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Abstract

The cross-section data of inner-shell ionization of atoms by low-energy positrons and electrons is
of great significance for exploring the interaction mechanism between positrons and electrons and
atoms near the threshold energy. The problem of solving the inner-shell ionization cross-section of
atoms from the thick-targetyield is an ill-posed inverse problem. The common regularization meth-
ods and differential yield method have poor accuracy and stability in the solution. In this paper, a
convolutional neural network model is constructed. Based on the experimental yields of K-shell
characteristic X-rays of thick Al targets induced by positrons of 4~9 keV measured in a published
literature, a yield-cross-section dataset is constructed and trained by the Monte Carlo program PE-
NELOPE. The experimental ionization cross-section corresponding to the experimental character-
istic X-ray yield is obtained by inversion to solve the ill-posedness of this type of problem. The ob-
tained cross-section results are compared with the DWBA theoretical model and the experimental
cross-sections obtained by the yield differential method in the published literature. At the same
time, the reliability of the neural network algorithm is evaluated by combining the neural network
structure, and the applicability of the neural network algorithm in processing positron collision
with atomic inner-shell ionization data is verified. The results show that the experimental cross-
sections obtained by the MC-neural network method are in good agreement with the DWBA theo-
retical model. The research results show that the MC-neural network method has good accuracy and
stability in solving the inverse problem of the K-shell ionization cross-section of Al. This method
provides experimental cross-section data highly consistent with the DWBA theory and validates the
effectiveness of the MC-neural network inversion framework, but its inversion performance is highly
dependent on the DWBA theoretical model, which implies certain limitations.
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Xof 1E § BT 5 B AR AL AR 70 Sl e A B e ) 3 A e B, A v A ) 1E 97 P TR JRE SR T
70 )2 LB T SC S0 B IR N R AR L 5 R A ELAE R LIS AL T S Bk, A Bh TR S B A 1)
HERTE, JRHES) X . MRV R R 2 UG S IR R e, S 1 AR DCHIA 1) S FRS FE A% 2
W WAL Gryzinski BERBLAY[1] [2], PWBA HIRHIAI[3]F1 DWBA HIRHAI[4]. £ O A S50 HdE 50
(LA, DWBA BRI % BRISAAY Ah A X B 52N AT (1[5 ] EER IR AR 2R () EAff M 75 B2 50 2 T S 1)
SIS H R HEAT IR AIE o

E W B TF AR B B A S e, AR YR AR RS S A AR R R . Hoh, JREER A
WA A S 1 5 T KT N R R B R S R R 0 S B s v N L 2 S R S (Y BB R LA T 1% FRL
SR T I 2 RS I R s e AR B, BRI R S TP U B A R B TR 6] I LT
REEEALR . LB F T P AU S AR AE X S 2=, Frh SRR XS = A B o)z
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TEIE A FEURF W52 2 B E s, BT e PR, IF P Rm TR,
B3 AT R A DAUA SR B 053 L Go PR R RE X LR, S mseah gt B n EETE, UL AE TR IE R
T35 R B AT 1 SR FE SR R AR TV . TR 5T R 8 AR P I e 2V RS U 0 2K e DA A% TR
(v R, TSP SR AR e P B AT P A0 B B o i S FE DU, B 1 RS B AN E FE R I N . H
JEBIRFE X 5 2780 I8 iR 1 P9 72 2 PR A T 2 — 2 Y R AN S S IR [ 7] 0 3 28 ) R PR A OV RRAETE T
AN R R M, SO N IEAEAE MR AR — P, BRI PRI N2, RS EURES
BIFIRHIE X 2= A kT 5 LS W3 W B, L 2R AFAE AN [F) AT S AH [R] P A 400 o pl JE 4= 20K A
JEF N e = F B BT (V) 77 vk R AT BUAEVR (8] PR AU 3 [9]- (11140 Tikhonov IENIALJTE[9] [12], {EAE
FHIX Ui FH A G0 7 32 A 340 5 8 = 0 e i A T I — AN I8 7 1) R AE G AN A e M T T TE SR PR e b=
I Gar e ek Il =R T (2R &2 LB O T L e P YOS B € R 0 R SRS S o)
FEEAE R VRS, ANREMMRAS g ddf o) R . o 48 I 2 HLA IO IR RRAIE 2 21 R ) A e 1tk
AR ), FTLLGE 2 2 B2 0 M4 SR BUR N B0 (0 S AR AE, B R e OC R AT T . M2
D 265 (1 = 2 P R 77 R B AT A8 SIS I S P S ) R PR SR A DRGSO 8 IR 28 7 VR [13], R
TICHR[14] [1510045 FH AL FRAF B[ 4~9 keV & Al $ESEES =40, DL SCHR[16]18 ] PENELOPE 2 /7 #4075
FIMZRFH - WA, WEIFIIGA MR, HE I ST B Se a0 = 806 B 1) H B A, R gk
R DWBA BRI SCER] 14114050 7= A0 H B8 I AT LS 49 o

