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Figure 1 The method framework of this paper
2.1 WFBERETRR

B Xk g5 F bR 0 Kot 2R AT AL BE A0 45 A
I AT S e 4 g /N I BR AR U AT A Ak
Bis 11 J0 % B SCAS H g o 3 R 4 B R T
P, HU M Word2Vee H50lk 55 H 5 e 555 5] 41
O 18 ) i) e R R ) ) Y Ak R P A SO T T
BHEE ZIBERHE SR/ 11 GB, &, R AR X
AARLEE 5800l 55 H bm 5 32 R 3 SCAS 22 18] 59 A AU
JEIEX AT HER o Tk 55 F AR AT BE LA 2
AN S A DAL I R T AR B BEE A 2 e i O S 2
AR Dl 55 H b 4 S
2.2 MRBREAMRER

— kM E, M Programmable Web MY AR
S5 iR 2 TUA Y T EL R B 2 1 ) 1 4k 5 IR 55
AT REA RARMIE . S 1 B 1R TUA A5 0 S i i
WL, AR SCR T TextRank 12 BU i 5 #E (1) 7 4 7%
VE R B 55 (9 i 38 . TextRank B % J& — 4l Bt =X
F1% TG M A SCAS A 2 050k M T il 5 ) 22 ] A 3
PR ARRBBIE h AT EEEHE Y . %5
LR HAPBRIMT

IR Rk 55 H R 2 RS B

W2 DA AR )

AR 3 TR 55 U R R rh) ] A4 AR AL O
7 IRCAEHE

AR AR ARURE e e O LA O T L
FARLEERS 70 9 1 B4 B 4544, T ) ¥ TextRank HY)
HHE;

AR S AR E A B RN BEAT HE R 2
HE A d5 e 19 8] AR Dl 55 B bR i R 24 A

2.3 WEEAMRSEALNEES

b 55 AR AR 55 AR D018 B2 B A 20 BR AN 2
N o HF IR 55 4k SCAR AL 55 H b 2R AT BAL B2
RS EUR IR e ANE R A 1R R L7l e I
N ARAT S 2 i 5 SRR A R AT e
SPRE TR 7 R0 2 opoin A TE B BLA B T4
Ik 1) 8 B B i PR, R DL ) B 22 A5 0 8
Z ARG BRS8N T SR R AT R BRI
FAE

4% Z BAEBALBA | |BILSTM_ .
/ H#x Word embedding'_.Attention Pooling

s Scores

&R /) BEETAEM | BILSTM_ .
/AR /. Word embedding| "] Attention H Fooling

B2 WEBEHRMRSHEVLEEESE
Figure 2 Steps to measure the similarity of business
targets and services
(1) Bl 55 H bs R B A Al 55 i ik SCAS 2808
Bk ¥ 2 )5, #H Word2Vee 4T SCAS ] 1
o B0HE PUAL B A 32 S H A 2 0m i 45 1k 3 51 2 A
PR AN 6 B BTG R SCR AT, e #” < The” 45 K
b 55 B FAH I 64 iz 55 4t 3 SCAS B 3 o ol 22 1)
2% AT L) A B A GR] [a] e R B O R RE B A B 22
TE-
w, = Word2Vec(t,) (1)
o L t, W, 7N Word2Vec T ZE 7] [n) 246 [
(2) % BiLSTM 1%, i BiLSTM [ 8 )2 fir
p, Ml q;, ZU k)2 p, H q; &) B AT Max_pooling
F1 Ave_pooling , K ixX P~ b 25 R E A7 PF 42, h
TR T BT E B X p Mg 1 R
ARG T7 3, a7 xk Z 18] 4 38 SURFAE 2202
I6] 1 58 SURFAE
s=[psqsp+qip—-q;1p-ql]. (2)
SO s+ (R A A W ) G R Y JT R o+
RARBAMHA, -RAREESR, | RRHE A
U
N T A e R BN X KU
BAE AT IH— 46, 3T Pooling J2 , X £l 4is 2t B
A7 s 48 F g 5 5 SR 5 AT A 42 3% 32 2 1 ReLu
VAT PRRORE 2 P B0 B 5 o AR Ve B s e
BRRURIINOE SR PVE 8 350 A 17 N A )

