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Abstract

The current responsive scaling strategy based on fixed thresholds in Kubernetes has outstanding
problems such as the inability to dynamically adjust the expansion and contraction intensity ac-
cording to the cluster load and the existence of time lag. To address this problem, the load predic-
tion model is used to predict future workloads while detecting real-time workloads. At the same
time, load fluctuations are divided into three categories based on historical load changes and
three decisions, namely, low load fluctuation period and normal load. During the fluctuation pe-
riod and high load fluctuation period, the scaling intensity is fine-grained for each load fluctuation
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period, and finally the corresponding container scaling decision is executed based on the load
fluctuation period and the predicted CPU utilization. By comparing the Kubernetes native algo-
rithm and similar algorithms, the proposed scaling optimization strategy can effectively cope with
load fluctuations, reduce SLA default rates, and reduce resource waste while ensuring QoS.
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Figure 1. TAO model of three-way decision-making
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Figure 2. Responsive scaling strategy
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Figure 3. Predictive scaling strategy

B 3. T e SR g

3 3o X e i R L 1 AP 4 S s AR 000 AP 4 SRS 25 B PRAT IE AR AN 555 i e, ARS8

DOI: 10.12677/s€a.2023.126077 796 B TR R


https://doi.org/10.12677/sea.2023.126077

AR A

AGTIF S5 S TS 005 2, 5 ARSI 220 T A ST RN, AP 00057 2% 0 45 S 46 8 R
RT3 6 T W 7 2 0 4 S A 5 B 8 BB 5t VU, 3285 T R MW Sk, P 4
R LA AT 0

3.2. TiETmRE

FRT, HLas s 23 IR AN 18] 5 51 7 A 7 i PR e A BG) P  F000 AOR I 2 TAR S 3 vk, (Bl
THUE 2 2 07 7R R TR ORI 25, X TR TN E A E M B8R % T7 R 3R, A SCREeR A
I 18] P 310 23 A 05 325 P R BT i

TRBCHIEAE O — R R R RS 753, e R RSl Pk A R oR 1K), $RECHIRTA R4k K
Wzl P IRE S BRI, S5 R8I 30 19 A B 8] > 81 Kt g AR SR 2 AR S B AN R s, DR 4 e
TE M — AR R BT 2835 o SR ECTIE ATER SR 20 o8 — YOI, — PRI =T (R Holt-Winters
%), —UCTHE NP LB RN, OO RE T R R R as s, = UCTiiRE
YOI AR RT3 — O, HE T BT — € 2B 55 O RN A [27], BRSOt AR ST S s ) A 0 99030 »
e F = IRAR LTI 20 AR K 2 1) AR S A AT T«

FEECT 1 T XA [ I ST L AR A S AN R BB, 5l R B e BRI, DT A e i ¢
BUNIRLE, 0K S W S BB S 75 SR B AR Ak, T2 R — S TINAEL[28] - FEHCT-3 Tt i
TRE R R =R, S RARECTI o R A R ECT I E B SRR B AT =R RO, TS
TR E, SRR = RO R R (29140 R TR -

BHIGEIFFIN Y Yoy Vit W NI — RAGBCT R

$”=am+aﬁ—a)m4+aa—afm4+ (1)

b, SYRRE IS ECTI I, o JTIE RB(MFR A E R%D), HO<a<l. mR(L)EEG
By Yerr Yo WHESHAe, a(l-a), a(l-a).

A3 30 (1) 15
sY =ay, +(1-a)st =S Jroc(yI —St(f)l) @)
RS FASWAR
s =ay,, + (1-a) s 3)
Z R BCP IR
5 =as? +(1-a)s" @)
TR AL -
F.r =a+bT (5)

Hoep, SO RIBECEIEE, Foo A T BTG, TONTRIGERTIEL T=1, 2, 3+, n. a, b
R T T R 5

a, =251 -s? (6)
b :a/(l—a)(St(l) _St<z>) 0

k30 R = RSB OB AT T, = RSO E
5 =as? +(1-a)s) ®)

DOI: 10.12677/s€a.2023.126077 797 B TR R


https://doi.org/10.12677/sea.2023.126077

TR -
F.r =a +bT+cT? 9)

MBS oSE
a, =35 -35? 4+ (10)
b =a/2(1-a)’ ((6-5a)s{" ~2(5-42)5" +(4-32)5" (11)
¢ =a/2(1-a) (s -257 +5{) (12)

Hrf, SO =R OT IR .