KRR B E R NI SIS = A SR 5B 1, 2= N HM A NS EETTE, 2B
DU B 7 4 28 X 288 1| G R IEAT R N0 AT, B JE 7828 TR o rh AR i 46 ik

2. SEI§

4~9 keV 1E ML FREHEJE Al SE [ SRE0TE RRHGE f RE VD ERAE BT M8 IE BT AR 2E B R, SERIRE
BN 1 . T T T SN A S B AR [12] [17]. IEH -7 HIEE N 50 mCi 1) 22 Na 4, 258
i35 U0 S TE U RE IE LT, FRAE s R B S R s B R s, S ARXS TR ) 2 45 TE 1)
JE Al SRR AR, #EEE PV 0.02T [fidIs AR AL IE 7 3R . RiEAE =26 1 X5 48 p i B /e ¥EAF 1E 07
(LIRS (SDD) X £k Ae i e . HPGe HRMIARE T4 40, B THOMVEL DT s, TR f b
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Figure 1. Experimental setup schematic
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AR E, FoRANSHE B THIIRRER, E For AL K S2ERE X SHEkfeRE, N (E,)) Rnmies
W BIIRHE X B2, N, +(E)) BN IEHRTHL  &(E) %R SDD REIHUAE Al 1) K 52 EHFHE
X SR RE R AL AT IR R

LA R AR O U B SR A BB IR RE R [14], AR 0T DAB N A R TR AR v SR E )
PR RS FE . SDD AR R R 21 BE 1) AR pH SCHR[ 18 it S50 R 1 15 A5 400 BB 1% 11 EU B I 45 A A v I
SFRUR 11 4 BRI 250 56 B o

TESEEGH, B Py 0 m R R, NI I AT B RO R PR SRR R AR, PR AR RS
fE X B2k, R ERHRE X SR FiEHT B 1E, =R IER T K fiHHE T Geantd X5
36 FR I8 JAEL, IR T RERBAE R FRHE X SRR, BRIV WS SRR 15],
FATERR], SCHR[ 141 4~9 keV 1F HETli4i )& Al ¥ESZIG =302 08 1 8% 7 IME 1E, A SCR SCRR[14]
(S8 =2 5 e i s B IR e, A3 B sSSP 8L EE 1.

)

Table 1. Experimental yield correction
= 1. KWFIEE

N5TRER E (keV) RABIE 4 K AT 1L SE 5078
4 1.27E-04 0.08 1.17E-04
4.5 2.12E-04 0.07 1.97E-04
5 3.07E-04 0.07 2.86E-04
6 5.74E-04 0.08 5.29E-04
7 8.74E-04 0.09 7.95E-04
8 1.24E-03 0.10 1.11E-03
9 1.61E-03 0.06 1.52E-03

