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Abstract

Energy-dispersive X-ray fluorescence (EDXRF) spectrometry holds significant potential for the non-
destructive testing of agricultural products. However, the quantitative analysis of light elements
(e.g., Al, S, Ca) in light matrices such as tea leaves is frequently constrained by intense matrix effects
(absorption-enhancement). Furthermore, under extremely small sample conditions, conventional
data-driven models face the severe “curse of dimensionality” and high risks of overfitting when pro-
cessing high-dimensional spectral data. To address this dilemma, a novel quantitative analysis method
based on a Physics-Guided Residual Network (PGRN) is proposed. The architecture adopts a two-
stage fusion strategy. In the first stage, guided by X-ray physical prior knowledge, a univariate phys-
ical baseline is established by extracting the net peak area of the target element, providing funda-
mental physical robustness. In the second stage, by combining Standard Normal Variate (SNV) trans-
formation with the sparse Lasso machine learning algorithm, the matrix effect residuals are specif-
ically extracted and compensated within targeted spectral regions of interest (ROIs) encompassing
adjacent interfering elements. Experimental results demonstrate that PGRN achieves a significant
improvement in prediction accuracy. Taking sulfur S, which is severely affected by matrix effects,
as an example, the cross-validation coefficient of determination (RZ) was significantly improved
from 0.567 to 0.831, with a substantial decrease in RMSECV. This method effectively overcomes the
overfitting bottleneck in small-sample spectral analysis, providing a novel white-box paradigm that
integrates data-driven accuracy with physical interpretability for high-precision XRF quantification
in complex matrices.
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BEXF BRI, TR AINEEAR OGS AT B G B, A SR IR O R R AR A R, A
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ZIT VRO H M RO B A — 1 SR B SRR A 2 ST MRS, SR BORNS: B—I B, IREUEbRGR
(134 g TR ARUR S RS R BRI AR, A DR AR AR AE AR /INRE AR N B A SRR ) BB R 1, A SO B 7R 2 28
BB A e s IR AR AL (SNV) SR AL &3 2 > S5 (U Lasso 5% ElasticNet), 7£ 618 AHAE Tt
IR E SR O HRIX (RO A, 6] 4 27 = M P BT A T VR AR RE () A AR R 22 o AN AL B IR AE
P REA AT, S8 7 A A AR eI R R R R T 3 AL LS (R R FE 8 AT, VR R RAR R R
AL T Pl B K B R FE S W AT AR R T =K

2. WIS REME
2.1 BAHIESEAEMERER

N1 i R R S /D ORE RS A AN ST X B R B 4, AWERR S T ARt
EDXRF AT A BEATE[16]. B %G, R BIRZE e A E TR T4, /£ 60°C FHFRIEE, L
THERAK > R A FERIREM o BE)S, T g LR 185 B2 R i, JFId 140 H ARAEDR AFE i
KBUREFLARAE 106 pm et , AT DRob AR BORE O A R R 5 29 50« B, AT PC-12 R ks RO AR v
BL, HEWIFREK 4.0 g 135 e b R B T & BR S, 7E 25 MPa BO1EE ) AR 30 s Zid Bk
BB R i i ELAR D9 32 mm HARTHSFHE . WEEE S, B — I BRIHIE 2D, B3 T /544 EDXRF

N T IIZRAEGAUE PGRN BB, IAZUGRIBOR M REA AR . B, 455 H AR s R AR BEBAL LA . A
R P 3 AR Bk A P JRE 75 5 B T AR S 68 (ICP-OES) i AT 25 it o« AL BRI R« HERRFRKEL 0.5
0 AR AR i BT A AR, IO\ R ) v A R AR R AT B P OB R T AR e RS KR
WO I 2K E A 2 50 mL. FffG, A abFar sl e AL E 25 e A =) £/ Agilent 5110 ICP-
OES X & it AT Z u R AR I E o 78 SE N MITh 5 5 A T B A A TAE S MG, RStk T
(396.152 nm). %%(396.847 nm)Afii(181.972 nm)&E& TuE ML K S HE LR IR . 245G 2 R MEdrifE 2k,
R E SRR BAR T RIS E 4, LG — 9 mglkg. 1% ICP-OES Ml 45 Ui A A AT 7t
TR SRR R S TR RE VRS 4 R, AR 1o
Table 1. True concentrations of target light elements (Al, S, Ca) and major interfering matrix element (K) in 13 tea leaf samples

determined by ICP-OES
% 1. ICP-OES MEH) 13 MR AT EIFRTER(AL S, Co)REBEFHREMTR(K)HWESLIRE

