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Abstract This paper proposes a lightweight neural network method based on UNet to accurately detect and localize high-
density, low signal-to-noise ratio (SNR) sub-diffraction fluorescence spots in high-throughput fluorescence microscopy
imaging. This method combines a squeeze and excitation channel-wise attention mechanism with a residual module to
optimize feature information. A density map and offset multioutput architecture are also constructed for direct detection
and subpixel localization. The proposed method has been verified on public and simulated datasets, and outperforms
current algorithms for low SNR and high-density fluorescent spot detection. Notably, the detection performance of the
proposed method is excellent for high-density fluorescent spot that reaches the diffraction limit, such as in images with a
resolution of 128 X 128 pixels having 1200 fluorescent spots. The spot detection accuracy (F1 score) of the proposed
algorithm exceeds 97. 6%, and the localization error is 0. 115 pixel. Compared with the latest deepBlink method, the F1
of the proposed algorithm has improved by 16.2 percentage points, and the localization error has been reduced by
0. 63 pixel.
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Table 1 Performance of SE-Res-UNet using different density

map loss functions

Loss F1/% RMSE /pixel Recall /% Precision /%

Our loss 84.6 0.545+0.357 82.4 88.4
AWing loss 83.0 0.564=0.348 80.1 89.0
BCE loss  80.2 0.539+0. 337 76.9 94.0
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Table 2 Performance of different models on vesicle dataset

Model F1/% RMSE /pixel Recall /% Precision /% Parameter quantity
SE-Res-UNet (16) 84.5 0.54940. 356 82.7 88.1 772539
SE-Res-UNet (8) 84.3 0.542+0.354 81.6 89.2 210271
Res-UNet (16) 83.7 0.54340. 369 83.2 84.8 743311
Res-UNet (8) 83.9 0.5484+0. 354 81.4 88. 2 758531
SE-UNet (8) 84.0 0.55740. 351 81.1 89.3 141615
UNet (8) 83.4 0.570+0. 351 81.9 86.1 138003
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Fig. 2 Algorithm performance under images with different sizes, densities, and SNRs. (a) F1 under different sizes; (b) F1 under

different densities; (¢) F1 under different SNRs; (d) localization error under different sizes; (e) localization error under different

densities; () localization error under different SNRs

1412004-5



£ 605F 148/2023 F£7 B/BAEXBEFZHE

XANGE R B W AR A AR AF i AR 2 e RS B TE SNR N TG OL T i A BE FOINE BE A 25 . 16

FEARAS W LU T, DG BE RN 75 57 0k X 43, 10 FEBORY 1R 22 J7 T, T A B i e A TR A e B R #0 EL A 4 b 1Y
AR E R, B 2(0) MR AR ILEM & R 2, B B 3L M I Big FISH & iR W 2>
FUE L TR MERE . ZE SR L (SNR KR FHETHT, 0. 06 pixel (AL SNR M 1A EN , ZGM LR, i A
XL UM BE 22 AR R N H R AE SNR OV SR B vk UGS B 25, 4 Ok AV AR 22 B R K ) L A
2HITE LR A 3R, T e i 1484535 98. 9% deepBlink Z /72 0. 02 pixel, 3% i — A i B %5 1 (4]
M 90.2%, #H & T deepBlink I Big-FISH, # Xf F I 7% 1 1Y 45 5 X 7E A AR e bE T BSO8R 3R 8 AT B
deepBlink F1 4 fig Bl W42 &5 , e DT 1L LA H 40 85 £ TERE

23 R [IEMR LL T AR R 5 3k R0 A o7

Table 3 Detection and localization performances of different algorithms under different SNRs

SE-Res-UNet deepBlink Big-FISH
SNR F1/% RMSE /pixel F1/% RMSE /pixel F1/% RMSE /pixel
1 31.2413.3 1.02340. 134 33.1+11. 6 1.11540. 076 9.6+3.4 1.036+0. 148
2 90.2+8.1 0.620+0.075 88.2+8. 1 0.64540. 083 66.4+16.1 0.73640.108
3 98.9+0.6 0.362+0.023 97.8+£1.0 0.38540.031 93.1+2.1 0.42340.033
4 99.2+0.6 0.264+0.028 98.5+0.9 0.292+0.039 96.9+2.1 0.35040.069
7 99.3+0.6 0.151+0.017 98.740.7 0.188=+0.038 98.1+1.4 0.27140.075
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Table 4 Detection and localization performances of different algorithms under different densities

. SE-Res-UNet deepBlink Big-FISH
Density F1/% RMSE /pixel F1/% RMSE /pixel F1/% RMSE /pixel
200 99.1-+0. 50 0. 062+0. 0041 97.04-0.98 0.296+0. 0435 98.94-0.61 0.350+0.0715
400 99.0-+0. 30 0. 066+0. 0026 94.540.58 0.398+0.0193 97.34+1.10 0.40940. 0252
600 98.8+0. 31 0.073+0. 0037 91.940.70 0.502+0. 0251 95.841.00 0.442+0.0185
800 98.640. 35 0. 081+-0. 0040 88.740.54 0.59040. 0209 95.0£1.50 0.45540. 0414
1000 98.3+0. 24 0. 096+0. 0044 85.0+0.66 0.679+0.0152 77.7+7.79 0.592+0. 0412
1200 97.6+0. 25 0. 115-0. 0047 81.4+0.56 0.745+0.0104 68.34-11.81 0.702=+0. 0634
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Z I BE B2 2. 29 pixel) o BEAL, Y PASBERCAHAREE BB AYSEOG AL B B T ARG D R
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Fig. 3 Prediction for high-density spot images. (a) Fluorescent spot prediction reaching the diffraction limit; (b) prediction based on

density image; (c) detection results of each algorithm in the case of 1200 spots per image
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Fig. 4 Representative images of datasets and their corresponding prediction
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Table 5 Detection and localization performances of different algorithms on different datasets

deepBlink SE-Res-UNet Big-FISH
Dataset F1/% RMSE /pixel F1/% RMSE /pixel F1/% RMSE /pixel
SunTag 83.0 0.382-+0. 289 85. 4 0.59540. 266 62.8 0.55340. 298
Vesicle 82.9 0.577+0.384 83.8 0.531+0.363 67.8 0.65440.341
Receptor 80. 6 0.5124+0. 320 80.7 0.471+0. 305 72.8 0.51940. 272
Dense spots 90. 6 0.5104+0. 167 98. 6 0.079+0. 017 90. 1 0.47840.118
44k i A2 N T AR B g AR o3 A 4 LAl .
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