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Abstract

With the development of Industry 4.0, the distributed deployment of software components in the
Industrial Internet of Things (Ilot) has become a key means to improve productivity and flexibility,
enabling lower latency and higher reliability through data processing and analysis at the edge. De-
spite the many advantages of distributed deployment, it still faces challenges such as complex task
requirements, limited node resources, strict response time requirements, unbalanced cluster loads,
and dynamic changes in the environment, which limit its application in the actual industrial envi-
ronment. In order to find the optimal solution in the task response time and limited resource allo-
cation, and ensure the balance and stability of the load, this paper proposes a system architecture
for distributed edge deployment of industrial software component applications, and uses the im-
proved MO-SAC algorithm to distribute the workflow, introduces the temperature coefficient, en-
courages the model to explore more and wider deployment strategies, and avoids falling into the
local optimum. A large number of simulation results show that MO-SAC can effectively reduce the
task response time while minimizing resource consumption and making the load of the cluster
more balanced.
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Figure 1. System framework

1. RGHER

2. xIE

DGR Z N O T IBR N TR 1 3BT RERE, Bk TORTRY L. L Z Y R T
AL RS AR L6 AR AT PR, DAl D) 75 B4 ORI R 2 S0 o A Gt U P SR AR . — T A AT
B, 2T R 2 ) T B AL I JCVE BRI, RCRARTT o Qo] i RO & A 55 AL LA 78 70 M
BRUR L ACFRLAAFIA] SRR OC R G SEI R EOR L FESh A AAL M 25 1 T T RAT 55 Ab BRI G R k158
PRI FE R B VUM AT A HE PS5 H 2 A OB Ir . s B T AN AR AL Bk

2.1. SPEHER

SCHR[7)92 1 — bl A AE SRR BERER DL /N A 55 580D 380 38 45 8 46 I FRD 4 95 0 2 I ] 2 T
Lyapunov A, SCHER[8IHH T —FhdE Tl EBHORITH RS HE A 5 18 B T A RS, DU
MBS BB R AER . SCER[OJHR T —FP7E MEC RGPS P EAT 55 IR AN B B AY,  H ARt i
AN R RAE 55 5 8], FFAEIIT S IR 1 3 AR R J7 SR RE . XD T B
Y, EL AR [ AR AR (0 SR AT USROG I RCR,  (BAET mU7380 5 B SR AL I B 3R B i
PEARAR A o

2.2, RALEE

SCHR[TOT3R 1 — o] FH P 29 ST A v S b 2 A QB IR A AR BE 7 &6 A — @R B> TR
SSPATIN &) o SCHR[1 1B T 7 2 F0 P Gt RGO TAR RO L I, JF4R I 7 — R TIRE Q W%
(DQN)HIZ TARRHEE Jr ik, 1ZITIERENS BTN G 55 I AV e o STHBR[12]52 1 —FhBH XU BR R 10 2%
THERGERI BTN BC SR, R BEIR 2 IC 1) Ui R A9 Sy /R W] RS R, M BSGE ) DQN SR > 5,
i LA BE A ) 58 FSCART TE)M B 2D (R SR BEUR AR T Hofth 2 2% S

DOI: 10.12677/csa.2025.154089 164 THENUR S 5 R H


https://doi.org/10.12677/csa.2025.154089

Rt 5%

2.3. B&

wn bESCRrR, A BT S EE AR L R R R2E R A5 A N LR R A E T
K, LA BT S ARG B FC BN BE RO, DLtk B bR i —, BEARXTE G . BRI EEA 2 AT
Froldt 2 Ak, AR T — B Z H AR 08 7 58, IR I B e A 55 AL IR A K R MO-
SAC LG HAL TR AL, PRALEEE SRng,  DAST A 55 Ab BRI (8] A1 BEJEM T

3. &=E
3.1. E8gE

FENGUESS R 2 1T, DL 2 %8 A sh 5B HRE B, R o i Da s T B B HOmiAn 4k
TR R TAESS: FINUVAEEE, PRAcill, SETANOLRSEI s . HURE 78 sh AR -

(JCK_PCLy

':{((_)fo\) Identify shape Coordinates

e
Laser camera
)

t:scb‘ position

Figure 2. Automatic block sorting application based on 3D vision
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Figure 3. Delay of application tasks under different configurations
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Figure 4. Task processing time estimates
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Figure 7. Convergence performance of different algorithms
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Figure 8. Convergence performance of MO-SAC at different learning rates
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Standard Deviation CPU Usage GPU Usage
DDPG 0.1511 0.1424
AC 0.1866 0.1535
MO-SAC 0.1237 0.1376
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