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Abstract

This paper quantitatively compares and analyzes the performance characteristics of the Kubernetes Event-driven
Autoscaler (KEDA) under various workload conditions to propose performance comparison criteria for establishing
efficient autoscaling strategies in Kubernetes environments. Four KEDA-compatible message brokers - RabbitMQ,
Apache Kafka, Redis Streams, and NATS JetStream - are evaluated through autoscaling experiments for three
workload types: burst workload, sustained workload, and decreasing workload. The experiments are conducted in a
controlled Kubernetes environment, where TCP-based workload generators are used to measure autoscaling behavior.
The analysis focuses on two major dimensions: reaction characteristics and resource utilization. Based on these
experimental results, this paper presents the autoscaling performance characteristics of KEDA with different message
brokers under varying workload conditions.
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Table 2. Trigger metrics by message broker
No.

Message broker
1 RabbitMQ
2 | Redis Streams
3| Apache Kafka
4

NATS JetStream

Scaling trigger
Queue length (ready messages)
Stream length (XLEN)
Consumer lag (offset lag)
Consumer lag
(ack pending messages)

o2t
#O

33 £l 78 Y x=H H9

olWlE 7]uk QEAA LY WS E
O 7 Hrtatr] fiste] Al 7}x] H3l o3
ol Aot} 7 Kol fFE2 WAIA A

(Message generation rate), B‘Jr‘:” Ad 7vs “ﬂ Al

o2l

£-%K(Per-Pod processing capacity) 12]al §-3} A
A ZKWorkload duration)®] Al 7}A] HEE Z3tslA
T3
#* 3 Hst 7d 2oy
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No. Workload Parameter Value
type
Message generation rate 8000
(msgs/s)
1 Burst Per-Pod processing capacity
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(msgs/s/pod)
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Message generation rate 3000
. (msgs/s)
2 Sustained Per-Pod processing capacity
workload 1000
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Workload duration (s) 600
Message generation rate 6000
. (msgs/s)
3 Decreasing Per-Pod processing capacity
workload 1200
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Table 4. Performance evaluation metrics

. - Evaluation
No.| Category Metric Definition objective
Time to first
Scale-Out|  scale-out Scale-Out
(ms) triggered by |responsiveness
KEDA
Time to first
. Scale-In scale=in Scale-In
1 Reactpn_ (ms) triggered by  |responsiveness
characteristics KEDA
Number of
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I Memory Memory
utilization I .
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patterns g g Processing
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performance
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Message Average .
message Service
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Table 5. Average performance under burst workload
Rabbit | Redis | Apache | NATS
MQ | streams | kafka |JetStream
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o | Scale-in |33+ |oRr00x| |\ | 3179893
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Table 6. Average performance under sustained workload

No Metric Rabbit | Redis | Apache | NATS
' MQ | streams | kafka |JetStream
Scale-Out |4666.7+5|4333.312 2476.7+2
" 77 | a9 [20050 4]
Scale-In  |36700.0% 313933.3
20 Timg | e | VA | ONA Tii0is
g | Overshoot | 6.00 270200 27:00 | 170200
(pod)
CPU
4 | utilization | 1.3x00 | 0.8+0.0 | 1.8+0.0 | 7.1+0.1
(%)
Memory
5 utilization | 02+0.0 | 0.0+0.0 | 0.5+0.0 | 0.5+0.0
(%)
5 tmgﬁsﬁgit 4810,0+1|3000.0+1|5006.7+1| 1637
gno 00 73 53 | +15
(msgs/s)
Message 308000.0 |2496.7+2
/ latency (ms) 10200 +500.0 52 00+00
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Table 7. Average performance under decreasing workload

No Metric Rabbit | Redis | Apache | NATS
' MQ | streams| kafka [JetStream
| Scale-Out [5338.325[30000:3| 9200 [4947.0+4
(ms) 35 | 00 | 90 | 90
, | Scale-in |400000¢(3600000| | 211070
(ms) 4000 | £3600.0 2110
g | Overshoot 0100 1250:00| 25¢00 | 3000
(pod)
4| Y 106400 08:00 | 1.9+00 | 6420:
utilization (%)
5 | Memoy o300 | 0000 | 03200 | 0.0£00
utilization (%)
A tmsjsigit 664.0+9|6000.046| 6000 | 2650
ORUt 20 | 00 | 600 | £30
(msgs/s)
Message . 54700.0+ | 54667.0+ .
! latency (ms) 08£00 5470 | 5470 00+00