Sample ID Al (mg/kg) S (mg/kg) Ca (mg/kg) K (mg/kg)
1 307.4 3514.5 24925 12195.0
2 659.7 3899.7 2534.7 12415.3
3 207.8 38494 3075.1 14229.3
4 841.7 3321.2 4227.7 10579.7
5 369.0 3526.8 24744 11717.8
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gk
6 270.0 3376.3 2036.7 11614.9
7 471.1 3648.0 2459.0 11851.3
8 461.0 3447.0 3212.7 10995.6
9 911.0 4231.0 4499.3 12239.9
10 442.8 3987.6 4041.2 11425.4
11 704.0 3245.7 2994.4 11330.0
12 409.7 3611.1 3581.1 12974.5
13 264.1 3576.2 31154 12107.8
Min 207.8 3245.7 2036.7 10579.7
Max 911.0 4231.0 4499.3 14229.3
Mean 486.1 3633.4 3134.2 11975.1

2.2 ETHRBAARIER TR

TEMIEARBRCAE T, BRS8N I8 8 1 v 4 A S 0 S O\ T — 4 G AR 48 X 45 55 2 2% R
JES IR, WSy 5k CHEBURME” o BB I A I EEES E S H AR G R TGOS I U
o, SECLZARR MR . T IR T AR B G, PGRN BRI — BRI TR T X
SRR 2R S IR RN B RFIE SR I T 1, DA A 2 R i ) B T I

MRAE SR B, FEECRMRHE X HER e 5 HE T FH0- 7 RiEtk. Fik, 75 EDXRF
Jeitk b, HbR oG 3R PR S 8 32 BEAR 7R JUAFAE BE B R PR R R B TE X [H], BJYJE% Y B[X (Region of Interest,
RO . AHE T ¥ SeARYEIX — M) B Se 36 MR, KERAEAL 745 BRRI4S 0 RAFMEIEATIE R ROI X H]

SR, 52 SR TR0 25 79 9 26 L KRE S I B B VE T, ROI LT UL & T KBS Sl s
TP TR RIS S, ARSNGB TR AT 15 S BR[17] [18], A ks 15 H Az oo
F I T A (Net Peak Area). HEERE R WA RQ)FIR:

N {net} = Z -\ frac{ I{stan} + I{end} } {2} x (Ch{end} - Ch{start} + l) (1)

{i:ch{stan}}ECh{e”d}}l

Forf, 1 RS | M X AT IHRCPS): gy T 1 gy 27 FIF RO X AL £ 1L S5 1075 5
TR, T EOAIX 69 RS 52k . LU ROI FREL S B A5 S MR A 4 ) 1 s

FE] e S 65 SR AR RS XRF G, 21 o e MY 3Lk, 15 (8 3 X SR T S TR G B 4 e
SRR N, o ESRELH LT TP B S N J5, ASTE U 7 28 B A ] T RERY 19 PGRN 1
PB4 Q)R

Y{base} :ﬂo +ﬁ1 ’ N{net} (2)

R, Yy B ETNG HARTC RIS, 4R A OB D TR A B B R RR . %
SRR T A MR AR R A S TSR, AR B 2 RS Lt T S
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Figure 1. Schematic diagram of prior-knowledge-based ROI extraction
and trapezoidal background subtraction
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Figure 2. Schematic diagram of the overall architecture and feature flow of the physics-prior residual network (PGRN)
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o, AE SCUVERI R I TN i 22 9 SR P S B IR B TME 2 22, in X (3) s :

Y{ res} :Y{true} _Y{base} @)

A Y AEE IR ARLAENS BRI Y, ) 9 ICP-OES MSE HIFLSE R 3 Yy HIHT
Bt R R 2 TR -

T 5| AR 27 ) AR RO B, AR FEIRFE 1 I N KBRS K Al A\ Hens,  Feim
R XS A B~ S B [ A 5 15 5 55 T T T B R D 1 U S R B XA i AR A
BRI EE AL E T, B R AE oK B AT AR IS AT AR, ATH RS R AR TR
Fir LR R ARORE E 5 B SR P S BRI B 2 R S BUN SRS SO T %A id iR ns(4) o

Xow) = \frac{x—uj{o} 4

X, x AR EE TR w A o 2 R A B X R )P 3 T B AR v 72

TEACH 13 MEARBIR I KT, BMEAGR R E TP R OGS X R, H—4ERFE 5K & 1 4 52 (R
Sk B IE () p) KN A TR AR E (B 13 MR FEA n), BIFEANBLALE “p > n” mde/ MEARNE.
FE 5010 2 o2k B IR I WA A 22 X 28 FE U T T SR R AR ™ I A . BRIk, el 2 BB — Al
Fior, ABFFEGINHTA LL IENEE T Lasso FhBi Al s ST R L & 5% 22 [19] . Lasso SHiLAE S o
W U AR B 2R P P L B A R AN, AR B X R R N M S v T A F IR O B T RRAE, A
T SEIL P 28 AR IR Btk . 3L H bR s Ecn =0(5) fis :