1 Num )\
loss(x,y) = mzizl (Y —)’|2 +?H0H§o (3)

s Num 3 UIGR B 5945 oy 0 00 O LS
fEFIFIIAE ; A b L2 1Bk i) S5



% 6

Jel IR | S8, — i B T T A A VS TC Y IR 55k O 12 39

(3) fEXF I R AT U R, 8 A T 5
k55 AR 55 I 55 i 3 SCAS Z 18] B ARBLRE 4 T A4
IR TR A S A BB O B AL N AR 57
I FIR [0 250 M 55 B 55 0T K N B AT e 4

3 XWESH

K FH Python W A4 Tensorflow HEZE 3 52 8 A SC
FLILAER . GPU i NVIDIA Tesla V100,
3.1 KBHERE

PWeb & — MRS EM P L, FEAE T
B 25 TP IR 55, PWeb I 9 IR 55 i 15 B
— i Sy b AR T AR SO R R
TESC R R A b ) IR 55 4 2R SCAR AL 55 55 H Ar il i
SCASFIR 55 4 3 SCAR

SEEAE T PWeb b TR BY AR 55 IR 55 B9 AH
KAF BAFANBE v, ENC G R v, A X 52 56
BRIV — L) o 3 U AF A R R 55
R 55 ik CARE B2 QMRS B ER A
U EFMIM S, X THERIELRS, HIRE
Horp—A~ SRR T DL UE S 56 A Rt St
W T 398 A2 B 14 282 TR 55, XX 4B iR
% PEAT SCAS T AL B do A R R A AR O
FROR 45, B AT 1 310 MR 55, F BN
Email (223) ,Video (228) . Transportation (236) .
Photos (214) .Travel (206) Music(203) ., H 1§
SRR R R T BOT A R, TR
FRZ AN REAFAE TN RE &, PR, e 860k 55 B AR
1 TOP-2 F AT RS KB, X Ry > 3 A i >
3, B EZEIR KL SRR K, X R 2 Xt
SR TR 2 R R <2 I A SN AT, T
2 ek 55 Hbr
3.2 IGEHEUE

SLH RGO 12 A B LR Ll i B 5E AR
6 ZAFA: A b 1HE 1155 A B Wi 54
9 N BUREN T RARWE 3 PR, B R A
TRZ) 5 000 k55 B AR-IR 55 A7 x5, ok %5 H
P SCAS FIAR 55 4 ik SC A mT DL EE &2 00 A, {3 X 3¢
AHRAL T — 55 H bR I — AR 55 R SCA B
A LR REA M5 IR G, BEPLA SEH X 4
SYBCIR S5, AT AE — JA P9 A IR R T 5 A R
H O 48 8 Ul 0y 3 SR, SRS SER R R AT
WAL S LB,

AP RS IF R N D T 55 H bR 4R
HBE LR — ) T

YR 2 555 HARA X B TOP-2 3 8

149 R 55 i 38 SCA v 3 — A IR 55 il ik SO
HRE3 X RAE R RS AT T AR
150018 R U 2R B0 4
AR 4 EELTE L, IR 5K
5 000 Xk 5 HA5-k 55 7] F B bRiIc .

