 012 4

0. 765 4+0. 013 7

0. 895 3+0. 002 5

0. 945 8+0. 003 4

UNet 0. 570 8+0. 007 9 0.7229+0. 002 9 0. 867 3+0. 004 5 0. 920 2+0. 005 2
PSPNet 0.561 4+0.011 6 0.708 1+0. 009 5 0. 680 7+0. 008 2 0. 807 9+0. 004 2
Linknet 0.5342+0.013 4 0.689 1+0. 012 1 0. 828 0+0. 020 0 0.905 0+0.013 0

FCN 0.518 9+0. 016 4 0.666 1+0.017 1 0.824 7+0. 0157 0. 898 5+0. 013 1
SegNet 0.516 7+0.010 1 0. 670 5+0. 006 1 0. 805 0+0. 002 1 0. 869 4+0. 008 8

bold numbers indicate the best value in each column

BARIAETR A0 5 5040 M E PR RE 22 e R T LA R AN . SR, A sn 5 piib Mg E T L
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HORAEDR T, BN . s 85, MO s SR S AN E VAR A, T e TBOR TS A
Hil 5 FEANMIA AT S AN B F )22, (AR SE A AE A B T B 5 T

FT LiR%F AL, Enhanced—UNet Itk A SCSE 13 i, WIRE & A7 s fb i 3 s b 5
HIFEANNLIA SR, B2 S BUAE AN M g 48, X —HOR I 5 Liu %744 28 SCSE 138 i - %5 1)
B9 B AP, Tl e Jed o BT 2 18 R — 2

AT FEAML, Enhanced-UNet £E35 AL 70 FE 55 H B9 ToU (XA 0. 629 3, IX—1EREZEHE 1 22K
T B OSRH R E A R E SR, R, WE 48178, Enhanced-UNet /5HE5 M HER LN
I EITE AN G B DK, AR i 2h 2 ) BE A A 40 P SCRARRAE . SR ER s vl it — 22 5N
SPETRAR | M T Y S E S P DHE S G U R, IR TR A BN B IR R AT TR AR

TN, MHTHRA R Enhanced—UNet SR HI AT A3 SO JE RLG RS, IS4 32 B30 2k
HEE REEACH. . WARE BN A Al f, T2t — 5o B U RE R, AT S5 AN R A
v Bt E 3 B DE4E AN 40 2 O RRAE ] (5 40K UNet++ R R JZ 40 1T FFAETE N DeepLabV3+H ASPPFEER , 5%
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Before augmentation

After augmentation

3 AS49 R ARG s 5 X H

Fig. 3 Comparison of A549 cell microscopy images before and after data augmentation

" Background ™ Live cells M Dead cells
Enthanced cell images Ground truth Prediction
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Fig. 4 Representative examples of cell segmentation results obtained with Enhanced—UNet
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SRE)—EtE . FORSERIE—PIIE, RIEERE A0 BITEREA XA BR AU T, Enhanced-UNet {55
REAS ARAES 0 0 A0 s 1 B TN RLRE .

#4  Enhanced-UNet 55 5 i S SRR A ARG A0 vE A 500 Lo

Table 4  Comparison of cell viability detection accuracy between Enhanced=UNet and five mainstream models

Cell viability accuracy 0.8889 0.828 6 0.818 6 0.790 6 0.778 3 0.593 4

bold numbers indicate the best value in each column
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Fig. 5 Correlation analysis between Enhanced—UNet
predicted cell viability and ground truth values
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Table 5 Results of the module ablation experiment

*ﬁﬂ‘@ﬁﬁ ‘ ﬁfﬁﬁf’ijﬁo Model mloU mDice
2.5.2 gﬁ EEI %% ;‘é’ Em 7'{1 T’ E’:{Tjiﬁ jzéj\ i%)ﬁﬁ EfficientNet— Enhanced—UNet 0.762 3 0.8556

N a 8 - L. N " w/o auxiliary branch 0.750 1 0.8467
B5 éﬁﬁ%%ﬁ N %Bjjﬁj\im}ﬂ EfficientNet—B4 éﬁﬁ%%&ﬁ_‘%‘*@ w/o attention 0.7030 0.8106
PO R AT T i we i SRR, 45 R 6 By wlo deep fusion 0.746 1 0.842 6

