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Abstract: To explore the impact of data distribution characteristics on the performance of named entity recognition models, a method is pro-
posed to enhance data homogeneity characteristics to improve model recognition performance. Firstly, K-S test and KDE distribution map were
used to verify the homogeneity of the experimental data corpus, and a corn industry chain corpus containing 2100 samples was constructed.
Secondly, design a multi-layer named entity recognition model based on BERT-BiLSTM-Attention—CRF, using three annotation strategies:
BIO, BMES, and BIOES, to compare and verify the recognition performance of the proposed method with other methods; At the same time,
fine—grained segmentation of the corn industry chain entities is carried out to verify the impact of data distribution characteristics on the recog-
nition performance of the BERT-BiLSTM-Attention—CRF model. The experimental results showed that the F1 score of the corn variety with
the most obvious distribution characteristics reached 96.61%. To further validate the generalization of the proposed method, the influence of
the strength of data homogeneity distribution characteristics on the recognition performance of the model was analyzed on six datasets , and the
relationship between p—value and recognition results was explored. Finally, resampling was performed on data with unclear distribution charac-

teristics (such as corn diseases, pests, and grass damage) to enhance the data’s distribution characteristics. The F1 scores increased by
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5.71%, 4.30%, and 11.78%, respectively. The experimental results show that entity categories with higher p—values correspond to higher F1

scores in recognition results, and vice versa. After resampling and enhancing the data’s identically distributed features, the model’s recogni-

tion performance is significantly improved, indicating that the identically distributed features of the data directly affect the model’s entity rec-

ognition performance. The research results provide ideas and methods for data analysis in named entity recognition.
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Fig. 1 BERT-BiLSTM-Attention—CRF model structure
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Table 2 Types of entities in the corn industry chain
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Fig. 5 Example of corpus annotation without single entities
5 TAEBTFIERRERS

WA HAR SR 4,
3.2 MR

X FKE 0 % (Precision, P) . & [F] 3% (Recall , R) Fll F1{H
PP RIPERE . Horb RSB R SR AR A R A RO
AT 45 SR LA, S WA LU0 B T 5 B 5 4 IR R IR AR
RS AR B 0 R o BT AT i 24 S AR B O 31, R A 7R

WU A SERERE s FUE A DAL P AR A (8, 7T 2553

(][ ]

‘B ol/B/O/B I 1.0 0 O
s | sio| M E o o
B I E o o

\ 4

\ L7186, &P HLK/Suitable area, Fi/42/)1] \ \ L7186, WEE MK /Suitable area, P3E T \

Fig. 6 Example of corpus annotation containing single entities

6 SEBLEIERSRETA



- 54 - L QRO |

2025 4

Table 3 Experimental environment settings

®3 LRIMZGE

SEHRIREE BLEA
BIERSG Linux Ubuntu
Python 3.7.0
CUDA 10.1
GPU NVIDIA GeForce RTX 2080 Ti
TensorFlow 2.2.0
A7 116

Table 4 BERT-BiLSTM-Attention—CRF model hyperparameters
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Table 5 Performance comparison of different models under different

annotation strategies
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Fig.7 Visualization of model recognition performance under differ-

ent annotation strategies
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Table 6 Recognition effect of BERT-BIiLSTM-Attention—-CRF mod-

el on different entity types
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Table 7 Comparative experiments on datasets from different fields
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Fig. 8 Comparison of K-S test and model recognition effect
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Fig. 9 Comparison of entity recognition performance before and af-
ter resampling on datasets from different fields

B9 FEGUSHEEERFEIAIAANLRILE

KM% T B9 BERT-BiLSTM—Attention—CRF #5585 >R ] % {4
o T R W RIS IR X 5 K 7l e 12 JE SRk A7 T 1R, []
Ak SR FHAS TR P 28 B A A W] — AU b R4 T T LR, R a4k
53 1] 4 A7 R A1 i, S TR S A TR 1) R0 SR A 0 [R) 43 A
FRAE AN B 108 K | A B RO AR AT E R A A L AT
SR R TR MR R UESE T B A B S R A i X
NERAE55 20

A SCHE Y BIO A5 {3 5K 8% R 1Y BERT-BiLSTM—Atten-
tion—CRF #5281 ] 20 A oK Pl B “Hk b 8 i KA
s e i EBCETTL 2 T A A K P A R L S R OR Y

gt S48 B R b 48 T o SR, BRI gk 2 A
HA w2 B A SR 5 T EL A X 4 1 A 2 0 5
o T rEE A S T ) Tk SR G AR R
eyl G VA T S ) ORI 5 NER BERY  of FL 5%
PR R R A, 1 A ARl P A i

Bk

[1] DEBANGSHI U, SADHUKHAN A, DUTTA D, et al. Application of
smart farming technologies in sustainable agriculture development: a com-
prehensive review on present status and future advancements [J]. Interna-
tional Journal of Environment and Climate Change, 2023, 13(11) :3689—
3704.

