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Study on Adaptive Cloud-Edge Collaborative Scheduling Methods for Multi-object State Perception
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State Key Laboratory for Novel Software Technology, Nanjing University, Nanjing 210000, China

Abstract With the development of smart cities and intelligent industrial manufacturing,the demand for comprehensive informa-
tion from surveillance cameras for multi-objective visual analysis has become increasingly prominent. Existing research mainly fo-
cuses on resource scheduling on servers and improvements of visual model, which often struggle to adequately handle dynamic
changes in system resource and task state. With the advancement of edge hardware resources and task processing models,desig-
ning an adaptive cloud-edge collaborative scheduling model to meet the real-time user requirements of tasks has become an essen-
tial approach to optimize multi-objective state perception tasks. Thus.based on a profound analysis of characteristics of multi-ob-
jective state perception tasks in cloud-edge scenarios,this paper proposes a model of adaptive task scheduler based on soft actor-
criticCATS-SAC). ATS-SAC intelligently decides key factors of tasks such as video stream configuration and model deployment
configuration according to real-time analysis of runtime state, thereby significantly optimizing the accuracy and delay of multi-ob-
jective state perception tasks in cloud-edge scenarios. Furthermore, we introduce an action filtering method based on user expe-
rience threshold that helps to eliminate redundant decision-making actions,so as to reduce the decision-making space of the mo-
del. Depending on user’s varied demands for performance outcomes of the multi-objective state perception tasks, ATS-SAC model
can provide three flexible scheduling strategies,namely speed mode, balance mode,and precision mode. Experimental results show
that,comparing to other executing methods,the scheduling strategies of ATS-SAC mo-del make multi-objective state perception
tasks more satisfactory in terms of accuracy and delay. Moreover, when the real-time operating state changes,the ATS-SAC mo-
del can dynamically adjust its scheduling strategies to maintain stable task processing results.
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Fig. 1 Dynamic task offloading between cloud and edge
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Fig. 2 Detection process of classroom attendance rate and classroom listening rate
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Table 3 Reward parameters in different scheduling modes
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Fig. 8 Simulation environment for training of scheduling model
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Table 4 Model configurations in experiment
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Table 7 Experiments datasets
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Table 9 Performance of different scheduling policies in classroom attendance rate detection task
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Table 10 Performance of different scheduling policies in classroom listening rate detection task
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Fig. 11 Changes in the number of targets

5000

4000 \\\
3000 ‘\\‘\-"\./”"'H‘““

2000

E A7 A /N (plexIplex])

1000

0 5 10 15 20 25
B [E] /s

& 12
Fig. 12

] 13 JR7R T A [ 8 B 5w B A 55 R 2 A8 Ak 1 1) S8 A% 4k
L, T 14 7R T AN [R] A 2 50 Wk I 10 450 170 3 J8 1) G A A 5
B, Hr s RSE S ATS-SAC 8 B B B i 9 5 ok 5K 3 1
AR AR T R R B S R A Mg, 5 1 A ) B
(0-3 ) i B SR % A Action3: {43 #E 3R . 1080 P, i . 20 FPS,
s 3 H. 264, L A A . 4 2k /SSD_Tiny » 28 A 11

-3 H AR RN E A1 B

Changes in the size of targets



328

Com puter Science MBS Vol. 51,No. 9,Sep. 2024

=/ HopeNet ]} 5 55 3 AN B 18] BE (7-9 s) #F 3 B SR W& A Ac-
tion20: {4F PEFR . 720 P, Wi . 10 FPS, 4 i J7 2 H. 264, [ A
Kt - 31 4 3% /SSD_ Tiny, %2444 31 : = ¥t/ HopeNetLite ]} ;
5 AN TR BE(13-15 ) H i BE SR MG 2l Action6 : {43 BE# .1 080 P,
Wi . 10 FPS, 4i % 77 2 : MIPEG, LA K I - 1 4 3% / Center_
Face, A& 1 i1 2k 3 /PnP]} .

