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Tab.2 Experimental parameter settings

SHAATR ZHUHE
ALBERT-Base 2% 12
ALBERT-Base F)2 4 )i 768
S YNAIN 128
GRU Bt =4 B 128
Dropout 0.5
Batch size 32
TER B %L 8
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Tab.3 Experimental results on the People ’s Daily dataset
%

TR K r R I
LSTM-CRF 84.56  80.36  82.41
BILSTM-CRF 87.76 8547  86.60
BERT-IDCNN-CRF 9243  91.67  92.05
BERT-BILSTM-CRF 94.26 9437  94.31
ALBERT-BIGRU-MA-CRF  95.13  95.32  95.22
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Tab. 4 Experimental results on the MSRA dataset
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BILSTM-CRF 89.67  87.26  88.45
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M 3KRFE 7 1998 4EC AR H R )NER % d
£ b ARSCRORNAE 3 TS A LIS T S rser .
A LSTM-CRF # 5 |, BILSTM-CRF # A [1) F,
HIEE T 4.19%, W] BILSTM X} 3T A #E1T (19 %L
BENC AL TRV e IEA S & = SO |
Ft BERT-IDCNN-CRF # % | BERT-BILSTM-
CRF A FOEEE T 2.26%, ¥l B BILSTM
XF bR SCH R SO R R L T B B A N 4%

#H . BERT-BILSTM-CRF #i 8 | & SC#E R P,
R,E H5 M5 T 0.87%,0.95% F1 0.91% ; 4
[t BILSTM-CRF #&#1 , A SCHLA Y P, R F1 F,
i 93 & T 7.37%, 9.85%, 8.62%., BERT-
BiILSTM-CRF, BiILSTM-CRF, D J 7% 3 filr #1245 7
FIAZ 022 S AE TR I T SRR R . Tie 2
KT BERT #A0iAJ& ALBERT B8, HoA: Y 50
A il 44 LT Word2Vec A Rl i 453 7]
i, I, AT BILSTM-CRF HE7 | HM: fig 4 52
BT RAET . AR AL T BERT-BILSTM-
CRF B, FEUER AT T 2L EZE L, ik
RERY T NGV NS A RS T #2828 TR AR
By EBERAE 7 T A A2 o

M MSRA il 45K F (£ 4) , AR SCHERL ()
SR TR0 25 AR G B AR . AR SCRERLY F(E
[t BILSTM-CRF #% % 4 & 6.57%, b BERT-
IDCNN-CRF BEI$ 5 2.91%, [t BERT-BILSTM-
CRF FIAIEE ] 0.84% HI L] UL, AR SCHE Hh i i 44
SRR ELAT — 2 BAT R i

X HE BT 3R e A9 BERT-BILSTM-
CRF HERY, 3 590 5% T %455 B A SC I AR R A
(R B BRI LR 14> Epoch T 7 B[] F1{
BN AE RN, AT, BERT-BILSTM-CRF ## %!
63 T 4 287 s, AL HAE 2% 3 667 s, Y| Zrbif
[EE/D T 29 14.5% . X FEA 35 TS H0E D)
ALBERT #I BiGRU A& ## LAY BERT 1 Bil.-
STM, Jf H.223k 14 2 St n] DA EAR AR i 56 34 S04
T RS R

F5 EELEITHERL

Tab.5 Comparison of runtime efficiency
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Tab. 6 Ablation study results
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A Chinese Named Entity Recognition Method Integrating
Multi-Head Attention

HU Dezhou, LI Guanfeng', LI Rui, WANG Yunli, GAO Wenxin
(School of Information Engineering,, Ningxia University, Yinchuan 750021, China)

Abstract; To address the limited feature extraction capacity and the difficulty in modeling long-range dependencies in existing
Chinese named entity recognition(NER) models, this study proposed a method that integrates multi-head attention(MA ) with a
bidirectional gated recurrent unit(BiGRU). Specifically, it first used the ALBERT (a lite BERT) pre-trained language model to
generate contextualized representations, which are then fed into a BiGRU to extract global semantic features. A multi-head
attention mechanism is subsequently applied to capture long-range dependencies and further enhance the semantic representation
then the multi-head attention mechanism is used to capture long-distance dependent information to enhance semantic
representations. Finally, a conditional random field (CRF) layer decodes the optimal label sequence. Experimental results show
that the proposed method achieves F, scored above 95% on both zhe People’s Daily and MSRA datasets, outperforming
competing models. In addition, compared with the BERT-BILSTM-CRF model, this approach reduces training time by
approximately 14.5%, demonstrating its effectiveness and generalizability.

Keywords: named entity recognition; multi-head attention; bidirectional gated recurrent unit; conditional random field
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Video—Based Discharge Measurement Method for Main Canals in the
Yellow River Irrigation District Using Intelligent Image Recognition

YIN Ting
(Ningxia Hui Autonomous Region Hanyan Canal Management Office, Yinchuan 750001, China)

Abstract; To evaluate the measurement accuracy and adaptability of video-based discharge gauging, this study targets the main
canals of the Ningxia Yellow River Diversion Irrigation District. Using video data from two representative cross-sections, it
proposed a real-time dynamic discharge measurement method for irrigation canals based on intelligent video-image recognition
and validated it against synchronous discharge observations from a vertical acoustic Doppler current profiler (V-ADCP). The
results indicate that in wide and shallow cross-sections, the video-based method achieves higher monitoring and recognition
accuracy, with relative deviations ranging from —21.5% to 15.2%. Moreover, when the water surface exhibits abundant texture
and floating tracers, measurement accuracy improves and adaptability is further enhanced. These findings provide a technical
reference for video-based discharge gauging in the main canals of the Ningxia Yellow River Diversion Irrigation District.
Keywords ;: video-based discharge measurement; intelligent image recognition; comparative analysis; relative deviation;
Yellow River Diversion Irrigation District
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