[2] LIJ,SUNAX, HANJL, etal. A survey on deep learning for named en-
tity recognition [J]. IEEE Transactions on Knowledge and Data Engineer-
ing, 2020, 34(1): 50-70.

[3] FRIEDMAN C, ALDERSON P O, AUSTIN JHM, etal. A general natu-
ral-language text processor for clinical radiology[J]. Journal of the Ameri-
can Medical Informatics Association, 1994, 1(2): 161-174.

[4] AJEES A P, KM, IDICULA M S. An improved word representation for
deep learning based NER in Indian languages [J]. Information, 2019, 10
(6): 186.

[5] MURATA M,UCHIMOTO K,UTTYAMA M, et al. Using the maximum en-
tropy method for natural language processing: category estimation, feature
extraction, and error correction[J]. Cognitive Computation, 2010, 2(4) :
272-279.

[6] GAMIZM,NAVAS-GOMEZ F, RAYA-MIRANDA R, et al. Dynamic reli-
ability and sensitivity analysis based on HMM models with Markovian sig-
nal process [J]. Reliability Engineering and System Safety, 2023, 239:
109498.

[7] ZHUF, LUO K G, CHEN W J, et al. Construction of a water/underwater
navigation scene perception model combining SVM and HMM [J]. Journal
of Surveying and Mapping, 2023, 52(5): 738-747.

R, FHT HREXR, . BAESVM A HMM 497K L//K T 403 7 &
S BER L[], M AR, 2023, 52(5):738-747.

[8] ZHANG L J,CHEN L J,XUSY, et al. Design of a structured parsing
model for corporate bidding documents based on Bi—-LSTM and conditional
random field (CRF)[J]. International Journal of Information Technologies
and Systems Approach (IJITSA), 2023, 16(2):1-15.

[9] QIAN S J. Research on data enhancement optimization strategies for
named entity recognilion[D]. Lanzhou: Lanzhou University, 2022.

BB @ A F AR AR 6 B R ARAL R AT D ] 20 2]
K, 2022.

[10] LIX, WEIX H, JIA L, et al. Crop pest and pesticide named entity rec-
ognition based on conditional random fields [J]. Journal of Agricultural
Machinery, 2017,48 (S1 ): 178-185.

B AT, R F R T A 0 R R R ERR G4
FARRA[]]. R LA TR, 2017,48(81):178-185.

[11] WEIZJ, SONG L, HU X C, et al. Agricultural named entity recogni-
tion based on entity level masking BERT and BiLSTM-CRF [J]. Journal
of Agricultural Engineering,2022,38(15):195-203.
FRE,RAVNDEF AT ERBER BERT 5 BiLSTM-CRF #
RAbr 2 G AR AT, Ak TA SR, 2022, 38(15):195-203.

[12] SONG L P, LIU S H, WANG C. Extracting agricultural technology de-
mand text entities based on word vectors+BiLSTM+CRF[]]. Jiangsu Ag-
ricultural Science, 2021,49(5):186-193.



5 6 1] e, AR, I 5 ¢ 1 16) 5 43 AT B 0 36 K7l i 4 SR BT 5T - 57
RARM, 2k, R A T8 F+BILSTM+CRF #9 R b R K L a9 AL AR, 2023, 46(7): 80-86.

AFEARFERR[]]. T A5, 2021,49(5) : 186-193. [23] ZHOU Y, XIA H, LIU HY, et al. DPC clustering algorithm based on

[13] GUO X C,TANG Z,DIAO L, et al. Named entity recognition of pests K-nearest neighbors and kernel density estimation[ J/OL]. Journal of Bei-
and diseases based on radical embedding and attention mechanism [1l. hang University, 2024-04-25. https://doi. org/10. 13700/j. bh. 1001~
Journal of Agricultural Machinery,2020,51(S2) :335-343. 5965.2023. 0342.

AR JEE T B, F AT HRERAFZE AN R R ESLE B E 3 E, L R T K AR5 4% EAE 69 DPC R E ok
HRARAN[T]. R LA SR, 2020,51(S2) :335-343. [JJOL]. e FAL % AL K K % 4 4k , 2024-04-25. https://doi. org/

[14] GUO X, ZHOU H, SU J, et al. Chinese agricultural diseases and pests 10. 13700/j. bh. 1001-5965. 2023. 0342.
named entity recognition with multi—scale local context features and self- [24] ZHENGZ, YANY ], CATJS, etal. Non specific TVLA energy leakage
attention mechanism [J]. Computers and Electronics in Agriculture, assessment method based on dual sample KS test [J/OL]. Journal of
2020, 179(5):105830. Communications, 2024-04-25. http://kns. cnki. net/kems/detail/

[15] ZHANG J,GUO M, GENG Y, et al. Chinese named entity recognition for 11.2102. TN. 20230523. 1603. 012. html.
apple diseases and pests based on character augmentation[J]. Computers FROE i E KBS E. A TUHEAKSKEEGIES T TVLA S
and Electronics in Agriculture,2021,190: 106464. RIS 7k [JIOL]. 842 52 4R, 2024-04-25. hitp: //kns. enki. net/kc-

[16] RENN, BAOT, SHEN G Y, et al. Research on fine—grained named en- ms/detail/11. 2102. TN. 20230523. 1603. 012. html.
tity recognition based on deep learning — taking tomato diseases and pests [25] QIAO B. Research on knowledge graph construction technology based on
as an example[ J]. Intelligence Science,2021,39 (11): 96-102. agricultural thesaurus [D]. Changsha: Hunan Agricultural University,
SR, S0F0 T, F . AT IRESF T 8 A L& 4 F AR B R 2019.

