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Research on intrusion foreign objects classification of
contact networks based on GBDT model
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Abstract: To solve the problem of insufficient utilization of text data for foreign object information in railway contact networks,
and to quickly and efficiently identify the types of foreign objects in contact networks, research on foreign object classification in
contact networks has been carried out. Firstly, by analyzing the text characteristics of foreign objects in the contact network, entities
related to the category of foreign objects in the contact network are extracted to establish a " dictionary of foreign objects in the
contact network" ; Secondly, use the Jieba word segmentation tool to load the dictionary to segment and clean the text data;
Subsequently, the key features of text information are extracted using the Term Frequency—-Inverse Document Frequency ( TF-IDF)
algorithm, and the training and testing sets are split in an 8;2 ratio; Finally, a Gradient Boosting Decision Tree ( GBDT)
classification model is constructed to train the training set, and the trained model and test set are used for model validation. Seven
commonly used multi class text classification models, namely K—Nearest Neighbor ( KNN), Multinomial Naive Bayes (MNB) ,
Logistic Regression (LR) , Random Forest (RF) , Decision Tree (DT) , etc, are compared through experiments. The experimental
results show that the accuracy, recall, and F'1 values of the contact network foreign object classification model based on TF-IDF+
GBDT reach 94.70%, 94.74%, and 94.53% , respectively, which is superior to other classification models compared to other
models and has certain promotion and application value.
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Table 1 Partial data after word segmentation and cleaning
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Fig. 3 Training principles of GBDT model
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Fig. 4 Classification of foreign objects in contact system based on GBDT model
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34 EWER

FF TF-1IDF 535, LA weighted J5 20315 PE Ak
FEFRT-IE , PR E hy 4, PSR AN 120
17 GBDT #EARIYIZR A, Rl H} 5 KNN MNB LR |
RF DT, Adaboost ,.SVM 3t 7 >3 25 R ik 47 52 56 Xk
L, B SI 45 R L3R 5

R5 BERLBERILL

Table 5 Comparison of experimental results of various models %

sy R #JRR FIE HIFTES
TF-IDF+KNN 73.43 70.21 67.68 70.21
TF-IDF+MNB 67.22 67.82 67.04 67.82
TF-IDF+LR 92.21 92.15 91.57 92.15
TF-IDF+RF 85.27 85.50 84.13 85.50
TF-1DF+Adaboost ~ 78.94 85.71 82.04 85.71
TF-IDF+SVM 93.63 93.67 93.32 93.67
TF-IDF+DT 91.97 92.08 92.01 92.08
TF-IDF+GBDT 94.70 94.74 94.53 94.74

ERX 36 5 AR St 45 S nT LILEE ], GBDT
BAY ) PEAG PR b , RO 5 A R P E AR
R T X AR LA Rk B T 94.74% , AAXT
TXF AR cp A YT GBDT 6 B3I 25580 R 1 SVM
BRI N GRas S HEf R4 = T 1.07%, % R

IPIRCR RIS HE 3B 5 Fh 2 2 I 2R 4R Al
AR, AT GBDT BB A il 2155 73 FE AR 5
FIAESCA P RBCR B A — R I, RERS AR 47
X SCAR Y A AN A T L

AT 12 fih I 7 25 A ) 0 S SR LA
MR LR A IR AR A 7 s, BT,
TRV R TR 51 7R TN, 2] A9 S K0 7 TN O 1%
J B AT RN HHE AT I BN IR B 1Y

GBDT BRI AR 4 B LA R WK 6,
6 LA T ATLIOES ] BR T BRI, #5002
PRIUAE A 7 A2 50 ) Bl L ) DA R AR At
A B3 F1AERTHA T RAFIRCR . 18 i At
PEAT AT R B, SRR B S R AR O B 2E
TRA 24>, — IR 28 5 s G S Al A
VP22, TR T IRAG K o 25 B R R A1 28 W
MR BIN T 326 1A%, SR A 28 501 A1 B R AR
BB R L H55 18 T A BRRIE R h SR
A NSRRI TN TR A R ZE AL, nT LA
FILEHE JN B T B R AR 22 O SRR i
IR BB TN A R4S SR 22 BRI 2531, X
H JE AR S 2, RN E ] 1 R 5038 T 3CAZ
A AL ) S0 0 207 I B B