3. #HEZMLEATETTE
3.1. FEFFBAE

3.1.1. PENELOPE %

SRRV 715 Monte Carlo, MO) & —Fl 3 T MR GBS BUME T 5L, B IEAHF—R
Al R B A B A . BT SRR RIE 7AW TH () PENELOPE #2)7 H F.Salvat % A FF k., W]
R TEIM eV 2| GeV Zl 1 IEFADEFIfa e, B8 B - IERFHU . S A EAER.
TR TSR RE, TN TR EEERAR . PR TR S R B SRR . 7R A
IER TR Y, ENaf I RENEUN ST, OIS E AEHES SO . PENELOPE RH T 1
YRS T 4 SRR &5 & IR G 1, 7R [R) B 5 3 B AU A B 28 R IR AN [R) O AU SR s . 24
BAURLT 5 P50 R AEAH BAE R R AR K A PRI I SR A PRSI, BEAT B RIS, K v SR 7
YR AN FEBUES, SRAEYE MC B0, R R4 e 0 KN 55K A 0 &P A BAE B 15k
BN, BEAT AR . IR S AT VAR IAAE T 6 KA FE B 3T PE AN CRAIE 1 T 45 SR B RS
PR, X/ A BEH I R 4R B BE S R T SRR . tk4h, PENELOPE F2)% B A 88 e J L P 2 i v, 44
B ) Fi B AT 2 55 T DWBA BRSBTS 2. A TAEi%E+E PENELOPE %X 4:(2008 hi)fEf k8 4 1
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HLFRETE S AL #E K 722 1) MC-HHEE W25 i B0 4

3.1.2. BRI FREESNAE

P MC Bd 4 J SR AR T 1) EL AR B o] L SCHRI11]. #5658 DWBA JE LB B 5 5 &, 15
FHA T HR AR RE S ST IR0 ALR SR S 1A RSO o B TR B R R e R 1)
AR R RE T A IE f 7 B 4 58 2 H0 o B A R e 1, AR B P A R [ e 1, 5 B
Serh RAFAE— 2 H A WU O R I MC RS0~ 200R0 Fe BT E, IR BRI /), 4 X 25 1 250 LA
HBEAT o A RUNGRREAR, ANSCHE PENELOPE AP} SCA4 ot I F 7 350 H 2 T 45000 51 NS BN SN, ofe
PL(O, V)X [E] AT AR, BEALAERE 100 20 B ASAH [H) (9 1F B 1 B0 1 P9 7 )2 B8 o s A RE S pF, 37 K
SRAEI [N CRAIF RSSO FH 2 AT 25a B AT 70 20 O BEALI: « 76 PENELOPE %t N ST H 15 B 3R\ G FL T
B ANSFRCFEEEAFREA DS, NS LA G, KNSR 50 1 B ALE 4E8 LA
b, BN BRZASE ST 100 ZARPRESOAR 0 REK 100 4LHE X SR8, iR A R E 8, 53 MC
B~ A, T 9 5 R SR IUZ A B 5 N (0 B B BV E v B 4, 19 Bz B 0 B Wt
KA 100 H MC P24 - BRI EEE . TEAH RIS T 2 B N Be TR, RIPT13 38 A
LT 9 2R 1) P A Kb S R T B0 4 (R ZEL R ) I PR RIESE I AL BE () MC-# 28 I 28 50 45

3.2. HEMEZHNERSSY

BT PR W BRI AR R A E RE T, A SO B b 22 0 2% 58 o BT SE AR B8 ) Ab 2 . LI
T2 WX 8 AR A 4 T A 42 X 2% (Fully Connected Neural Network, FCNN), ff§ ¥ 4# £ f¥ 4% (Recurrent Neural
Network, RNN), £ F4# 2/ 4% (Convolutional Neural Network, CNN)&5 . A SCHIEHEE L H “MC P40 -
B FEEI— YT 81, A2 25 0% 7 51 R AR O HL G il LG, PEFA 4 I 28 I 2R 3R (K HL
BOBEEH R, ARG N 2% e G R P I B 1 R AR DG 1, @ BB L D S 5E . i
e, FFLAA E T B ShIR G405 B B OCHRRHE, IR E ., WA 5 Re 1 BRI
A, BT DAARSCR SRR N 28 1 8 MC =30 — ki B B, RS 201 MC P24 - BE A4
A, HMAEMZFITIIZ, WEHPIBRE IR, 1538050400 BRI EdE, IR Seie a5 5k
T DWBA FE 1) PENELOPE ¥ QT {5 F 0 70 7 #0025 i B AR T [ 14140 ELR o bt T 20t 4 v = R S 12 4
HEER 2 — 4P FIER, B DAARSCRH —4EG M E I 28 AT @8, RS AT I 2. ZEBIRITAE
Hh A B 2 PR 7 AT DL Gl X S Bk, JRORFFE R RIEM A AT 4EE KA —3, 4
LAUL K (Stride) B € N | B, NIRFFRAIELE S — 2, JHA % (Padding) 5 B A% ST (Kernel_size) 7 2
X(Q2):