No “EB5S+iHB4” HIHEFE mloU Fl mDice 34T HiAt
3RS (AUBS, B4, FB4+4iBS), Hrb, XUBSAYZ e B ARHMERE M PR, wiBASH S0d 58
SEINIIRER; WBATERERE FRE, UESE 1 50 e 2 gmid s

6 A RS A R
Table 6  Encoder ablation experiment results
Main branch encoder Auxiliary branch encoder mloU mDice
EfficientNet—-B5 EfficientNet-B4 0.7623 0.8556
EfficientNet-B5 EfficientNet-B5 0.749 7 0.8433
EfficientNet—-B4 EfficientNet-B5 0.746 5 0.8455
EfficientNet-B4 EfficientNet-B4 0.7154 0.8218

bold numbers indicate the best value in each column

2.5.3 SXiHBE b 72 RN BTHE Enhanced—UNet BRI ZEGPERE , AW FON H Ef TR
B HT . N T B, X T AEZMTESEE . MACs, $ERIETR] | 0EE IR A7 L mloU 48R (i
1T S IKBEHLADFS250) BRI, SLIR45E R EW, Enhanced—UNet 555153 32 UNet++AH L, RESEEM
32.04 MIEINZE51.04 M, MACs M 53. 10 GIEINZE 191. 65 G, FEFEEHEIIE M T 11. 28 ms, {HmloU 2T
T 1.22%; 581433 DeepLabV3+AH, /L% Enhanced—UNet 245 M\ 18. 62 M /i1 51. 04 M, MACs
MA20.94 GHENIZ 191. 65 G, HEFNHEIENIT 17. 98 ms, {HmloU$EF T 10. 36%., L5 kE, BARITE
TFEA BN, {HJE mloU WARE] T RSET:, BT A0S AT 55 SR o a0 i o EURE B0
— I EARN BN

KT BB IR
Table 7 Model complexity comparison table
Model Parameters/M MACs/G  Inference time/ms Peak GPU memory/M mloU
UNet++(EfficientNet-B5) 32.04 53.10 14. 46 566. 2 0.750 1+£0. 002 3
DeepLabV3+(EfficientNet-B4) 18. 62 20. 94 7.76 191.9 0.658 7+0.011 2
Enhanced-UNet 51.04 191. 65 25.74 968. 3 0. 762 3+0. 006 8

bold numbers indicate the best value
2.5.4 MKEHEBM PR ERAENES, RAMKEREN, ERIEE EIFE T 12 AR RGE
BCE T 0 mloU $8b5, 45RME P w., WLIEH, IREMIEE P Focal Loss, Dice Loss 55 Tversky
Loss AU 2240 A, =2.5, A,=2.5, A =1. 0415 B 55 mloU(0. 762 3) .
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Table 8 Comparison of mloU under different loss weight combinations

Version )tf A, A, mloU Version /\f A, A, mloU
1 2.5 2.5 1.0 0.7623 7 3 3 2 0.7425
2 2.5 1.0 2.5 0.7333 8 3 3 4 0.757 4
3 1.0 2.5 2.5 0.7351 9 2 4 2 0.7453
4 1.0 1.0 1.0 0.756 2 10 3 2 4 0.7503
5 3.0 1.0 3.0 0.7570 11 2 2 1 0.7539
6 3.0 3.0 1.0 0.7356 12 2.5 2.5 2 0.757 1

bold numbers indicate the best value in each column

3 & it

ARG BT 3 A0 M R 7 R ARG A (), B T AT RAUSUR S TR I
TebRICHE A TS IR J7 vk, Bt 74 S 2 REBERHIE 5 7 2 AL B9 X5 S8 Enhanced—UNet,
HAEREME T UNet, SegNet 25 5P iRl 78 AS49 AR A I, %07 7 U B Ayt 55 B e i e
LR EEA R (r=0. 912) , HERH 1R BT F R AR EA T w] SE 38 T i nl 451k, hoF & Tebric il
FEAMETE IRE AR VA IMEN 2%
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