48 o ok /B O 5 MM 514 %
S o U 60 s 0 s
= o= S0z AV 00 = M 600
g oon ook 5% 0% I R
Uk WO KUK 400 X UK 400
o b 300 2 fifkh o ik
YR 20 Bk 200 Bk . 200
fﬁﬁ% 100 ff*;{f‘% 100 FBEES RS
ZRpap 2o Lepigi 2L
- ) 0 . 0 i i 0 o . . 0
NGRS SR S T AR AN PSRN
SRR LR m‘%}s%%f BEOTRT FTEOERRE
SRES RES RES SiES
(a) KNN 00V R (b) MNB BRI (c) LR TR VA R (d) RF BRI il
HLUS LS 800 s 800 5 300
K gy il w7 o
w Uk TR Uk Bk
Wi oy W i 0 400
VBRI v EEH Bk a0 MERH -
2?%§ IS Ik BB
2 L 0 i o 2R 0
otk s SR B ek B S R &y 508 B S R S i SRS
PRCENG PRI NI RREIS AR NCARNGR RIS ARG B O R R Y
IR R T TORRRRE IR
i) i) HIES B2
(e) Adaboost L84 LV AR () SV MBIV (g) DT LRI VSR K (h) GBDT R
7 BEBERIEER

Fig. 7 Confusion matrix of each model

*6 GBDT HEELFLIGLER
Table 6 Experimental results of various categories of GBDT model 9%
FiA LitES FEAEIE S F11{H
TR 90.36 92.59 91.46
k2 84.36 95.35 89.52
B 100.00 97.33 98.64
IR 97.24 99.30 98.26
K53 94.07 92.03 93.04
Mk 93.05 95.84 94.43
R4 48.93 97.57 65.17
S 85.14 83.54 84.33
4 ZEFRIE

AR ] P R AT K I L R R vk R AR 1
T — Al IR kg H A A4 6 1 B B2 G A8, PR
RPN A7 1k 2 A o) S0 A AR 4 56 2R B4 1 1E
WABAT T g A A AR R ) S ) AR SOAR
B 30 3 X S ) o A T AR AR B S e
wmr .

(1) T YR 422 fih D) S5 49 S A B8040 36 45 Y 9 40
B, SEAD T 32 i ) S 0 ST SCAS BRI S i A

(2)LL 2016 4F 1 H & 2023 4F 4 ] 4% i%4%
fik O S5 ) SCA B A SRy il B2 48 T 3T GBDT #5541
)2 ik I 5 49 4 2 5 %, TR) B 6 B4 BT T KININ
MNB LR .RF DT Adaboost SVM 3t 7 >3 51 e A

OYREE: I LASCEUER] 1 AT GBDT A5 A 1) £ fih
W 57495732 T3 0k DB

(3) P T BRI 422l X S ) SCA B8040 AN 329 1, 1
g RAE ], 5T GBDT A5 R Ay 42 fih 0 522 49y 73 26 05
T RS AT S Xt SCAR 70 FE e AN 329 i TR R A
ARAFR 7 RCR  H R A AT R ATk A —E 1Y
RIS I

(4) Fh 2% 28 0 K030 S 3 245 2R ml 0, SR ORL AR Sl
WM AS AR 38 1 K S S g e i, i
7% AR G4k it 2 i 19X S ) SCAS B3I 28531, PRk
AR AT e 22 | HL R QPR B P AR5 28001 1Y
SCARFIE

Sk

[ 1] BEEEHE. LT CDEGS Y32 it HL A Ak ik 6 Xof i 2 i <48 T Wl
TP T]. BRIERF 5 TR 2%, 2020,17(8) : 2101 -
2108.

(2] BB, BEA s i S AL G TR BRI x R [ 7). k1 ik
524 T4 ,2021,11(6) :29-31.

(3] FERK=2 BT SCHE. ke i 0 S ) 12 A ML B v [ 7).
HEYL TSR ,2019,55(22) :250-257.

[4] BRERE. KEURE M2 2P Eh N TR AR N HAH[T].
FHEHLI I SCH% ,2022(2) :38-40,46.