10
, 08
N
g 06
E=S
& 04
i A
£y
02 = AR
—=— ATS-SACH £
0
0 5 10 15 20 2
B 8] /s
0 5 10 15 20 25 30 35
VA B3 1E

13 AL SRS AR AR AN [ 98 B2 50 Wk 1) I S A% 117 150
Fig. 13 Latency of different policies changes with task states
10
08

06

PR

04

02

Bl 14 AT 55 KA AR AL T A [R] 98 2 3 M M 138 A2 A 15

Fig. 14 Accuracy of different policies changes with task states

AP A BT DL AR S8 4 25 o 5% W M 52 4 i 0 SR G
ATS-SAC Bkl LRI iR AR AT 55 IR B B 2 B L sh B
AR AT 45 SR, DT 35 1) 56 AR S 00 P IR I ORI, A SR
12s B, b 25 3F A 3003 0 [ 2 K 38 0 L AT 45 PUAT I 2 1 7
ATS-SAC B3 Hi H 10 FE 5 W rPoRe JROR B I 6 I 7E 740 %%
Vi S A AN T TE 2 0 AL Oy S O ¢ AR A A
FHERTE S Gevt 7 9 77 2 T 2 I AR T A XAE 45 ) A L F i
TH P A5 AT 45 R 0 R .

JE o, FRATTRT ATS-SAC I FE R Gk A AR b 0L R
B S R AT IR, DL R GRS P 2 i W R AT 55 5
i) 5 K 14 19 2195 150 S 90 a0 AT S 86 . ARl 15 iR, 3R 3h L
75 23 Uity 5 34 Gk v 22 1) 0 ) 45 1 0 L 4 2 3 22 DR SE AR 9 ) 4%
T F R AR /N I 03 T S R AT 55 A4 AT RO .

4000

3800

3600

3400

[ 4% 5 /Kbps

3200

3000

0 10 20 40 50 60

30
B 7] /s

(I A

Fig. 15 Changes in network bandwidth

TE W 4% 5 A8 A 00 1 B0, R R SR s I 2 A Ak R B0 dn
B 16 fiR .

12
10
2 08
j —— EA T
& 06 A SR
w —=— ATS-SACH
B 04
02
0
0 5 10 15 20
B ] /s
0 5 10 15 20 25 30 35
RE

16 ZR GRS 25 A6 R AR [ i JEE 595 W f B 3 45 1 A 1
Fig. 16 Latency of policies changes with system states

A LA H o B T 2% Ik 1 BRI 2 00 22 [0 17 3 1 B 8 4
P, ATS-SAC i BE 5595 AT LA K i 3 4% 5 s , 3 o o0 4T 55 1 3%
22 i AR 0 s AT AL I T R 45 O 3K, /N o i 2 TR S
15 008 W RLASE , DT R UE 22 B A IR 25 8% AT 55 76 T 46 Jo
20 BT R e E MR AT

AR L AT R BE A 22 H AR ERIT 55 4b B, ATS-SAC B8 3
BE S R A AN BT 8 . &1 3 BT 9 ATS-SAC 25 4 &l
BIR ATS-SAC B R () 8 B2 e 5 355 43 A B2 A T 31 43 6. AR 2
ST R O R BE e 5 A A R RNAT: 45 A HRAT S IR AT B L R BE SR Y
B 18] FF 85 90 R 23 25 2 B AR RS I8N AT 55 19 AT DR 52 1) 5 72
PR RE AT A MR TR PR B 0 22 H AR IR RNT 55 HEZR 38 i
T i E R R A . NFR 9 FIFR 10 Fr g i 45 5 ] LU
BB AL s T8 A R R R B 25 A R AE |, ATS-SAC
A7 A7 LAk 30 s S8 F0ORS BE A M B . TR, Rl 16 TR, 2
W 2R A5 A8 22 1, 25 3 38 15 I AE 38 0, ATS-SAC i B 458 A af
L 3E O R S A R A A R, L ATS
SAC T JE #5 R BT HE S B0 8500 IF 8 S 25 [ AR He it T 22 H ARk
B RAT 55 W AR R

HRIE X RN R T E BARCRES BT 5 M1k
TR AT T — A 3 F IR B IR L2 2D 1Y H & N = 3 P
) V8 B A A ATS-SAC, 2 8 Ji A A by 18 B e 5 3% 43 A1 i i
PHATHB 534 B, 38 3 AR IR B 2R S8 B9 AT RIS (LG R gk
BRUESS R SRJ5 7= A I8 B P 5% e B Cf 335 A5 TR0 e 2 0 4
WRECED T AL 2 B A7 S BN AT 55 (10K B AR 48 . 3847
SR AT R A 58 4 BR 18 AR A 3 AR O ok ok o O B B 5K Bl
VEHEAT 0 3 » AW/ sl 4 ) i ) A B2 . (BT A ) AR [0 1%
R SE AR, BEE T 98 B AR 2R 9% AN [) ] B2 SRS

TE RN, It 2 5 Bt B e 1) 45 2 56 38 00 1 ok RE 19 il — 5
BI, 2 5 = R DL B &% 1 = -3 B 5] 9 46 T B
2 N AR T SE I S R A RE AL BT S5 M RE Y ik £ . E TSIt
B 2 0 B [0 485 DA 2 A R 4% A b T 4R 4 — T A A i e
ER

& % X W

[1] SHAO Z.,CA1] J.WANG Z Y.,et al. Big data analysis and pro-
cessing of surveillance video for intelligent surveillance cameras

[J]. Journal of Electronics and Information Technology, 2017,



JE SCRE AT 1] 22 AR SRR Y B 38 N 2 3 B IR R L AT 5T

329

(2]

[3]

[4]

(5]

(6]

7]

(8]

Lol

[10]

[11]

[12]

[13]

[14]

39(5):1116-1122.