APPSR REAT TN 2 /7, 75 ZORHRECT 1 REOEATHE . o (EBUK, Sl I 1] 51 S (6 P
0= 0 NP O E B R R T I et 6 Y R S B U S Ul NI ¥ 98 R MU ESRE S0 p k1
He T R SR 1 P SR AR, AT S T 45 SRAN N [ P AR AR A
. o AERSNN, U IYIER) g S 18] 50 K (B BT o f) Ll SRR, 90300 5 SRl 5 = 30 SR 1) S

F]BEIE O AR ZI TR AER . SR THRECTIE R 8o IERE, B ENE, PFrilsEmdE 8
S RXT o TR RTINS SR P BLIME (A2 4k, AT BLERUR S ) o 16
Al =0.6~0.8, WIREA M ERZTT BRI (8] 5 SR RE, S ML [R] Fr 1) (ST S5, W] DAk
FRUNOE, T e =0.1~0.3, WERAE) SRR NS O R HEAT TN, 750k B v AR B AT R 0D T30
I

3.3. RAREEWIT
3.3.1. {RgERETIE

Fib
TRECE BT BHARRE R hE
KknHE HiBDR #im
REEEER
gemE | AR
i F i
EE
G
A= IhE
TR e T # g s

Figure 4. Container scaling decision-making process
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Table 1. Each parameter and its meaning
1 BEBERHEEN

s 24 Eifipa
1 M SIS T IR A
2 N B SN LR AR
3 J AT EBBREZTX NS5
4 a CPU Il FH % R PR 18
5 B CPU FI I IR ER(H
6 E e L S & C T S
7 F S UNIL QU= &€/ ey
8 U ) CPU FilH %
9 R B LR
10 LP T B
11 scalingAmount LRI PR
12 scalingFactor AT

ARSI, 20 DNAES M SES 1 A FEIN BB ER), 5 MR i SE 5 885 R A
S I I AR R 8 V0 R N BEATL AR B AT 55 5 00 7 BB AT LBLA0) = b 57 BB B S (IR SR ke s A L TR 1 3 30
WL s EE ), I AR R . S T TR SR A RO SR B, wEE 1R
W —K Pod [ S dE, Tl CPU #13k 75 2 0.5 RV [H], Xt Pod k47145 #4152 F4& 24 Pod 1) ¥ 5 R4
SRJEE )R 1% Pod T2 0.5 FPIFI]. (AR, AR AT REHWEE G AT EMN4E, RGURAR YR I W 51 3k SR vl 3
iR Pod MR, W EAR GRS YIRT Pod M4 A N 3 FP,  IE % a3k EhiVIRS Pod FH 45
FARIN 2 7, ki S IR Pod 4R BN 1R, 28t = Gk s A CPU I 2 R IR o
B E N 0.55, § B =Rk s CPU FIH 2 FIRBIE g ¥R E R 0.7, HEIksN NRBIE M #%
BN 3, Eksh ERREE N B NS5, 4K T scalingFactor B 0.1, ¢ B2 0.03. (HH a A1 g, M AN
A K scalingFactor 34 A AR 4 S bR i HE AT R 4E)

(1) SEITFURRT, RGFETH MRS FP I 7 58 s, S 5 B UG, R4 Jext M uie %1 m)
B R AT R, 493 1~5 BP R I SR S A E = [20, 34, 39, 50, 56]. FIJFH [y 5 Ah i sk 45 S Pl
BN 6 D A7 B AT TN AS B SR T LP = 62, SR JEARHE A N (A3) TH 5 H AR R U ) CPU A FH R
U =88.57%. i i A i) [y 2 S s B 46 & E 19 305G 5edls Tu ik b SE 3B AR & F = [20, 34, 39, 50, 56]
(FUbE A E RA 5 B0 s 8dE, B ARSI U BdE 2 —FEm), 456 F R gdE i 545 H R
=9, SRIETFUEEATSS 1 MgE A, IR R W2 R >N, REHE SRS s, WAHME s RS
MgE FIA N 1 . 1 U W2 U > B, RGUHE K & ZEITYOEY 2, BRI AKX @5) i HEH
scalingAmount = 17, #& )5 R GuAR 4 A 45 1) BT IR B0 BT AH R 4547 o

