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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 cancer
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
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Table 1 Viability of A549 cells(%) after cisplatin treatment at different concentrations and exposure durations
. . . il Cell viability/%
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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
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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
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Table 3 Comparison of cell classification performance between Enhanced—UNet and five mainstream models

Model

Dead cell

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
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¥4 DeepLabV3+H b N SURFE S 5t 2 UNev++ B RS 5% ), SEBLZ ROEH N 546, BE— 52 TH5r 8105
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Before augmentation

After augmentation

PR3 AS549 20 il i o 1] 1 i i J ok

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

" Background ™ Live cells M Dead cells
Enhanced cell images Ground truth Prediction

€14  Enhanced-UNet 41} 5 F3 w= 51 &
Fig. 4 Representative examples of cell segmentation results obtained with Enhanced—UNet
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UNet T3 64 A 35 18 5 BLSEAB AR SC R 8 () 1K) 0. 912, IEMIBRIAY Bl 45 R 5 1Sl 2 (0] A 5L
SRAN—EE . B g RUE— IR, RIS A RIVEREAR XA PR BUHTSE T, Enhanced-UNet fi8%
RERS AR A0 B AR I B AR TN RLE

#4  Enhanced-UNet 15 5 Fh S SR B AT F7AS: 00 i ifh 5008 Hh

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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2.5 HRLKIE 10090012 &
2.5.1 #ERER 4 T IUE Enhanced—UNet W CEEGHT S0 C@
A A R, % Enhanced—=UNet A8 F J& 1 14 @b S2 56 | ) Y
mESHR. H, F4BI4r 3 (w/o auxiliary branch) £ Ew— e @ ¢ )
BB B LRI S, (UREE i ] o °
= J1(wlo attention) FEBR R G AR INE R T 142, RH 201 ¢
Tk E A ERE AL, RIRERE (w/o deep fu- . . . IEXpeciaﬁonl
sion) BB L B IEER AL, SR Ix] B, 45 20 mmmﬁ 80 100
R, BT IS 3 H Enhanced-UNet, BRI s Enhanced-UNe 21 H B 5 E5L 41
J&, mloU FF%1.22%, mDice FF§0.89%; FIRiEE 11 RS T

¥, mloU FF45.93%, mDice FIE4. 50%; FFRIRERS
3L mloU FF§ 1. 62%, mDice FFE1.30%, Hvr, #FRiE
BN EERE Miasie s, S e R R 1

Fig. 5 Correlation analysis between Enhanced—UNet
predicted cell viability and ground truth values
#5 BRI,

Table 5 Results of the module ablation experiment

*ﬁiﬂ‘lﬂfﬁg ‘ ﬁfﬁﬁ%jﬁo Model mloU mDice
2.5.2 gﬁ EEI %% ;‘é’ Em 7'9 T’ E’»’T_ﬁE jzﬁj\i ;Té)fﬁ 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\iﬁ}ﬂ EfficientNet—B4 éﬁﬁ%%&ﬁ_‘%*@ w/o attention 0.7030 0.8106
VOt a B, BEAT T gt i M SE g, 45 R L 6 By wlo deep fusion 0.746 1 0.8426

o “FB5S+HEB4” HIHETE mIoU Fl mDice E 34T HoAth
3FhAE (AUB5. AUB4. FEB4+HIBS) ., Horp, AUBS5HZE B AAHVERERLM FIE, iBH%H N4> 30 o
ZEINTURGER; WB4PEREA NI, IESE T 30 X TS Hopgmid s .

6 ZGE R4 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 HXiHERL b 7 2H I IEPTE Enhanced-UNet BRI ZEAPERE, AWFFE0 H TR
RPN W3R 7 iR, ST ARIZEMIES SR . MACs, HEFES ) | DR R A7 DL mloU F8hs (iF
175 RFEHLAP 75258 ) EAYRBL, LI HEH, Enhanced-UNet 5 #5337 UNet++AHEL , RUE S5
32.04 MBEEJNZE51. 04 M, MACs M 53. 10 G MZE 191. 65 G, HEREEHEIIE T 11. 28 ms, {HmloU 2T+
T 1.22%; 5843 3% DeepLabV3+AH, /L% Enhanced—UNet 245 M\ 18. 62 MBI 51. 04 M, MACs
M20.94 GHENIZ 191. 65 G, HEFNHEIENIT 17. 98 ms, {HmloUEFF T 10. 36%. L5 kE, BARITE
FEESARTIEM, (HE mloU AR THASET:, BTSSRI 55 R 3 s i A o B JEE , oxX
— I EAR BT

R BB IREN
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 MEREHEB APMEEMNELS, RHMFERRR, fERIEE B 7 12 44 FEE
BCE T mloU F8bR, Z5RWESPT/R. WLIEW, IRAMIAEH Focal Loss. Dice Loss 5 Tversky
Loss AL 251 =2.5, A,=2.5, A=1. 04L& B mloU(0. 762 3)
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#£8 AEFAELH S T Y mloU X

Table 8 Comparison of mloU under different loss weight combinations

Version A Ay A, mloU Version A 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

AT Xk 3 A A A 7 i A A e R, R T — AR T R AR S TR T )
FebRic A s Ay ik, st 7 A G 2 RO IE 5 T R AL 89853 SR Enhanced—UNet,
HPEREIE T UNet. SegNet 55 5 Fh R LS . 4 A549 ZHMIAHE4E I, 1% 07 7 10 i 40 s 07 5 65 foy i e
BLERE AR (r=0. 912), GER TR TR S S AHEREA T i SE 35 B ey T 4510, A FF & Tebricim
TR IR BOARSRME T AR 2%
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