\min,,, \ frac{1}{2n}

true

Y,

{res} -X

2
, +alwl, 5)

{SNV }w

A, X g, IR E A BAHR 0T H 70 2O AR w MBI B 8 o Syl %
R RE i E UL BB
e, PGRN BURAIRALA VI Y, EIYITLRHE A T Y, SROHE L0 tHHORMEIRE Y,
HTIETCZMNT, W (6)
Y, ety =Yase) + i (6)

{final} — "{base}

IR BT P St P B B 2 i 1 B e 2 5 e X SR I AR AR R D SR I BE T AR, AR
FUBEAE R I AE AT RIS SEEL 1 AR /NRE AN R n 3R A RO 1 R M

2.4, HRBITE RS 32 X E R

BT AR IFEARREW/N, RS RE I 75 2h 8 5 MRS I 730 2 5l NEUR A icim 2, HG
FERSMHARAEEARGEE . B, AR B —52 Xk (Leave-One-Out Cross-Validation, LOOCV)
FEME R AG VAT (2 AL BE 1 STRIASFE . 7E LOOCV HEZER, A IKIEARHY B H —ANEEAAE NG
EHE, HRBEAIERNNSGSE, HEIAFEARBRIE—K.

N7 AT EA PGRN B FLE LR 5 Tl 2 22, AH Tk Bk € R (R F1E5 77 il 2 (RMSE) 1
RGOV AR bR . BRI MR e RE(R?) 22 NG IR MR E RE(RS) BRI 7 LR 25 (RMSEC) LA
S A8 SCBHIEY) T iR 72 (RMSECV) .

o= on) | [m(n-)
> }{ >

R? =1-\frac )

= i

P RR 2 RMSE ELEAMT & TR NI 5 SR 2 (B i 4 xt i 22, ot S R s(8) s :

DOI: 10.12677/japc.2026.152010 96 Ly PR R=Svi


https://doi.org/10.12677/japc.2026.152010

R 55

(-1,
RMSE = |{\frac{l}{n} > 8)
i

—
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PRI T I Z RN FEREAE, AN T M EME AR . 8 AR R R 58 SCRIE R bR, AT EULSSHIE
PGRN A E R /I A R HEBT I 100 & (1) sk R
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Figure 3. Comparison of prediction performance between the physical baseline and the physics-prior residual network (PGRN)
for light elements (aluminum and sulfur) in tea leaves. (a) and (c) reveal significant systematic underestimation bias in the physical
baseline; (b) and (d) demonstrate that PGRN successfully corrects the matrix effect with significantly improved prediction accuracy
3. ¥IERRAE SR S0 T ZE WAL (PGRN) X ZE AT R R TR (IR S W) M TUN M REXT L. H e (a)F(c) B R4MIE R
ARENRGEMRMIRE; (b)FN(d)E R PGRN RINKIE T EMAMR, FUUREERZRA
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ST RCHTIR VB SR IR AR SR U S, AW E BT T 13 MRMHAEA PR, B, 45 =F0 B broc
RIFIEEAR, JFCU Oy B AR B 1 AR A MR A B R o 2RI AZ DAL AE T AR S 4L
BIREE, XAIE T 58— R i P AR BT 45 A AR AR B IRE 1 A RUAE B INRE A 25 T B G R P 00 5 UG

SRT, B — 58 SCIRAUE ) E B i 45 R AR YT, WL XS AN R TR TR RS FEAF A B 2 22 5 . AR
fi & e B (I  3(a) 5 3(c)Frr), A TN AE A B R BLH — R Ik iE g @, (HL T
AR R T 11 BARX AL, E BRI TR, HkE REATBAKT, BT RR 22 5.3 ik
RYITNNAE 5 31 S Z A7 R ] [ R G PEARA

BRNEINT X S e PN T, IR R Ge g 22 0 AR IR TR ROBEALIE A5, TR i DI S e 1
FRI 53 B v 7 1Y) 76 2R AT USORONE (Mattrix Effect). 7ERESE (A X STk e rh, BiA Ko FFAETE
LRREEIAR(Z 2.31 keV)o AL AR A RS A7AE AT (Ko £ 3.31 keV) 545(Ka 29 3.69 keV)roz, H
o R WA 2R AL B RFAE R B M A A T W s T o 2R it b B S A IR B A R e shing oo 2 H AR
MR SCRAL 5 S2 R S R AT AR D 60 o IR iR U PR i A S il R0 S SRR 25 e 2% R WA 30 0 Bt U
UL T BT T YOS T R ER A, BEME R IR R R GERA.