RabbitMQE HHAQ F4& HYoY 4 1
AtjHog =g

Redis Streams= Overshoot”} 257 #Aysto] ) &
& o|% Z47} AdEE Aol BEEHJTE Redis
Streams2} Apache KafkaollX= ZHZ: 54,700ms <t
54,66Tms®] E=& AA ARte] ZAHU o]
& “ﬂ/‘];‘] 2 EYA AF AEI} A 7HAsHA|
Tx2 E40E <3 KEDAZF AAl Fat 7t
o % A&HHOoE F Hal YHE At
EZ Q3 Scale-Outo] ¥HE 3 EUL, o]2 <
3 WAIA A 7] Alzke] SUkeE Ao E B4
ATk Apache Kafka™ ZHF HWAAZ QI8 S4 E
YA7F LAYsEA] go} Scale-Ino] E7Fs3th o]
A= oHIE 7N QEXAAYYY F4h FHEo
EYA jEE AR ofye), mAA] &H] FR| &
Ao 4As dREo eSS HAFQlth §Hd

S AT
o FJ=T

l‘li‘

£ l~> &-

—_

9



Journal of KIIT. Vol. 24, No. 8, pp. 159-169, Aug. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 167

NATS JetStreame HIAIA] &RA(Ack) 71WF FE22
A =83 vh= AFIF EAH B 212 Y]
99| Scale-ln WH3 AR 7SS o] 2ol
Fot 74a 849 4 de 34 AR Scale-In
g Sob WAIR] AA ARE SHoA NATS
JetStream©| ¥+ 21107.0ms(EZHAF 211.0ms)e] 1/
< AeE 7% s Uehlon,

= r
tlo

A

A3t oS FRIEHSTh
B oA A AR BEA IF A vl

= 72 23 fd 24E 33 WE 2Ao By
FAAe] 7Rk oH, TR ARAA HE
T7F 5% olWE Ueht A3 AdAe] E2
Ao E I AHH O Z KEDAE T ¢4
A
3|
2}

O:

rl

A s +HE Uehlis 2ol oYz,
I AR BEA T2 o) FEAE
E4o] dUidoz A &
T wEpA] AA ARl B ME R 437
AR A 2l wet AdY WAK He7

SEXALY 23S Addlsor a1, o]E T
Ao QEXAYY 4o FHT 5 e Aol

=2

b
s

o,
o
N
M

b o iy

V.2 E
2 YolEHE 7|&d} mlo]ARAH| 2 o}
g3 gito g FAF Auls 2t HlE] BAS o
gote WAA BEAY Fa4ol HA R
Al b EolE HAEE Adshs 4z
Al ATk Led FuE s 71E £33 3t
SEXAYYTOZE oHIE 7|9k WA]A] BE
A A BAEE Fate]l 4R 8k
gAY EAsHH, WAA F AA 2 AaH S
o|HlE thele] WIE S oR A}
of Mg £ e LEAAYH 7Y o
J

£V ST R r . (R I
L
rlo

Iz 2 X o @

o

fr

Mo o
1%
P‘E

H
|
ool
ity
K

il

=)
oft

[0}

frtt

z

ol

B

ol

2 AHAS Hhshr] $8ke] Scale-Out HHE &%
oF AR A2l EA4% AF, Apache Kafka’l ¥
T 158 7ms(EF=HAF 1.5ms)Z 7P WE W& E
& etk 24, A& Fab A A1 b
%!
s