WANG N. Surveillance camera visualization management sys-
tem in smart grid [J]. Journal of North China Institute of Water
Resources and Hydropower,2011,32(1):111-113.
SMOLYANSKIY N,KAMENEV A, SMITH J, et al. Toward
low-flying autonomous MAV trail navigation using deep neural
networks for environmental awareness[ C] // 2017 IEEE/RS]
International Conference on Intelligent Robots and Systems
(IROS). IEEE,2017:4241-4247.

KOURIS A.BOUGANIS C S. Learning to fly by myself: A self-
supervised cnn-based approach for autonomous navigation[ C]//
2018 IEEE/RS]J International Conference on Intelligent Robots
and Systems(IROS). IEEE,2018:1-9.

GEORGANAS E,AVANCHA S,BANERJEE K,et al. Anato-
my of high-performance deep learning convolutions on simd ar-
chitectures[ C]// International Conference for High Performance
Computing s Networking , Storage and Analysis. IEEE,2018.:830-
841.

JOUPPI N P,YOUNG C,PATIL N,et al. In-datacenter per-
formance analysis of a tensor processing unit[ C] // Proceedings
of the 44th Annual International Symposium on Computer Ar-
chitecture. 2017 :1-12.

ZHANG M,WANG F,LIU ]. Casva:Configuration-adaptive
streaming for live video analytics [ C] // IEEE Conference on
Computer Communications. IEEE,2022.2168-2177.

SINGH A,CHATTERJEE K. Cloud security issues and challen-
ges: A survey[ J]. Journal of Network and Computer Applica-
tions,2017,79:88-115.

RAN X,CHEN H,ZHU X,et al. Deepdecision: A mobile deep
learning framework for edge video analytics[ C] // IEEE Confe-
rence on Computer Communications. IEEE,2018:1421-1429.
HAN S,SHEN H,PHILIPOSE M, et al. Mcdnn: An approxima-
tion-based execution framework for deep stream processing un-
der resource constraints[ C]J // Proceedings of the 14th Annual
International Conference on Mobile Systems, Applications, and
Services. 2016:123-136.

ZHANG H,ANANTHANARAYANAN G,BODIK P,et al.
Live video analytics at scale with approximation and {Delay-To-
lerance}[C]//14th USENIX Symposium on Networked Systems
Design and Implementation(NSDI 17). 2017 .:377-392.

PAKHA C,CHOWDHERY A,JIANG ]. Reinventing video
streaming for distributed vision analytics[ C] // 10th USENIX
Workshop on Hot Topics in Cloud Computing (HotCloud 18).
2018.

WANG C Y,BOCHKOVSKIY A,LIAO H Y M. Scaled-yolov4 :
Scaling cross stage partial network [ C] // Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recog-
nition. 2021:13029-13038.

CHEN Q,WANG Y,YANG T,et al. You only look one-level
feature[ CJ // Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2021:13039-13048.
LI X,WANG W,HU X.,et al. Generalized focal loss v2:Lear-

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

ning reliable localization quality estimation for dense object de-
tection[ C]J // Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition. 2021:11632-11641.

FAN M,LAI S,HUANG J,et al. Rethinking bisenet for real-
time semantic segmentation[ C] // Procee-dings of the IEEE/
CVF Conference on Computer Vision and Pattern Recognition.
2021:9716-9725.

YU C,ZHOU Q. LI J, et al. Foundation Model Drives Weakly
Incremental Learning for Semantic Segmentation[ C]J // Procee-
dings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2023 :23685-23694.

CAT J,XU M,LI W,et al. Memot: Multi-object tracking with
memory[ CJ // Proceedings of the TEEE/CVF Conference on
Computer Vision and Pattern Recognition. 2022:8090-8100.
BEWLEY A,GE Z,OTT L,et al. Simple online and realtime
tracking[ C] // 2016 IEEE International Conference on Image
Processing(1CIP). IEEE, 2016 :3464-3468.

