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Abstract  [Background] The calculation error of the stacked pulse amplitude generated by traditional pulse
shaping methods leads to distortion in the X-ray fluorescence spectrum; thus, it is difficult to accurately analyze the
spectrum measured in a high-stacking rate background. [Purpese]| This study aims to propose a transformer model
based on deep learning for the pulse amplitude estimation of radiation measurements using high-performance silicon
drift detectors. [Methods] Firstly, multi-head attention was applied to the transformer model, and an encoder-decoder
structure with embedded positional encoding was employed to estimate the amplitude of stacked pulses. Then, a
predefined mathematical model was used to simulate the pulse signal output by the detector for model training, and
Gaussian noise corresponding to thermal noise and shot noise was added to the signal to simulate real nuclear pulses.
Finally, experimental verifications were carried out on powdered iron ore samples and powdered rock samples, and
relative error, corresponding to the accuracy of pulse amplitude estimation, was used as a model performance

evaluation indicator. [Results & Conclusions] Experimental verification results show that the average relative error

obtained for eight oftline pulse sequences of powdered iron ore samples and powdered rock samples is 0.89%, which

means that the model can accurately estimate the amplitude of stacked pulses.

Key words Stacking pulses, Deep learning, Transformer model, Positional encoding
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Fig.1 Principle of stacking pulse separation and pulse amplitude estimation
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Table 2 Comparison of estimated and real values of overlapping pulses in the deep learning model
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ZMARIEAE AT R Z Relative error AR AL fifii{E Estimated

Pulse Pile-up or not Real value Triangulation of Triangulation /%

Y HH X % 2 Relative

value of model error of model / %

P1  No 322.3077 308.87 4.17
P2 Yes 615.384 6 568.21 7.67
P3 1167.692 618.74 47.01
P4 Yes 910.769 3  849.85 6.69
P5 710.000 1 432.60 39.07
P6  Yes 644.6154 557.88 13.46
P7 1076.923 627.63 41.72
P8  No 386.1539 363.08 5.98
P9  No 622.3077 571.75 8.12
P10 Yes 611.5385 556.17 9.05
P11 992.307 7 666.04 32.88
P12 Yes 780.769 3  732.13 6.23
P13 956.923 1 829.89 13.28
P14 No 730.769 3 675.82 7.52
P15 No 639.230 8 569.35 10.93

320.23 0.64
610.48 0.80
1164.98 0.23
908.56 0.24
708.52 0.21
643.19 0.22
1070.48 0.60
380.86 1.37
621.64 0.11
607.77 0.62
989.54 0.28
777.57 0.41
949.87 0.74
722.75 1.10
634.71 0.71
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Table 3 Comparison table of parameter estimation effects of the deep learning model

J¥'5 Number #4258 Sample type HEFFEE Stacking degree HEFAZSH! Stacking type “T-¥JAHXT 1% % Average relative error / %

1 AR FE 10% XUk Double pulse  0.21

2 Powder iron ore 30% WUk Double pulse  0.32

3 sample 60% Skt Double pulse  3.42

4 90% XUk #h Double pulse  0.85

5 WA AR 10% XUk Double pulse  0.19

6 Powder rock samples 39, MUK Double pulse  0.48

7 60% XUk Double pulse  0.65

8 90% Uk Double pulse  0.98
3 ZHiE HERRARFE IO o AR SRR FE 2% ST R AE A% S

ARSI T — PR AL B gD (1) 2 Skik B
Transformer i £ (X 28 A5 8, 20 3 3 T HER ik o
IR EEAL 11 o 1% B8 i — N 2L T Encoder-Decoder
MEZE ISR, SR FH 22 Sk UL, LIE SCIH0
B 7= A AR AR HUK 7 21 DA S = A O 5 BITRE Y
F R AR B S AT U 25, AU AN S 30 45 R B E T
FIr RS R ik b g FE A v Ve e . SR AHXRZE/E R
HER K el 2 Ak U1K FE SRR AR, 45 HHAE R R Bk A
s AR A A i 1Y) 8 2H B 2 ik 41 Hh A 21 1)1
PIRHRT 1% 225 0.89%. 45 R B < K A iR A A B 9
B ) 22 S 2 75 8 Rl Dy i B A MERRUORE ) ik v
FEA S TE T ke B, BLAS T4 BRI AN 2 ke
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