A&k R EABI)]. AR, 2021,39(11):96-102. Tl AT AR LA K do it B ARB A LD]. K @R

[17] LIS Q, PANG W T. BERT-CRF maize breeding entity relationship joint X % ,2019.
extraction method with embedded vocabulary information [J/01.]. Journal [26] GUO X, ZHOU H, SU J, et al. Chinese agricultural diseases and pests
of Agricultural Machinery, 2024-04-25. hitp://kns. cnki. net/kcms/de- named entity recognition with multi—scale local context features and self-
tail/11. 1964. S. 20230919. 1113. 006. html. attention mechanism [J]. Computers and Electronics in Agriculture,
B4, oA BANFILAS 869 BERT-CRF £k F AP 54k X RIS 2020, 179:105830.

FICTr & [ J/OL]. R AL SR, 2024-04-25. hitp://kns. enki. net/ke- [27] MAICC, LIUJ, HUANG Y H. A Chinese named entity extraction meth-
ms/detail/11. 1964. S. 20230919. 1113. 006. html. od based on multi annotation framework and fusion features [P]. China,

[18] WANG Y Y, LIU F G, PENG L X, et al. Fusion of AP clustering algo- CN202110511025. 8. 2021-07-30.
rithm and width learning system for out of distribution hard disk fault pre- FAAR M, F L. AT SREERSRESFIENT LS L
diction[ J/OL]. Computer Science, 2024-04-25. http://kns. cnki. net/kc- SRR ([P ¥ E,CN202110511025. 8, 2021-07-30.
ms/detail/50. 1075. TP. 20231201. 1407. 018. html. [28] DENG Y Y,WU C X,WELY F,et al. A review of named entity recogni-
FMER KR HBAE,E . O APREL ERTEFT A% S tion based on deep learning [J]. Chinese Journal of Information Science,
A b AR H HCBE TR [J/OL]. 3+ FALAL 5, 2024-04-25. http: //kns. 2021,35(9): 30-45.
enki. net/kems/detail/S0. 1075. TP. 20231201. 1407. 018. html. ARGAR IR G 3 oKk F A R TR T ey d 4 SRR A R [ ]

[19] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all you A B AR, 2021,35(9) : 30-45.
need [ C]//Proceedings of the 31st International Conference on Neural In- [29] LIL, XI X F, SHENG S L, et al. Research progress on deep learning
formation Processing Systems,2017:6000-6010. Chinese named entity recognition [J]. Computer Engineering and Appli-

[20] ZHANG R T, MA X L, DING W P, et al. MAP-FCRNN: multi-step cations, 2023,59(24) : 46-69.
ahead prediction model using forecasting correction and RNN model with FH LT A F . IREF D T A4 AR R[] ].
memory functions[J]. Information Sciences, 2023,646:119382. HEMTAL B A ,2023, 59(24) :46-69.

[21] YINJ, LIU B, SUN G B, et al. Prediction of remaining life of lithium ion [30] MIKOLOV T,CHEN K, CORRADO G, et al. Efficient estimation of word
batteries based on transfer learning and DAE-LSTM [J/OL]. Journal of representations in vector space [DB/OLJ. https://arxiv. org/abs/
Electrical Engineering Technology, 2024-04-25. https://doi. org/ 1301. 3781.
10. 19595/j. enki. 1000-6753. tces. 221890. [31] HUANG Z H,XU W, YU K. Bidirectional LSTM=CRF models for se-
FAR,KE B, ¥ AT iEA 5T 2 DAE-LSTM #4942 & F & i quence tagging[ DB/OL]. https: //arxiv. org/abs/1508. 01991.
) 4 A IR [J/OL]. & T3 K54k, 2024-04-25. https://doi. org/ [32] SHI M H, WU G C. Unbalanced data classification based on cluster
10. 19595/j. enki. 1000-6753. tces. 221890. mixed sampling[ J ]. Computer and Modernization,2020(5) : 34-38.

[22] TANGL, LIY, TANG Y F, et al. Application of LSTM model based on SO . R TFRERS RO R EHES LT HEMS

deep learning in X-ray fluorescence spectroscopy [J]. Nuclear Technolo-
gy, 2023, 46(7): 80-86.
JEHF R RN F A TRAS D6 LSTMAE 2 X R #F

IARA,2020(5) :34-38.
(T4 . F R aw)



