4% F2 M ¥ # AR NUCLEAR TECHNIQUES Vol.49,No.2
2026 2 H www.sciengine.com/NT February 2026

ET MR R KL B 7 Rz E IR 7l
F B

MR 5/ EEN gkiEsH
(ERBEZU/ERTEAR  FER 400060)

FEE  EExdy BB ) M 4R TE A S 0 BUE S R U0 7 VR IR A AR TR RS FEA 2 5B B
18 E 8L, 2 L — PR SISO 4R 5 KO & 23 SR BOAZ 3 IR N 77 1, DA R A 485 0 2 R 0] e 4 8 B0 R 2 B B 5
TRUSEBR N 73R . %07 S8 SR ZE 43 43 M2k (Principal Component Analysis , PCA)X] 46 1 024 4E v g it
et AT At , SR B DTHR AR =99% 1 E o), AHBR TUARME B I e 75 400 s B /5 51 A AR R £ 1Y) g
PEL R S B SOREA SRR IC JR I SRR , 45 5 8 R AT ) 9000 48 3R SR 0 AR ALE S IR AT 20T
5 R PR P R B O B A R IR AR THRAE T 4R 1K) 73 2R 5 0l B8 0+ B K 20 0 5 RO AR R AE AN KT &0 20 48, 4K
5 B0 B B SE AT RS SRR R BRI, LIS R EHINZ R R . BT —E LaB(CoORM R4S
1 02438 2 38 43 H1 38 %5 WU B HEAT SEB6G MR, SR AR08 12 Pt — A% 3 S 2 MR G A% R TE N 10 224 2H y Re i A
A, 1E STM32F407ZGT6 1 i HLREA T & _F A7 M, 72 4838047 0=0.2 I X6, &5 RpAIE U 8 3 IR TR -G A% SR AE N IF
DUAREE (1) F 35015 0 K TA 31 98.5% » FRLKAZ Z IR IS AT I [B) 4% 1) 75 140 ms PN, W3 48T T R UM I HER P 5
THRRCR , N5 S0 485 5% 2 TR A SE B 38 F At 1 T S fR e

KRRy, AREUHRESE, KIZWrE, R

FESES TL8I

DOI: 10.3724/1.0253-3219.2026.hjs.49.250382

CSTR: 32193.14.hjs.CN31-1342/TL.2026.49.250382

Nuclide identification method based on neighborhood rough set and
KNN classification

CHEN Chen WU Huan WANG Guofan YAO Zhengyong
(Chongqing Jian An Instrument Co., Ltd., Chongqing 400060, China)

Abstract  [Background] The high-dimensionality and inherent noise in gamma spectrum data often lead to low
identification accuracy and poor computational efficiency in conventional nuclide identification methods. Therefore,
a new method that can provide high accuracy and computational efficiency in portable devices is needed. [Purpose]
This study aims to develop an efficient method for nuclide identification by combining neighborhood rough set
(NRS) theory and K-nearest neighbor (KNN) classifier. [Methods] This method involved three-stage process. Firstly,
principal component analysis (PCA) was applied to gamma spectrum data for dimensionality reduction and reduction
of linear redundancy. Subsequently, a heuristic search strategy based on NRS was employed to optimize the feature
subset by eliminating redundant attributes. Lastly, the KNN classifier was used for efficient nuclide identification in

the reduced low dimensional feature space. In the meantime, the identification method was implemented on an
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STM32F407ZGT6 platform, and experimental verification was performed with a LaBrs(Ce) detection system and a

1 024-channel multichannel analyzer. [Results] The experiment used a dataset of 224 gamma spectra, comprising 12

single-nuclide and 2 mixed-nuclide categories was collected in the experiment, and verification results show that an

average identification accuracy of 98.5% was achieved by proposed method on the test set with a neighborhood

radius of 0=0.2. The processing time for a single identification is within 140 ms. [Conclusions| Experimental results

confirm the superior generalization performance and high computational efficiency of the proposed method across

various scenarios, including mixed-nuclide conditions, hence providing a reliable and efficient technical pathway for

efficient nuclide identification in portable radiation detection devices.
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Fig.2 Overall workflow diagram of the nuclide identification method (color online)
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Table 1 Example of neighborhood decision system

%5 No. a, a, a, a, a; VL3R J& 14 Decision attribute
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e, 0 0.007 295 0.009 722 -0.231 081 -1 *Am
e, 0 0.056 084 0.016 744 -0.173 528 -1 *Am
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e; 0 0.001 099 -0.003 913 0.242 789 1 "“Ba
€, 0 0.003 558 -0.003 709 0.245 653 1 Ba
e, 0 0.041 249 0.003 037 0.265 501 1 “Cs
e 0 0.061 119 0.002 337 0.260 522 1 “Cs
e, 0.007 880 0.030 943 -0.002 066 0.257 323 1 “Cs
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Table 2 Example of reduced neighborhood decision system

5 a a, a, SR JE It
No. Decision
attribute

. 0.002336 0.009 507 -0.208 161 *'Am

e, 0 0.007295 -0.231081 **Am
e, 0 0.056 084 -0.173528 **'Am
e, 0 0.003 199  0.244 238 “Ba
e 0 0.001099 0.242789  'Ba
e 0 0.003 558 0.245 653 "“Ba
e, 0 0.041 249 0.265 501 "Cs
€ 0 0.061 119 0.260522  "'Cs
e, 0.007 880 0.030943 0.257 323 "Cs

RLE A AR AN % R Ba, HEAE N
100%.

®3 W SRHEARNRAES

Table 3 Euclidean distances between u#"and each sample

A’ se) R R s
Decision attribute No.
0.009 658 *Ba €,
0.010 960 **Ba e,
0.012 211 Ba e;
0.030 930 YCs e,
0.041 476 YCs e,
0.060 248 “Cs e,
0.432 038 *'Am e,
0.463 242 *'Am e,
0.486 120 *'Am e,
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