[o

A&l CPU-WE2] A&7} Scale-Out
A% Ay, o] FYo|A % Apache
1.8%, "lEE] 0.5% FF9 & 2
AEEI HE 2400ms(EEHAE 5.0ms)e  AHE
Scale-Out §Hg AIZFE 71538t AUdoz =&
S BHoTh AR, Fst A AN F4
H-s EAS Hrlslr] 98] Scale-ln HHS £=9}
HAA g A ABE B EE NATS
JetStream 7304 HF 21107.0ms(EEHA
211.0ms)2 KEDAE 53¢ 7P WE 4 jkg &
dol Uehytth wekA 2 AY AAE nigo
KEDASF] 15 #AolA a2 F34E HwAA
BE7 MY Al 18 F de AFH VES
w3 2ol A & Uk §4 Fab EAlA
i 158 7ms(EFHAF 1.5ms)2] Scale-Out BHS Al
243 B 8000.0msgs/s(EFH AL 43.6)2] WAIA] A
S HQl Apache Kafka7} WHE =% Zuboj A
AR KA AR FAHUY A& Fa)
FAol e HF 240.0ms(EZHA 5.0ms)e] F
Scale-Out -3 AlZt} CPU 1.8%9F Wl =g 0.5%2]
o 2 AMEES 7|28 Apache Kafka?} A%
o] HEZo] o} dFAH AY TEAES YERIS
om A7|A AHAY SHAA FUHoR AFS
AoR EAHAY. Fat Fa SHNME B
21,107ms(EZH2} 211.0ms)2] W2 Scale-In Kt
ANZFE 7123 NATS JetStream©] E-82Q1 A+
T SHAA AAE YeEith oldd A FF
< o
]

3
3
o
O b oofN

g & o

P

-

utl

rir

ot

AR B27 7|4k A8~ 3R A FAA

A9 Bg AHES FAol BRI 9B LE2
A HeF £l Qo] ABA M AR 259
% 9le Aol

References

[1] O. C. Oyeniran, A. O. Adewusi, G. Adeleke, L.
Akwawa, and C. F. Azubuko, "Microservices

architecture in cloud-native applications: Design



168 FHlE|Z &4elA o E 7|ut S EXAY

o,

3

ofr
He

patterns and scalability", Computer Science & IT
Research Journal, Vol. 5, No. 9, pp. 2107-2124,
Sep. 2024. https://doi.org/10.51594/csitrj.v519.1554.

[2] D. R Augustyn, L. Wycislik, and M. Sojka,
"Tuning a Kubernetes Horizontal Pod Autoscaler
for Meeting Performance and Load Demands in
Cloud Deployments", Applied Sciences, Vol. 14,
No. 2, Art. no. 646, Jan.  2024.
https://doi.org/10.3390/app14020646.

[3] Y. H Jang, H. Yu, and S. S. Kim, "Transfer
Learning Technique for Accelerating Learning of
Reinforcement  Learning-Based Horizontal Pod

Autoscaling  Policy”, KIPS Transactions on
Computer and Communication Systems, Vol. 11,
No. 4,  pp. 105-112, Aug. 2022.
https://doi.org/10.3745/KTCCS.2022.11.4.105.

[4] Y. Jang, J. Jeong, J. Lee, H. Yu, and E. Lee,
"Modelling  the Horizontal ~ Pod

Autoscaler based on number of requests for

Kubernetes

"

comparing the autoscaling algorithm", Proc. of
Korean Institute of Information Scientists and
Engineers, Korea Computer Congress, Jeju, Korea,
pp. 1385-1387, Jun. 2021.

[5] O. Kyrychenko, S. and O. L.
Kyrychenko, in AWS
Serverless by means of machine learning and SQS

CEUR  Workshop Proceedings,
Khmelnytskyi, Ukraine, Vol. 3963, pp. 77-87, Apr.
2025.

[6] X. Pilyai, R. N. Irsyad, I. N. Zaini, R. M.

N. Hertiana, and R. Tulloh,
"Implementation and Benchmarking of Kubernetes
Horizontal ~ Pod Method  to
Event-Driven Messaging System", Advances on
Broad-Band and Wireless
Communication and Applications (BWCCA 2023),
Lect. Notes Data Eng. Commun. Technol., Vol.
186, pp. 45-56, Nov. 2023. https://doi.org/10.1007/
978-3-031-46784-4 5.

[7] A. Rubak and J. Taheri, "Machine Learning for

Ostapov,

"Predictive  autoscaling

metrics",

Negara, S.

Autoscaling

Computing,

1

Predictive Resource Scaling of Microservices on
Platforms", 2023 IEEE/ACM 16th

International Conference on Utility and Cloud

Kubernetes

Computing, Taormina, Italy, pp. 1-8, Dec. 2023.
https://doi.org/10.1145/3603166.3632165.

[8] P. B. Guruge and Y. H. P. Priyadarshana, "Time
Series Forecasting-Based Kubernetes Autoscaling
using Facebook Prophet and Long Short-Term
Memory", Frontiers in Computer Science, Vol. 7,
Art. no. 1509165, Feb. 2025.
https://doi.org/10.3389/fcomp.2025.1509165.