Padding = (Kernelsize - 1)/2 2)

BOEEGIANIELR IR R, BB RZ MBI R Sttt @k oM AR 4t o s B e, A2 i A5
T ARLAEGESE HATEH H ReLU WOSRE, BfiS HIMER S, WA SENHIB N L, Eits
NZRAER [F AR S, TR TS IR . ReLU BRI E X1 (3):

ReLU (x)=max(0,x) 3)

FER M RIZRdRE T, O T R R B RIFRIZALRE I ANHERTE, K 100 A ECELRENL R 2>
NINGREE . BAEEMNIRE, 27 LEFI0y 85:10:5. MM IIZEMRS B>, HEMESH; K
IER TN GRS H, il a, KA TR RG — IRIEPP A R A RUR . MC-HE i 2%
(Rt 2 G54 AR RSB 20 AT EEVN, BN 2 momentum HBLEN 0.5, BRI
momentum A B FUIGRREVE. SRS 7 4B ATIHER] 32 4E, FBUNE] 11 48, NERUZRME
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Table 2. Architecture and parameters of the MC-neural network

2. MC-HEMENER RS

JZES N\ EE 4 HH B HRUZ RN BREK R

LG BMAMETG: T Wit 1
A —1k(BN ) 1 1

HERZ 1 1 8 3 1 1
#IA—1L(BN &) 8 8

HBHUZ 2 8 16 3 1 1
A —1L(BN ) 16 16

HER)Z 3 16 1 3 1 1

MAM RSB WL 3, ZMEMEEH Adam @ NS, ML SDG BEHLESE L
35, Adam HI&EMNARAL A ALG B &% RMSprop %, ARASE A ER R Y )5, WSIE T
tRT SGD HIEFHEMF RS . [N HH — I pb R RetE, IZAaEthm, WA TR ALY,
SEEPEE R, B 10 FEATED — U ZRMBIESTR . 230, AT IRmIIgd e, B E0R. &
RIERRE BN 1000, WEM LK, iEFAFHLE](patience = 50) R P g LM IIZRE /i, TE B A AT
fZ A RE 71 IEpT b A . s i NS BB E N 80 PRUEAE A S 58 IR AL I 5, 8E S W1 AR T BLB 3 3 5L
AT . ATAEF I RIE N Ir=0.005, BAE P /D, PRIEBER I ZRd R TR, @b EEd .
Al >R weight decay = 1E-3 IR AL ETER, AR SHONEL, SETHZARE TP 11 )
o WZRAMRIERL IS B E N 20, HBUN AR SRR E N, WKL NBE N 1, BT,
AR B SAE 5 TN o I R 56 BRI e 22 X 4 4 3] 5040 4 v 41 7 0N B4 42 8 THT T RS9 % R
PR 5 B B X L ) S 567 AU U N I R 5 BRI X 2%y, 30 T i S 2R T LAAS: 81000 I 19 e 22 X 4 52
KA m{E -

Table 3. Neural network hyperparameter settings

3. MENLESHIRE

HEHA WE
log_interval 10
n_epochs 1000
min_epoch 80
patience 50
learning_rate 0.005
weight _decay 1E-3
batch_size train 20
batch_size test 1
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3.3. MEMEE LM

AR SO FE TR W A 42 48 SV train_loss, DU RAE 45 S AN I 2R B B2 RIS 1 AR o 4o 26 I 4%
SLFREATVRAL , DAIE BA Ao 28 X 248 SR 1) AT S o