(2) 756 6 FOS, FTFARHETER 2 KARSR AR DG TH AR 2 , [F)25 3R(1) M 77 1L AR, i E = [20, 34, 39,
50, 56, 72], Wi TS 2 7 EFNE LP = 91, SR 51545 U = 104.6%, &ifjE4 E 155 F = [34, 39, 50,
56, 72], HEAFH R =95, MK RIHLE R >N, RGHE GHT A& ARSI, I 5S84 R
Fr 1AL, T UWRE U> B, RGHE M 7 ZHAT IRy 2, @il ik E 5 scalingAmount = 22, 48
J& Z2 GERR A 4 1) B R E AT AR B AR 44T

(3) £ 10 PNy, FFAAHEATES 6 AR Aa ARSI AK€, i E = [20, 34, --+, 56, 72, 83, 100, 112,

DOI: 10.12677/s€a.2023.126077 801 B TR R


https://doi.org/10.12677/sea.2023.126077

R %

119], @i 15 2 51 F M LP = 123, 155 H U = 62.12%, £ 7 LR R EA5 2| L = [72, 83, 100,
112, 119], HHEAMAH R =1175, WK RIHL R >N, RGHE TR BB, I RS 0048
HITREE LR AAR T U a <U + 0 < B, RGHE M BT IER Y%, @i i 515 H scalingAmount
=24, SRJE RGN 4E 1) BEUR R BT AR R 4G 4T N o

(4) 7E25 15 FPHS, RSt ATgs A ST AT e, ER E = [20, 34, 39, ---, 119, 122, 139, 145, 167,
172], @ik 7 A 2 5 B AL LP = 175, i+ 515 U = 51.78%, #rif] E /53] F = [122, 139, 145, 167, 172],
IHHEAH R=125, W R#HER>N, JHH UWHE U<a, RGHFE ST AR SIHEN 75 kR
3, LHRY 7R, [FER RS AT R 1 A,

(5) TEZ 25 RPN, ARSREAT AR WA ST AN E , bR E = [20, 34, 39, -+, 233, 237, 241, 245, 250],
I TN A B G A LP = 255, S H U =50.3%, fiifES E 53] F =[233, 237, 241, 245, 250],
HHEAH R=4.25, W RHEM<R<N, HFHUBEU<a, RGHEURTENIET 7ERBEEIENT
ik R, TRy 2y, MEMESGRGRGE AR 2 7.

(6) 7EZE 27 #PIF, HEATARAE FIAH DGTHE AR, I E = [20, 34, -+, 237, 241, 245, 250, 254, 258],
I L TS ) G R G LP = 262, 153 U =51.68%, filj4E4 E 5% F = [241, 245, 250, 254, 258],
THEAH R=4.25, I R /E M<R<N, REHE Ui~ IET AEBEENE R TP LR, THRT %,
A B 22 Gepr A g JE R SR ORFE 2 BO AR

(7) TEZE T2FDI, Ak AT 4 AR DG T SRR 58 , bR E = [20, 34, --+, 391, 393, 395, 397, 399, 401],
L FINAS B G TG LP = 403, S U =52.75%, AifjfES E 4% F = [393, 395, 397, 399, 401],
THEAFH R=2, B RIHE R<M, RGHE UHTCNK MBS, FRES RS 4E FN 3 5.
MUE a<U+6<p, REGHEIRFEIHTIEFRY 2, @55 H scalingAmount = 41, #AJ5 R4t
R A 205 1) B 5 280 BT A LR A AT

(8) TEL 75 FPI, ARBEHFATIRARAHSCTHEFIFIE, B E = [20, 34, 39, ---, 397, 399, 401, 402, 404,
406], BT TSR] 7 PG LP = 408, 155 H U =50.68%, frifjfE4 E /53 F = [399, 401, 402, 404,
406], IFHEAAH R=1.75, W RHLER<M, FHH UL U<a, RGEHEUICR AP IEN T
Biikdlsl, THRY 2%, R RS 0P4GE A BR GRRE 3 FPAAE
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A i@ id CloudSimPlus =P &t 47 — R B S25G, KA SR H 95755 Kubernetes J5 4
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4.1. SCIRIRER

