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Abstract With the continuous development of the industrial Internet of things (IloT), an increasing number of
devices and sensors are being connected to networks, resulting in a massive influx of time series data. The explosive
growth of time series data presents new challenges for database management systems: continuous high-throughput
data ingestion, low-latency multidimensional data queries, high-performance time series indexing, and cost-effective
data storage. In recent years, time series database technology has become a hot research topic in the field of databases.
Some scholars have conducted in-depth research on time series database technology, while specialized time series
databases have emerged for managing time series data and have been applied in various fields. These databases have
become essential components in [IoT. The existing reviews of time series databases primarily focus on the comparison
of functionalities and performance, as well as providing selection recommendations for specific domains. There is a
lack of research on key technologies such as data persistence, querying, computation, and indexing in time series
stores. Additionally, these reviews appeared earlier and lacked research on modern time series database technologies.
We conduct a comprehensive investigation and research analysis of both academic research on time series data storage
and industrial time series databases. We take a deep dive into four key technologies in time series databases: 1) time
series index optimization techniques; 2) in-memory data organization techniques; 3) high-throughput data ingestion
and low-latency data query techniques; 4) cost-effective storage techniques for massive historical data. We also
analyze and summarize existing TSDB benchmarks. Finally, we present future development directions for the key
technologies in time series databases.
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ARk, B A Tk % 8K M (industrial Internet of
things, IoT) F A 19 MUk & &, Tl il & 1 4f o A %%
FACIS AR, 2% Fh B A A4 B s 7 A 1Y I 18] 5 471 8040
(TR PR B P 8 ) TE 7R 3 1 b G K, o B+ 4
GrRRE A PR B R AE T 36 I b, s 30
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LB A5 5. GPS R B . KWL S04, ML
i T R AL 432 55 15 10, 35 o VA 5 R O A A R
R T PR, T IR RO A B 8 O — A M
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T2 Mk B R RILAGE A SR 4% 7 A 1 I R R O T AR A
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3) 3 I AR SE 18 i 7 08 o A AR 15

4) 3T TAEAIR A, LT 2013 48, BRAEIZ TAE
TE B 7 B0 P R R AT B A M AL, A5 i TR R
SHTET R 4.

Y iR R A S B B R G BE HOR, AT R
TE B 5 0 90 (0] AL 5 R O 9 98 SR B ) 580 R 4R A7
LR, WEATEUE EHOR | A d 328 1 2 ORI 1)
2 k8 3¢, [F] B 38 7E Google Scholar, ACM, DBLP
LA R O B ) 4 R 8 S A R BOE e, FR
148 F 7 DB-Engines™ $2 L IR 55, 75 i )5 50406 P 45
PR GE 326 Top20 Hr, $03 I HA5 73 B m sk 44 7
R B RRE L R R, FRATT A RS AR
20234F 4 H.
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1 #HXIE

FEATT H, AW A 28— 26 5 B3 B0 e AH ¢
253k TAE, BUA 283 T AR T A [6) B 7 £l 22
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23 90

Jensen %5 APV X ih R SR S T R Sk T T 4
AT 1) I AT, G A AT SR AR R X S8 R e 0 Ty 3 2K
1) B 800 7% R 48, U WearDrive!; 2) 4 8 it
¥ B A7 2R 55, B0 Gorilla™; 3) 38 1ot 97 8 56 R 30 ¥
J2E 592 BN BOHE A7-6i% , 40 TimeTravel™. ok, MINAE
g FIPERE 3 A7 G IX L8 R RN R AT T AT
M 21 AR5, S T I e A A B R
B PR, e R4 . Rl AL RE TS
B B R B R AE AR SR B W5 T ), G R T A A
B4 43 A 28 T b) A 1A) 4b P (approximate query processing,
AQP) . [ ] ¢ Bk A A i DA B R . SCRR [5] 58 A
T 2017 4%, W55 B 5 K ) s I 50808 T AE BAE B OR AR
ZHE G I, — SE Y B PR AN Ak 2 T kBl A
1, B XE 2017 4F DLJS B0 B B8 T Y T AR
T 2017 4F 242 i e K030 127 e e o bR A I 30

Bader %5 N\ KR T 83 AN JF VR 4 i ¥ 504 122, &

ST 12 4N BF B0, A4 InfluxDB, Open-
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GrAHy | KR TR | ERCHE ORI A ) M R A T 6
BN B BOUE B R AT T A TR, B S T X S I
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703X I N T2 B A0 T 5T

Sanaboyina" " M\ A U5 &% % 1) £ B %t InfluxDB"”
1 OpenTSDB'"" AT 1 L 4%, 1 Je i it T 8udls 0o g
TR A  FE  R X R A Y R 1 oK, AR R AR
InfluxDB #il OpenTSDB 7 i1 £k Fl1 25 4% 45 14 T Y RE#E
FPEAG B AT PERE.