AR R 2R it ok i 2 Heiki a5 188 kAR, MR R IE T I - LRIk - Faw i sh 348
&, LR BHAERE, WSER R . HIZEM I 103.089455 B4 T [E 22 5 2% 0.883676, k%
&Ik 99.14%, /DK 0.867461 HIIESE 174 %6, HiA4k 72 HIL 0.016215, kA& e Jyom H.
T A . H 18 FebRdE R, B S RO AR AL ORRIE s 19~174 30 P22k, 1k DUV KRS AR 2,
TNERIRZEEIT T 0; 175~188 3 NTRE BB BL, #R1E 0.8~1.0 XA N/MEE G, R 2K,
BEEEARAGPRR . BRI ST IE HAR, G REm e, BHASHIEAT -

ACIE S FIIFXT R 2Z MRE (Mean Relative Error) LA ATl 45 B PPAL & M 45 PEE. MRE B
WS B TIUINME 5 B SAE ISP AE R 22, T DLV B s 4 s i WA BB Y L sy, Al e 22 B wT e,
MRE it A (4). AR MC-HZE M 2% 5 KRN 1 4B AT b 8dE 5 5 A4 ¥ MRE
F* 4.

MRE =%Z;|y,- -y|/» “)

Horr, n AINREEREARSER  y, N8 i MEARIESUE;  y, N3 | DRI R T {E -

Table 4. Test results comparison and display

® 4. MXEHE LSRR

AR B(keV) L5 LB AL (barn) T o 25 48 M (barn) AR i 22 A MRE
4 7035.92 7815.04 11.07% 7.6%
4.5 10225.80 9409.06 7.99% 8.5%
5 11342.00 10870.32 4.16% 4.7%
6 12895.90 12699.21 1.53% 5.5%
7 13273.30 13572.39 2.25% 4.7%
8 12880.40 12634.79 1.91% 7.9%
9 10861.30 12247.29 12.76% 11.7%

WA, SEIRRER SN MRE 1 4% % 13%, 2035 HIITE 13%K, 1 A RS AR 55 HLoJotk
it 2% . V¥ MRE A 7.26%, Ut I 4 A AR SR 22 il e i, TS BEmT 58, 2B IR S5 -
MRE b 34 B — 80, ULWIR ZE /0 A3 5, AR AL X AN [A) N S5 0 1) L 3 a1 0 2 SR a8y g . &%
REW], ZA NSRS R Z 0, BARdEA ik shim 2 /), Z A Re ) 5 ke YR,
A LB MC-H2 M 2545 5] 4~9 keV IEHLFEUEHE AL 1) K 522 RFAE X 528 5256 7= 400 b7 1) m] SE 11 i
B

N IAEAR RS R B A O URFR R, (R B S 5SS B, BIFESIRERE, DR
A LRI I 258, %o LU B AE AN R SRS T TR 2 . 23 SR 20 4H. 30 2R 50 470 80 ZH I &%
FEAREAT R LL 20, 455 3% 5.
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Table 5. Comparison of indicators under different training dataset sizes

5. PRINZEHE T Harrxttt

e S U273 GILEEES AR VIR B0 R At 22
20 245 107.11 0.57 0.0088
30 133 101.70 0.71 0.0399
50 248 99.92 0.72 0.0392
80 280 98.56 0.91 0.0197

A RIS AE SR TR, AR I SRR R U IR BOE 22 5 AN ZRER IR Dy 20~30 ZHIK/IMEEA
X[a], BORBURYERZE, RIOVINGIR IO 245 BERIER 133 5, FRIRIET] 45.7%, HEAHBURTHRIA
3 25.3%, W EAEACT R BRSO HL sl K IR S A5 50 265, BIURE B3 FEAI,
B OO0 B RS E 2 RES: ML R 80 Sk AR AR, BIRBURYEE —DIRes, R A& BRI
A BT EING)E AR HEZEE S 0.0197, IEMITE R REAR AT A ZANH I ZREED, IRTHREAZ AR E
Pho ZRETIE, ZERMLM AR I ZRA MU K BUR R REAE A I 2o 3, R I ZREe I
B 50 2% R BUBNE B2 PR, 80 SRR REAI AT SR E IS, PERESRTI AR .