QT’ i HA

FRiEALA
W25 ARt Py / P A L
T
o Lz U

B3 HEERIRE
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Table 1 Training dataset sample
k55 A A e 55 48 38 SCA o
I am looking for an api that can query fit- The MINDBODY Public API returns documents with information such
ness class schedules location details and as class schedules location details and service pricing. This API is 90
service pricing information. SOAP based with XML responses.
Nimbus io is a provider of cloud based long term data storage clus-
I am looking for a database that can store ters. The Nimbus API gives developers access to resources including
data. customer accounts collections owned by the customer keys within a 60
collection and the data and metadata for a key.
New Zealand Post offers a suite of APIs allowing developers to lever-
age the organizations services to provide better logistics and an im-
I am looking for an API that can view road
proved delivery experience. Upon a successful request, the API 30
conditions in real time.
generates a PDF containing a printable label and tracking code, and
initiates a callback.
The Ecommerce API is designed to work with the Network Solutions
I need an API that can increase store ecommerce offerings with constantly available and award winning 10

sales.

customer service. Network Solutions provides reliable and simple so-

lutions for clients so that their business can thrive.

3.4 WFMAREMITER IR

N T VG A SCT7 v W B ORI T 4
B Ik 55 T A N 53 S AR VIR 55 4 3%, OF iR
555 Bn, bRuEMSs 513K R 4 AL 55 TF &N
BLTE PWeb EXS R 1 TOP-30 ) 55 41 2% (1 Jin AL F-
HME,

TS B o AR 307 95 (Al TR T BL Y
BiLSTM £ # ) 5 AN {8 & J1 L 9 BILSTM #¢
I TextCNN & ST DL K Word2VecSD ( service
discovery based on Word2Vec) '* #5551 ¥ 47 Fb 4%,
HH MAP@ N JFHEAT T 5 K S P
BIMEAE g e 20Tt 245

MAP@ N 215 B K R G — A% 15,
FHT VAR B HE4 51 R 1Y TOP-N T & 3L IR 55 .
MAP@ N #3540 R

N

1 n, )
MAP@N—m i_l(i‘](L))o (4)

K R JBR -5 BEREG s n, Fom & HE
LA R PSR TP IR 55 8t 5 1(i) o HE
SR i LIRS R BEES R T
3.5 XWHER

4 4 P BLARLAE R[] TOP-N 31 % T 1Y
MAP(TOP #FRA$050 4 h 5.10,15,20,25.30)
THGLE R FE MAP 3545 b, AR SO M T
A S HLH A BILSTM A5 5 TextCNN 5 %
Fl Word2VeceSD #5743 5l 48 & T 1.41 A 43 i,
4.61 F4r . 4,95 B, AR mPERE

40r B Word2VecSD
B BiLSTM

[ TextCNN
B A 30078

MAP/%

TOP-20  TOP-25
TOP-N

4 MAP ZERILEE

Figure 4 MAP comparison of results

4 #Hig

(1) $& 7 — Pz & 9 ) T ) o S0 0 R
R 55 07k o %07 W M 2 43 [l Y 8
R Sl 45 B bR AT 3 5 I, 0 IR 55 AT R
Al 46/ TRk 55 & PR L, TS E Al
% H br AR 55 4] 1 64 AR ARLEE BE AT A [l | fie 48 4
THT BIERROR,

(2) W T A A PWeb 19 EUHE 4, I X A2 3¢
Tk A S FEAT TN, SRR AR R AR
2 HA REFRYPERE,

T2 — B WF 5 v R 25 08 R Y 7 1
FRECIA 2 A 9] 5, 40 Bert''™ 1 Simese! !, I F)
F Node2Vec > Fl IR 45 #1232 W 45 12V 26 T HLi5 4%
BZRE, LR O R R OF TR S 5 B s
A, R 0B AR B R RO 36 TR T vk R AR A



% 6

Jel IR | S8, — i B T T A A VS TC Y IR 55k O 12 41

SR

[1]

[4]

[5]

[6]

[7]

[8]

[11]

MIKOLOV T, SUTSKEVER I, CHEN K, et al. Dis-
tributed representations of words and phrases and their
compositionality[ J]. Statistics , 2013, 26:1-9.
YANG D Z, ZHANG A N. Performing literature review
using text mining, part III; summarizing articles using
TextRank[ C]//2018 IEEE International Conference on
Big Data. Piscataway: IEEE, 2018 3186-3190.
HABI H V, JENNINGS R H, NETZER A. HMQ:
hardware friendly mixed precision quantization block
for CNNs[ M]. Cham: Springer International Publish-
ing, 2020 448-463.