[5] 845, Tk DA X, 45, Tl 4.0 T8 ek B AT A A8
LZER[T]. BB TR ,2021,21(1) : 115-131.

[6] TR, SRFM, XELHT, 45, ki il X 5 A 3l A kAo i
BIT]. W EEE,2019(10) ;39-44.

(7] FRIE, SAk, MG, 45, BE TR B 24 > 142 fok o) 15 S 53 431
BIWFFE[T]. BRIEMLZEZ405,2022,42(2)  116-121.



5 6 1]

A, . AET GBDT FERY A1 fish b0 574 73 S F 5 49

[8] TAN Ping, LI Xufeng, DING Jin, et al. Mask R - CNN and
multifeature clustering model for catenary insulator recognition and
defect detection [ J]. Journal of Zhejiang University — Science A
( Applied Physics & Engineering ) ,2022,23(9) :745-757.

(9] Wi, 2% iR, 55, TR VA SCR B 12 48 10 BR B 5 5
BRI 25 [ T] . BRI 244, 2018,40 (2) :59-66.

(10124758 Rz, 257 45, JE T L8R i JE R i Bk % 22 22 2
BEBEIR[T]. ZlfE RS % 4,2019,37 (2) :33-39.

[ 1] R PRAR  Z2I08TH. 36T MCNN (1% BRI A 5 15 A T e Jo SOAR 432
JrEREFELT]. BERE S TR, 2019, 16(11) :2859~-2865.

(1206, MR, E B, 45 56T XE 18 XU KA e A2 0 45 1 2k
BAT DRSO 2E[ ] BRiB 224 ,2021,43(9) :71-79.

(131, R Tt 45 H ARG 5 A3 P i SO SRR B Y
[J]. %24 ,2022,33 (1) :102-128.

[14] FooA, bl NFA. 22T TF-IDF AU D5 19
ATP B MK G0 0 W5 [ 1], BRER TR HLNL T, 2022,
31(12) :8-12.

[15] BREIMAN L, FRIEDMAN J H, OLSHEN R A, et al
Classification and regression trees ( CART) [ J]. Biometrics,
1984, 40(3) :358.

[16 ] FRIEDMAN J H. Greedy function approximation; A gradient
boosting machine[ J]. The Annals of Statistics, 2001, 29(5):
1189-1232.

(17 B8k, SRR, B I0eRR 55, J6T GBDT 1951 42 1wt Bof & 790 00 A5
TIWFGE[I]. BREhriEBET,2021,65(8) :149-154,176.

[ 185K, 4342 Boosting SEVAMFFY K FAE PR H AR A v (14 B

JHLD]. Wi - vt TR, 2020.

[ 19 PP UEE TR Ibiss 2R A 15, 4. JLT GBDT 144k % S i S AL Fit )
KR T]. A kaE4] ,2022,48(2) :470-478.

[20]COVER T M , HART P E. Nearest neighbor pattern classification
[J]. IEEE Transactions on Information Theory,1967,13(1) :21-
27.

(21880 PR s, pigi. i TRh R DU i SCAS G 2 8 45838 [T ]
TR ,2016,34(7)  147-154.

[22] E¥)1, ZERI. Logistic IR Ik KW [ M]. b5t & 5%
A A, 2001

[23]BREIMAN L. Random forest[ J]. Machine Learning,2001,45.5-
32.

[24]RUTKOWSKI L, PIETRUCZUK L, DUDA P, et al. Decision
trees for mining data streams based on the gaussian approximation
[ J]. IEEE Transactions on Knowledge & Data Engineering, 2013,
25(6) :1272-1279.

[25] % R4, Bk E4E , Ei R, Boosting SEVELER[ 1], THEHLN I 54k
4 ,2006,23(8) :27-29.

[26]CORTES C, VAPNIK V. Support-vector networks[ J]. Machine
Learning, 1995, 20(3) :273-297.

(27, 2Rk XU, S H e s i 30 ) 2 P —rh
R L A B 1 7 S 42 5 [ EB/OL ). [2020-12-2117.
https ;//finance.ifeng.com/c/82No7DRF11B.

(2813, ER I, WY R AR, 4. o T 2 B ok IO 2R SR R B SRR AL
[J]. Bl #S TR ,2023,20( 1) :53-62.



