%59 % 458 B % X @ K ¥ ¥ K Vol.59 No. 8
2025 4F 8 f JOURNAL OF XI’ AN JIAOTONG UNIVERSITY Aug. 2025

X 78 = 3] By 41 85 4L H1 & B 1 5e 71 Bl i 4=

kERb, EWEATY, EIE N, T
(1. RERFERETHEAR SR SATHEALTE, 710064, P5E;
2. KURFEGESEREVIIT, 710064, FG4)

FE, 4B a2 R RSB HNRHEE DA EARET X AR GO RERLEELINE
FERARET—HEATERAFINRENATANER AZAESWARB ESHRAE S RI T
e Em, R FERARAIAPHEL ATEIAS AR AAFIR, BET THLHEA T F
KR A THAXFIECX . BETEATIMEBEY LR ZFTERAIREHETSE
(FedMBGD) 5%, WA # Lk iR AR P AT AW 4 R G, 56 T W B A o ok, AP AL BE AL 4] 3%
A AT, B 5 R E s RIET T REZATHRE AR, FRERE
LTI e Hok e R AR ML TS TR RMMEHERSE ONA L, FHERE
FRAEKFEGWR T, FATABFNB EEG ) S AN, BT RIERRLRS R EEZ G4
TG, AR AAABAH SR X TR TS T AL A BRRKEBE G L LN % S L
HRAZEEFRBET —ZHRFENL,

K . AABACH R TRR ) BRI DI AR T B b A A T

hESES. TPI66 LEEREL: A

DOI. 10.7652/xjtuxb202508002 XEHHE . 0253-987X(2025)08-0011-09

Federated Learning-Based Predictive Modeling of Resilience

Capability in Social Manufacturing

ZHANG Fugiang'?*, WANG Haojie"'* , HUI Jizhuang'?, DING Kai'**
(1. Key Laboratory of Road Construction Technology and Equipment of MOE, Chang’an University, Xi’an 710064, China;

2. Institute of Smart Manufacturing Systems, Chang”’an University, Xi’an 710064, China)

Abstract: Considering the characteristics of decentralized resource layouts in social manufacturing,
as well as the issues of data privacy and information silos faced by traditional centralized modeling,
this paper proposes a resilience capability prediction framework based on federated learning. The
framework analyzes the impact of various factors on product processing time from multiple
perspectives. First, considering different interruption scenarios in production processes, a
working hour disturbance model is established with the order delivery cycle as the objective
function to calculate loss time. Subsequently, a federated learning network model is constructed
based on a distributed learning paradigm. Next, a federated mini-batch gradient descent (FedMBGD)
algorithm is designed, detailing the algorithmic process and performing local training. Finally,

the resilience capability of social manufacturing is predicted in conjunction with the working hour
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disturbance model and the algorithm. The feasibility and effectiveness of the proposed algorithm are

validated through comparisons with other algorithms. The research results indicate that the proposed

algorithm significantly enhances convergence and optimization capabilities, raising prediction

accuracy to over 90%. Furthermore, it enables dynamic and precise prediction of social

manufacturing resilience without sharing raw data, resolving the conflict between data privacy

and collaborative modeling. This study provides theoretical references for predicting resilience

capabilities in social manufacturing models and offers guidance for algorithm training with private

data, parameter uploading, and information sharing.

Keywords: social manufacturing; working hour disturbance; federated mini-batch gradient descent;

manufacturing resilience capacity prediction
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Fig. 1 Federated learning-based resilience capability

prediction logic
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Fig. 2 Calculation process for delivery cycle
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Fig. 3 Flowchart of delivery capability regression algorithm
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Table 1 Machining work-hour data at company A’s production site
T SR L (/s R T /s
1 2 3 4 5

T1 235 242 238 243 238 239 258

T2 238 236 242 243 240 239 259

T3 298 296 301 305 298 299 324

T4 502 496 501 502 497 499 540

T5 198 201 200 197 205 200 216

T6 242 239 236 241 245 240 260
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Table 2 Machine tool machining data analysis
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