BRANCO B, ABREU P, GOMES A S, et al. Inter-
leaved sequence RNNs for fraud detection [ C ] //Pro-
ceedings of the 26th ACM SIGKDD International Con-
ference on Knowledge Discovery & Data Mining. New
York: ACM, 2020.: 3101-3109.

LI P H, FUT]J, MA W Y. Why attention? analyze
BiLSTM deficiency and its remedies in the case of
NER[J]. Proceedings of the AAAT conference on arti-
ficial intelligence, 2020, 34(5) . 8236-8244.

O, AP, SR RA AL R T PL A
of BLSTM [ £ il W W B Ar B [T, KM K2
W (T 2/, 2020, 41(1); 58-62.

LI'Y, JIN Q Y, ZHANG Q C. Improved BLSTM food
review sentiment analysis with positional attention
mechanisms[ J]. Journal of Zhengzhou university (en-
gineering science) , 2020, 41(1) . 58-62.

BOR, &%, VAR BT 30 BB B Y Wy 15k Y IR
KR, BpEEAR, 2014, 25(8) : 1640-1658.
WEI Q, JIN Z, XU Y. Service discovery for Internet
of Things based on probabilistic topic model[ J]. Jour-
nal of software, 2014, 25(8) . 1640-1658.

ZHANG N, WANG J, MA Y T, et al. Web service
discovery based on goal-oriented query expansion[ J].
Journal of systems and software, 2018, 142, 73-91.
P ME, Z20k, TEME. R S5 2R O BT B e
Web IR HEFE[J]. /DNRBBIF PR 5, 2015,
36(12) . 2675-2679.

ZHENG D P, JIANG B, WANG Y. Recommendation
of high-quality web service in the failure context[ J].
Journal of Chinese computer systems, 2015, 36(12) .
2675-2679.

CHENY Z, LU H J, SHAPIRO L, et al. An ap-
proach to semantic query expansion system based on
Hepatitis ontology [ J]. Journal of biological research-
Thessaloniki, 2016, 23(S1): 11.

WEI D P, WANG T, WANG J, et al. SAWSDL-

[13]

[14]

[15]

[16]

[18]

[19]

[20]

[21]

iMatcher: a customizable and effective semantic web
service matchmaker [ J]. Journal of web semantics,
2011, 9(4) . 402-417.

SATO I, NAKAGAWA H. Stochastic divergence mini-
mization for online collapsed variational Bayes zero in-
ference of latent dirichlet allocation[ C ] //Proceedings
of the 21th ACM SIGKDD International Conference on
Knowledge Discovery and Data Mining. New York:
ACM, 2015: 1035-1044.

CHEN F Z, LU C H, WU H, et al. A semantic simi-
larity measure integrating multiple conceptual relation-
ships for web service discovery [ J]. Expert systems
with applications, 2017, 67, 19-31.

YINY Y, CHEN L, XU Y S, et al. QoS prediction
for service recommendation with deep feature learning
in edge computing environment[ J]. Mobile networks
and applications, 2020, 25(2) . 391-401.

SEVERYN A, MOSCHITTI A. Learning to rank short
text pairs with convolutional deep neural networks[ cl/
Proceedings of the 38th International ACM SIGIR Con-
ference on Research and Development in Information
Retrieval. New York: ACM, 2015 373-382.
LIZARRALDE I, RODRIGUEZ J M, MATEOS C, et
al. Word embeddings for improving REST services dis-
coverabﬂity[C}//ZOW XLIHI Latin American Computer
Conference (CLEI). Piscataway: IEEE, 2017 1-8.
HENDERSON P, FERRARI V. End-to-end training of
object class detectors for mean average precision[ C]//
Asian Conference on Computer Vision. Cham: Spring-
er, 2016; 198-213.