[9] Y. H  Kim and Y. H. Kim, "Improvement of
Kubernetes Auto-Scaling Based on Multivariate
Time Series Analysis", KIPS Transactions on
Computer and Communication Systems, Vol. 11,
No. 3, pp. 73-82, Mar. 2022. https://doi.org/10.
3745/KTCCS.2022.11.3.73.

[10]  Horizontal
https://kubernetes.io/docs/tasks/run-application/horizo

Pod  Autoscaler. Kubernetes.lo,
ntal-pod-autoscale/. [accessed: Nov. 01, 2025]

[11] Autoscaling Concepts. Kubernetes.Io,
https://kubernetes.io/docs/concepts/workloads/autoscal
ing/. [accessed: Nov. 01, 2025]

[12] Vertical Pod

Kubernetes.lo,https://kubernetes.io/docs/concepts/wor

Autoscaler.

kloads/autoscaling/vertical-pod-autoscaler/. [accessed:
Nov. 03, 2025]
[13] Cluster

https://kubernetes.io/docs/concepts/cluster-administrati

Autoscaler. Kubernetes.lo,
on/cluster-autoscaler/. [accessed: Nov. 13, 2025]
[14] Kubernetes Event-driven Autoscaling (KEDA).

KEDA, https://keda.sh/. [accessed: Nov. 04, 2025]
[15] KEDA Concepts. KEDA.Sh, https://keda.sh/docs/2.
17/concepts/. [accessed: Nov. 04, 2025]
[16] S. H. Pack, S. W. Gu, and D. W. Yoon,
Analysis Network

Interface for Kubernetes Networking", Journal of

"Performance of Container
Korean Institute of Information Technology, Vol.
23, No. 5, pp. 117-128, May 2025.
http://dx.doi.org/10.14801/jkiit.2025.23.5.117.



Journal of KIIT. Vol. 24, No. 8, pp. 159-169, Aug. 31, 2026. pISSN 1598-8619, eISSN 2093-7571 169

[17] A. Marchese and O. Tomarchio, "Evaluating
Microservices Communication Relationships ~ for
Scheduling Containers on Kubernetes Clusters",
Communications in Computer and Information
Science, Vol. 1845, pp. 45-65, Aug. 2024
https://doi.org/10.1007/978-3-031-68165-3 3.

[18] M. Selimi, L. Cerda-Alabern, M. Sanchez-Artigas,
F. Freitag, and L. Veiga, "Practical Service
Placement Approach for Microservices

Architecture”, Proceedings of the 17th IEEE/ACM

International Symposium on Cluster, Cloud and

Grid Computing, Madrid, Spain, pp. 401-410, May

2017. https://doi.org/10.1109/CCGrid.2017.28.

| ARk

l A o4 (Jaeyeon Lim)

20199 8¢ : TSty
G184 ZEg o] 8t} SHA

202613 2€ gkt

El

SRR FAIHFAAA
2021 749 ~ 2022\ 74

Aetdloetn 2] Sehe= Ao
20224 99 ~ 20243 79 : <k
2]
2024 7€ ~ FA : SHSTEHPIE £74 opHE

WAlEoR : Sehes SUE, FHUE

T M 2 (Sewan Gu)

19943 29 kst
AAHE A1 F 8 T (F A
1996d 24 : Shofrfstw
AT Z 8T (FEA A
2023 8¢ . dofrhsta
AR FE S F e (F gAY
1997'd 39 ~ 2000 3¢ :
474

& = 2 (Dongweon Yoon)

1989 29 : FFrjstu
A F 8 T (F A

1992'd 29 . st
AAE A Z 32 F 34 A

19951 84 . gefrista
A A8 2 (F ek

19954 349 ~ 1997 8¢

20044 39 ~ A : st
24

B ; FA01E, 94 2



	쿠버네티스 환경에서 이벤트 기반 오토스케일링 성능 분석
	요약
	Abstract
	Ⅰ. 서론
	Ⅱ. 쿠버네티스 오토스케일링
	Ⅲ. 오토스케일링 실험 환경 설계 및 구현
	Ⅳ. 오토스케일링 실험 및 성능 분석
	Ⅴ. 결론
	References


