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Research on alarm text classification based on multi—feature fusion
and data augmentation

JIN Chenxi, HAN Kun

(School of Police Administration, People’ s Public Security University of China, Beijing 100038, China)

Abstract: To address the issue of the lack of an effective mechanism for classifying police incident texts and the small sample size,
this study proposes a dual-channel feature extraction model based on attention mechanism. This model initially leverages the BERT
model to achieve vectorized representation of text data, and then fuses TextCNN and BiLSTM to comprehensively mine deep
semantic features of the text and the features are weighted by the attention mechanism. To solve the problem of small data volume,
this study adopts a data augmentation strategy based on ERNIE to effectively expand the original sample set. Experimental results
demonstrate that this strategy can significantly enhance model performance. The proposed model outperforms current mainstream
classification models in terms of accuracy, precision, recall, and F1 - score, validating the superiority of the proposed model in
policing classification tasks.
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Table 1 Examples of common alarm categories
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Fig. 1 Dual—channel feature extraction method based on attention

mechanism
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Fig. 2 Structure of BERT
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Attention_Weight; = Softmax( Attention_Score;;)
(5)
Output; = 2 Attention_Weight, V. (6)
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Fig. 3 BiLSTM network structure
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Fig. 4 Police data distribution chart after augmentation
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Table 3 Information on datasets

HAmLE Il i
R T ( JELOR A ) 1951 487
R 5 7767 1942

4.2 SLIGIREE

SHE A ECE . CPU 4 AMD Ryzen 5 5600 G Ak
RS INTER 16 G,GPU K RTX 3060, i febfiE Ny
Python3. 9. 0, ¥ Jf %% > #E 42 ¥ H % /& Pytorch
1. 13,1, HL#s24 2 2% Sklearn 1. 3.2, #8IZ%

P B L 4,
R4 HUSHEEE

Table 4 Model parameters configuration

SR E P e
Class_number 34K
Epoch i I — R BE A B 5
Batch_size BRI GR BT B REA R 64
Dropout LI 0.5
Learning_rate R le-5

4.3 XtLbECng
T IR T B i A RO AR ST T A
FERIG N L S0 | o FH VA R RG] R DL
F1AEVE RN T8 45
SE—Ft LS B AEPEAS SRR WK S
*5 BIELUIRIEERE MR E

Table 5 Model performance before and after data augmentation

BRAEEED Hh 3 AT 5
iRTIES 0.610 1 0.816 5
LS 0.669 0 0.872 8
PENEIES 0.610 1 0.816 5
F11{4 0.638 5 0.843 7

Ry itk 2 TR A 1 iR OR B PSR AR SR
FEBR P RB AN S BOR B G O , 18 A T4
P54 ChenSentiCrop . Wikipedia Detox , IMDB #£47 %
HESZ 5, ChenSentiCrop Fl Wikipedia Detox ¥ DA %5
SCA Ry 32 IMDB A 6 S BT, B ] T SCA ) S8
BWARINIR 6, LRATRRAELT ERNIE HYRHRHE
55 58 BE RS A AN BB AN A 1) A

S5 RIOGT LU S 15 T B UE A ST AL Y SOy
KT RE LY, I 285 3 o 1) B8 4, B AC
S5 5 A DL R 207 CNN L LSTM
I GRU #EATXT LS, 45 R L 7, AR thiy
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Table 6 Comparison of model performance on a public dataset

before and after augmentation

e WsRpT B METRRE KPR AR FLE
ChnSentiCorp HESRAT  0.600 1 0.6729 0.600 1 0.6342
WS 0.6210 0.7206 0.6210 0.667 1

DB ERRAT  0.6332 0.7224 0.6332 0.6750
HSRJE 0.6337 0.7735 0.6337 0.6953

Wikipedia Detox R 0.758 1 0.7649 0.758 1 0.761 6
WERE 0.776 1 0.7779 0.776 1 0.778 0

R7T WRBER

Table 7 Result of comparative experiment

ik W 2R TR PERE: F1 {8
CNN 0.8120  0.8690  0.8120 0.839 0
LSTM 0.760 2 0.894 9 0.760 2 0.820 6
GRU 0.7212 0.8946  0.7212 0.788 3
AR K 0.8165 0.872 8 0.816 5 0.843 7

4.4 HELSKIE
S S ORI 4 22 A S B2 R AT T I Rl S
56y, AT FH R [0 ) 5k A1 1)1 0 50 s oA 1 R 52 6
TEME T RS0 25 A 0% 8 AT DL AR ST i H AR AL &5
ATERER L R AT
®8 HEMLWHER
Table 8 Results of ablation experiment
Ik HERR KR HER FLE
BERT 0.7184 0.8534 0.7184 0.7802

BERT-BiLSTM 0.7838 0.8041 0.7838 0.7936

BERT-TextCNN 0.8074 0.8565 0.8074 0.8312
BERT-BIiLSTM-TextCNN 0. 820 2 0. 860 1

ATk

0.8202 0.8394

0.8165 0.8728 0.8165 0.8437
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