DEVLIN J, CHANG M W, LEE K, et al. Bert: pre-
training of deep bidirectional transformers for language
understanding[ EB/OL]. (2018-10-11)[2021-11—
10]. https: /doi. org/10. 48550/ arXiv. 1810. 04805.
GAO T, YAO X, CHEN D. Simecse: simple contras-
tive learning of sentence embeddings[ C] //Proceedings
of the 2021 Conference on Empirical Methods in Natu-
ral Language Processing. Stroudsburg: Association for
Computational Linguistics, 2021; 6894-6910.
GROVER A, LESKOVEC J. Node2vec: scalable fea-
ture learning for networks [ C ] // Proceedings of the
22nd ACM SIGKDD Conference on

New York:

International
Knowledge Discovery and Data Mining.
ACM, 2016: 855-864.

ZHU Y, LIU M, TU Z, et al. SRaSLR : a novel social
relation aware service label recommendation model[ C ]
//2021 IEEE International Conference on Web Services
(ICWS). Piscataway: IEEE, 2021, 87-96.

(T He55 56 1)



56 N K =W (T %R 2022 4

Research on Online Monitoring of Angle Steel Strain of Transmission
Tower Based on FBG Sensor
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Abstract ; Aiming at the problem of large measurement errors in the current stress-strain monitoring methods of
transmission tower, this study was carried out to improve the accuracy of strain measurement of transmission
pole and tower angle steel. Based on fiber bragg erating (FBG) sensor, an accurate online monitoring method
for angle steel strain of transmission towers was proposed considering the position and mode of sensor installa-
tion on the surface of angle steel. Firstly, the transmission tower angle steel surface strain distribution charac-
teristics of different positions were analized based on the finite element simulation, and then according to the
transmission tower structure in L shape characteristics of angle steel, a removable hand ring type L-type joint
angle sensor was designed on the surface of the fixed clamp. The comparison and analysis of different sensor
installation methods and their influence on the angle steel strain measurement accuracy were examined. Final-
ly, this method was used to design an accurate online monitoring system of transmission pole tower angle steel
strain based on fiber bragg grating sensor. The strain data of angle steel in weak position of pole tower of a
220 kV transmission line was measured and analyzed. The results show that the strain measurement error of the
measured data and the finite element simulation data was less than 1. 5107 ; and the relative error was less than
6.28% , which could effectively improve the measurement accuracy of the Angle steel strain of transmission tow-
er. The finding of this study showed extra light on the accurate online monitoring of transmission tower structure.
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A Service Discovery Method Based on Topic Filtering and Semantic Matching
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Abstract: Among the large number of available services on the internet, how to efficiently match the right
service for a specific business target is a major challenge in current research. To address this problem, a meth-
od based on topic fitering and semantic matching was proposed that could be used for massive service discover-
y. The method first used Word2Vec to compare the similarity between the topic description text and the busi-
ness target description text to obtain the business target topic, and then used TextRank to extract the service
key sentences from the service description text. The service key sentences were filtered by the extracted busi-
ness target topics to narrow the comparison range. Then, the word vector was extracted from the corresponding
business goal and service description text, and the BILSTM model with attention mechanism was used to calcu-
late the similarity between them and return the list of the TOP-N services that were most similar to the business
target description text for business developers for selection. And the data crawled from Programmable Web was
annotated to build the business target-service sentence dataset required for the experiments, and evaluate the
effectiveness of the methods in this study. Finally, the comparison results with models such as TextCNN , BiL-
STM, and Word2VecSD showed that MAP of this method could be increase by 1.41 percentage points, 4. 61
percentage points, and 4. 95 percentage points. The finding of this study lay solid ground for further improve-
ment in future work.

Keywords: service computing; business targets; service matching; recurrent neural networks; natural lan-

guage processing