WANDT B,RUDOLPH M,ZELL P,et al. Canonpose: Self-su-
pervised monocular 3d human pose estimation in the wild[C]//
Proceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition. 2021:13294-13304.
ALMEIDA M,LASKARIDIS S,LEONTIADIS I,et al. Em-
Bench: Quantifying performance variations of deep neural net-
works across modern commodity devices[ C]// The 3rd Interna-
tional Workshop on Deep Learning for Mobile Systems and Ap-
plications. 2019 :1-6.

SHEN H,CHEN L,JIN Y,et al. Nexus: A GPU cluster engine
for accelerating DNN-based video analysis[ C] // Proceedings of
the 27th ACM Symposium on Operating Systems Principles.
2019:322-337.

JIANG J,ANANTHANARAYANAN G,BODIK P,et al. Cha-
meleon:scalable adaptation of video analytics[ C] // Proceedings
of the 2018 Conference of the ACM Special Interest Group on
Data Communication. 2018:253-266.

LIU W,ANGUELOV D,ERHAN D,et al. Ssd:Single shot
multibox detector[ C]//14th European Conference, Amsterdam,
The Netherlands,October 11—14,2016,Proceedings,Part 1 14.
Springer International Publishing,2016:21-37.

ZHAO H, QI X, SHEN X, et al. Icnet for real-time semantic
segmentation on high-resolution images[ C]// Proceedings of the
European Conference on Computer Vision (ECCV). 2018 405-
420.

HE Y,PAN Z,LI L,et al. Real-time vehicle detection f{rom
short-range aerial image with compressed mobilenet[ C] /2019
International Conference on Robotics and Automation(ICRA).
1IEEE,2019:8339-8345.

JIANG A H,WONG D L K,CANEL C,et al. Mainstream: Dy-
namic { Stem-Sharing} for { Multi-Tenant} Video Processing
[C]//2018 USENIX Annual Technical Conference ( USENIX
ATC 18).2018:29-42.

MATSUBARA Y.BAIDYA S,CALLEGARO D,et al. Distilled



330

Computer Science T HEHFIZ  Vol. 51,No. 9, Sep. 2024

[29]

[30]

[31]

[32]

[33]

split deep neural networks for edge-assisted real-time systems
[C]// Proceedings of the 2019 Workshop on Hot Topics in Vi-
deo Analytics and Intelligent Edges. 2019:21-26.

RA M R,SHETH A,MUMMERT L,et al. Odessa:enabling in-
teractive perception applications on mobile devices[ C] // Pro-
ceedings of the 9th International Conference on Mobile Sys-
tems, Applications,and Services, 2011:43-56.

WANG Y.WANG W.ZHANG J.et al. Bridging the {Edge-
Cloud} Barrier for Real-time Advanced Vision Analytics[ C] /
11th USENIX Workshop on Hot Topics in Cloud Computing
(HotCloud 19). 2019.

LI Y,PADMANABHAN A,ZHAO P,et al. Reducto:On-ca-
mera filtering for resource-efficient real-time video analytics
[C]// Proceedings of the Annual Conference of the ACM Special
Interest Group on Data Communication on the Applications,
Technologies, Architectures, and Protocols for Computer Com-
munication. 2020:359-376.

CHEN T Y H,RAVINDRANATH L,DENG S,et al. Glimpse:
Continuous, real-time object recognition on mobile devices[ C]//
Proceedings of the 13th ACM Conference on Embedded Net-
worked Sensor Systems. 2015:155-168.

HUANG T,ZHOU C,ZHANG R X.,et al. Comyco:Quality-

aware adaptive video streaming via imitation learning[ C] // Pro-

[34]

[3

ceedings of the 27th ACM International Conference on Multi-
media. 2019:429-437.

WANG Z,BAPST V., HEESS N, et al. Sample efficient actor-
critic with experience replay[ J]. arXiv:1611. 01224,2016.

] HAARNOJA T,ZHOU A, ABBEEL P, et al. Soft Actor-Critic:

Off-Policy Maximum Entropy Deep Reinforcement[C] // Pro-
ceedings of the 35th International Conference on Machine

Learning, Stockholm, Sweden. 2018:1861-1870.

ZHOU Wenhui, born in 2000, postgra-
duate,is a student member of CCF(No.
E0259G). His main research interests
include edge computing and edge intelli-

gence.

XIE Lei.born in 1982, Ph.D, professor.
Ph.D supervisor, Young Chang Jiang
Scholar, is a distinguished member of
CCF(No. 17652D). His main research
interests include wireless sensing, wea-

rable computing and edge computing.

(AT G . W)