H T AR R HR AR O H AR e R B SRR, e sk TIETIUCRIRIEE R, Bkt
IR XA LA R B A R SORSEAT B & AR IE, e S BT 3(a) 5 151 3(c) b i 2 IR B AR 2% . AR
i, 1A R A WY E R R G, O JE 22 51 NSRRI N T REEAT 5E A2 ER 4L 1 il
B EHE S A ]

3.2. BIEARTHBIERME B L 53 IS 247

BT AT SCHR R Y AR LM S AR RN, AR GG o M v 20 W T 1) T 5 N il R R I, R4 & 2 et
T2 B 2 3] A M BRI B [20] [21]. SRT, FEABT LA 13 MREARIMIRAAIE T, 4xilihy
AEYEBET AR, M T SR Y i MR AR N B O 1 S A XA AR R AR 2 A R (1R BR P
AHT GG R A T Al i fie /s Rk S — RS R 2 I 2 A it EE R HE, IR B — 28 SR UE SR o
ZALRESIEAT T RS PR

F AR 0 R I TPERE AN R AR 0 2 Pom . BT A R Y], AU SRS R R A A MR A
TR TR AR, Hh B ER R M 4 Oy

Table 2. Comparison of prediction performance of different algorithm models for sulfur in tea leaves

= 2. NEEEER IS A R Tt R AT M RExTEE

Rt IR R? (maka) R’ Roncke)
W) B JE E (Physical Baseline) T 4 IEE T AR 0.612 165.4 0.567 179.3
Tt/ — ik ESLplibE 0.850 120.5 0.450 310.2
—YEET A 2% Ko BlibC] 0.998 15.2 -2.150 680.5
VPR SRR T ZE P 4% YIRS + FRBLRHIE 0.885 95.2 0.831 112.0

RS 2 Hr R 5 28 CRRAIE SR AR o] LUR I,  —4EB RN M4 E I SR BER B T AR 2L IR O
PERISE R AR . He e KRB R ik 0.998, H MY 71 2% RMSEC A 15.2 mglkg. A,
FEAS SRR B, AR A TN e 2 2E T BE o R B, 28 XUIGAIE Ve R B R2 BURDBAL % iU, 28 XIGAIE
BI77 MR 1% 2 RMSECV  H B H08 2% F e
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XA I A e S ZE TR AR s T IR S STHER MR X ST M b A E BRIk . th T4
PR 2% B L TE R IS H0E (R S AR VR RE V), RS Z R FEARLRATEIL T, WA IFRA K
5 ) FHS5 P RSCRR B ECSE A B AR . AR, BRI R A RE ), R il b 5 B AR TR B R
HEHUN . RIS EEHL A 7 RS DL SR A S E R AT T S, DA 2546 B
PARIRZE o IXFCIZ RN ATRAIA T B B2 AL RE ), S BOLAE TN R 2 5 I ZRA IR AR A 58 42 R 3K

Uk, BRIV 2 S5 AR T SR 2R P e A A g Fie /s —3feis, FESI NAIEAFIESS, H RMSECV kAR i3
i1 RMSEC, W FIFERAEA AR R 4T UARME S (T LI AR RTEIMIE A, FEIMEARSRAE T,
It P B S 6 ) A B SR A SR AN AT (0 SEIIE AR A R R MES S b IO B PRI A N5 10 4%
ASCE it AN HL ™A% (R P B 240 T 5 A 1 1 (CRL A % 0 BB RIOR CAE 1 3(b) 5 ] 3(d) A5 2 ELULEITIE) o

3.3. YIRS RE MR IR S B R4 ME

WiETSCE 3(b) 5 1 3(d)MINEBUS TR, HEiE R 2 FE RN Tabs, AT H E LKk =
WL LER AINFEAS S5 AF R SR B 1 SR A TIRS 532 Ak e 11 UABR TG O, HEas SUIRE v R B RE &
FHETH 2 0.831, X XIIEE TR 2 RMSECV K NP4 112.0 mg/kg. SRR, BT
P 7(95.2 mg/kg)-5 28 XIHIF R ZE BUE = FE BT, AT RRET R T AU IR S AR L A AR N AR T A SR UL B
PEREIHN -

WER S50 R 72 X 2 2 it LA RE S Fil T U v 24 /PR AR RS, 00 76 T RUA 84 5 7 i 78 S AL A PR R
FERA . B BB R R T B ARG R IR, PR TR A RS iR e s S B
B ZEAMEREHGE R 5] NJETF L1 IR Lasso 503k, SN 1 i 4E 6 R RRAE Bt n 1 A 267 7 (1 Ff i 1k
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Figure 4. Physical correspondence between the sparse weight distribution of the residual com-
pensation module in the physics-informed residual network and the X-ray fluorescence spec-
trum. The non-zero weights precisely focus on the characteristic energy peaks of potassium
(K) and calcium (Ca), achieving white-box interpretability of the physical mechanism
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