N T BRI TR H ) — b R = S U SR AR T U B 4 AR Ak SRR XA R, T CloudSimPlus #5
L85 BA R r el 4 JE A R, BT DAASSCEREG R IDEA £ T CloudSimPlus il = F &, fE=
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IDEA2022.2.4, JDK17, CloudSimPlus8.1.0, FfFIH Matlab2022 47 5256 %4 /34 -

4.2. SR

N T FE53 YR UEAS ST HY 0 — i 15 = SR SR A0 T 2 A 4 I A SRS, AR R ST 1) A7 R >R P
BEHLZE R T2, BRI 5 AR 55 B AR 30 R Y B R 28, IR 2 1500 A7 A5 1) oA 5 PRI V7 1)
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Table 2. Physical host (Host) and virtual machine (VM) configuration
3 2. YR EH (Host) FERH(VM)ELE

fic & W L (Host) REAUHL(VM)
P77 (ram) 20000 MB 1200 MB
v 58 (bw) 100000 MB 1000 MB
17 it (storage) 10000000 MB 10000 MB
CPU F45i(mips) 1000 MIPS 1000 MIPS
W %3 (pes) 40 4

TEARE LG F, WE ARSIV 1000, AT 5% 1 E KB 2 DU TR & Y Bl A BE AL
AR TR . N THISRERTRE, WENT 60 AR5 AR (8] 0, BIRT 60 /> 2= AF55 [Fl I B AT o
JE AR B 1) AT 55 B E IR @ S E N BENLAE . A BRI AZEC R E N 1. AT SR i
2 SR T () A AR AN DL SO g i R PR S 8, 78 S ol BRI R IR (Rl 250y 18D .

N G IAEAR ST B R SRR IR, KA SRS Kubernetes J5 A 5005 VPA #EATXTLL, 7EE
Fehith bk 5 RISEE TVPA HEAT HLAL.

4.3. MERETTEMiEHR
4.3.1. SLA E£9Z (Service Level Agreement, SLA)

SLA HLE MR T 2= M5 R 0 25 77 ORUE I R 55 B /K- o i - 7E S BRI Kubernetes 2283 i,
SO BNAFAE = I BNASTE, B A0 AT R Al TR B BN, = ih 51 & 1 5 R 75 oK AT RE o 72 R I
F) A PRGN 30 5 LT /N T SEBRE I 0L, e mi iR 5 i & . fEA S0, ¥ SLA
HLYFE UM Z) CPU H A #KT CPU FH 2 LR BI{E UpperThreshold FIFEAS & (5 G 84k CPU
FIH ZPEA SH U L], it E AT .

SLA= count(Ui > U YoperThreshold ) / n (16)
Hep, U R A R CPU SEBR AR, Uy armnresnois 2645 CPU B EERBIE, n FoRpEA
S
43.2. 5 CPU FFZE(Avg CPU Util)
TEASCHT, K35 CPU R 25 SR BT S i) CPU IR P31, HoatH AR,
AvgCpuUtil :Tiii iUtilm 17

t=0 n=1
Forr, N Ry, Utily, o5 n AN SFIfERS ] ¢ I /) CPU A 2.

4.3.3. 5 RIRZE(Root Mean Squared Error, RMSE)

%77 % (Root Mean Squared Error, RMSE) 2 — it F 1l & T A 20U 78 3 4 v B b () Tl e
(4EFR. TirE T TIME S B SHE R TR ZE S, SRR TNE S B SE Z P S 22 F2 R, Hot
HARIT.

RMSE J%i(yi £ (%)) 19)

o,y A FOG) 20 AR AR ER | ANFEAS LS A TN, n FEARN L
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Figure 5. Comparison of load forecasting results based on cubic exponential smoothing
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Figure 6. The scaling process of native algorithms
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Figure 7. The scaling process of similar algorithms
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Figure 8. The scaling process of this algorithm
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Figure 9. Comparison of resource expansion situations
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Figure 10. Comparison of resource utilization
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Table 3. Comparison of average CPU utilization and SLA breach rate
& 3. 1Y CPU FI A ZF0 SLA LI RRIEL

Algorithm AvgCpuUtil SLA

JR AR S 65.22% 13.73%
EESGESER 49.76% 2.94%
AL 45.66% 0.98%
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Figure 11. Comparison of average CPU utilization and SLA breach rate
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