4. BGRRRS S

SEIG RN E FE R IE T IR T BOR 2 (2 2%) X AETEAU IR IR AR 22 (4 8%) [12] VA B N 5t
HLF TR ZE (2 5%) [12], FIX LSRR ZE P 7 AR AR 5 J5 45 B SEB0 = AR 25 (2 10%). L5k
T 5% 22 FH S0 7= A 5% 26 R A 448 X 4% SR 22 ()7 R AR 543 31

AR MC-HZ 28 T IEAL ] 4~9 keV IE LT EUEEE Al 1 K 522 RFIE X 2R 5250 7 2 5 i 15 31
Xof IR F) I PR B 4B T 44 SR L ¢ 6

Table 6. Prediction of ionization cross sections using neural networks

R 6. LTINS B B EmE

AN e (keV) S5 FB, B9 A HI (barn) SR ZE
4 7772.69 + 1042 13.41%
4.5 9121.12+ 1079 11.83%
5 10344.30 £ 1242 12.01%
6 11673.22 + 1295 11.10%
7 12699.81 + 1364 10.74%
8 12184.43 + 1536 11.13%
9 12191.11 £ 1392 11.42%

FEFE 2 b, R 45 S DWBA BB RRMISCHR 7 7 B0A i B [ 14 A L. | 6 AE] 2 W)
K, MC-PPZ M 48 A B MBI R ZEAE 1%/ 4, 1E 4~9 keV BERIX AN, Sl 15 21 i85 i B A 248 0

BIRPE LIS G TFENES, X5 DWBA BIRTRIERHE R G . B 3 REEFIH T ST
PRI 1 4] L S AT, T LR SEBS R L I RE RV BB Y, MC-h 8 W0 2% 5 924 28 (48T 45 SRR A S 4 PR A
PERAERPE . 15 2 PRI XTEE T DWBA BR RIS EI Lk, Ik, e giES 2 EIm e RS
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DWBA Tl g i /e SL i i 22 R VFVE I N AF & 8, 3R MC-H4 M 48 SO HESE B % 15 21 5 DWBA Hig
R E VA TSR A B, FRIAE T % MO 48 I IR AEZL 108 20 o (E i TP W SR SE 1 35 &
%57 PENELOPE #54ll, HJHMEGES DWBA HUIRHIAN S FEAHSC, BT LAA MC-HPE8 M 2% IOJENESR & —Fh
RAIORA) V2 ARa e A s TR, AR R IV B I RE 71, B — @R R

14000 |
| 7 . ‘ 7
| e
12000 /1‘ . ; <+
—~ 1 +// ! ]
g 10000 %/ v ! i 77
e | /
/ v
% 8000 I : n
T | /- + o MC—HPZ M 2 7E
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20004 /
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NEPRLF R E(ke V)

Figure 2. Rusults of the neural network

B 2. MEMEEEER

5. &t

ARSCAE PR I 28 S0 B 52 RS 21 9 keV W IEHLTEL AL 1) K 72240 - s B #k b AT ib
B, 1921 RE R T SRS RION N PR S5 R S AT R, 20 M 1 222 X 2% 465 A4 AR WY Ao 40 I 48 B3 1) T
FEVE. R4 RS DWBA B 5 SOk il 70 7 A v IR T EAT LU AL, AR SEIR R 22 SU VT Y, filie
00 2% 345 21 1) S B0 A T LA AR PR AR E PR AN HERA 1%, JF 5 DWBA B SRBEAT T LU, S5 RRWIPIHEAE
S IR ZEVE I A — BB . B TER T, R ER T VR BE I R STRFE X S 2 5 F S AT 2 1] Y
WK AR, RS DWBA BAR AT & A SEIR AT B, 301E 1% MC-FP2e N 2% S MR SR R A 2k {H
HI T2 28 S stk e 5 DWBA BURBIR A OG, T BAAC MC-H 22 [ 2% S i HE SR R BEAE D Hiudle S s
TR, 2R RIRE.
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