A — B X R S0 B R 2 O A
Fadhel 25 A" %} DB-Engines I 4 & 8 il ] T
FEfif R 1) 7K T 50808 14 5 250408 P2 (£ 455 InfluxDB!,
OpenTSDB'"", Prometheus'” 45 ) i 17 T Lt 4% 43 #r , F
fili 25 b I B3R 2 A0 AR RS KB N AR 4 Y fiE
771.Grzesik 45 N7 FE K Ty #E A% AR 4 30 G T 5L
ST OXF IR B R BE AT LR Ay B, B RS T
TimescaleDB, InfluxDB, Riak TS"* = /> i} J# 5 4k 122 LA
K PostgreSQL!"” F1 SQLite"™” Wi 4™ 5 2 %I ¥ 48 FE 1) 1tk
fig, JF7E Raspberry Pi 11 ML #E47 T MERE I L.
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FBLAE (field set) AT (8] 8 (timestamp) ¥ . LA 5 W
DU Al Ry 51, 000 6 48 bR o2 RS R IR TE B REW
K5 (weather) UG, ARG AERA 2 D H B

i & (location) M X, ¥k id, & 7 & R £ & &
(temperature, temp) F1 1% & (humidity) 2 1> R 5 50 98 ,
k1 iR,

Table1 Weather Monitoring Data

®1 8%

Il

SN E R

Bhn 2

a7 B T

weather location=southeast1, id=1

temp=9.6, humidity=51 1672531200

weather location=west2, id=2 temp=1.6, humidity=20 1672531200

weather location=southeast2, id=1 temp=9.6, humidity=53 1672531200

weather location=southeast1, id=1 temp=9.6, humidity=52 1672531260

weather location=west2, id=2 temp=1.5, humidity=22 1672531260
Iy R A 4 A HE A 25 RS [ 385 ) B 5080 5 delete AR B ATV 1] | A28

1) B 2 45 AL 8, AfF A — A I E] AR, a7 i
] b J2 A T 195

2)BH LLS A 32, M BT A B R AU B
#AE;

3)BE R E KR, B4, GoldWind X ) & HiL 2\ ]
Al 2 AR R EAL, B KL EA 120~510 4
e S , B SR BE MR AR W 3K 50 Hz, A2 v B #b
AT 5 ACA B P B

4) 85 19 A ) 5 43 B 3E DL TA] S RO i
e LA R DR AR AT, A0 g~ I T, 2
“h southeastl, L BR id A 1 A9 G Bk W I 21 19 5z v
T R0 e P Uk

A 43 5 T 500 PR A KOV BB (1 81 X A7, 1
I P 540 4 45 AT R, AR S A IR ) A R
BRI KV BUE. Mlan, 1 258 2 808E < weather, location=
southeastl, id=1, temp=9.6, humidity=51, timestamp=
1672531200” 7] LA# 375 0 2 2% KV $dii -

key,=weather, location=southeast1, id=1, temp;

value,={9.6,1 672 531 200) ;

key,=weather, location=southeastl, id=1, humidity;

value,=(51, 1672 531200

X HL 1) 5 (key,, key,) #5% % A J¥ 51) B (series key),
FH T4 348 R A A 00 #5 28 JB A%, {8 (value,, value,) H1 R
(LI IR 1) 8 4L A
22 MEFHBIEREEAMIR

N 7 B30 T2 R P T N I O 1 — 2 R I,
Z /DR Z R S A (write) Fl 45 1] (query) #:4F, A7 46
B 7 5 30 22 o $2 £3L B 3 (update) A1 B3 (delete) #5247 .
write R — > B — U RO RS A IR RO
query M I 3 £l 4 28 v A i) Bodle , T B SRR AR T I )
108 bR 28 2 45 14 220 8 4 160 5 update 58T HLA A [ B

BN 5 B DK T v ) I 5 al . — 26 1 5 080 2 i
FRHE T B HTIR S, LA InfluxDB #2457 SUM, MIN,
MAX, AVG % R 41153 sk %L, UL )¢ HOLT_WINTERS
S5 IS R) e 41 FUI R, I R R (1 e AR 2
PR AR Ak, 33X R P T T RN Ao A 2 OC T B
4 Tl RN 4% 9 40 AT L B B PR S T X
FOBCE 7 B S5SNI RGN A B O S B
AEAH A DR 3G 0, — 2 B 5 H5HiE e 3 ok 5080 A i
Jei 300 A8 S RICHs H 44 SFe /N AR

ERCREp=NiUP M D5 €L i N e B
55, Tl Wy 36 T iy P %o A2 TR A 4l 3 A R — B
BER, A BAE A AT AN B S 28 T, it R IE R IR AR
YE B i PE R B 9 o — BobE, — SRt P 5Ol
11 DolphinDB™" il 11 2 Ffr B 4% 3¢ (two-phase commit,
2PC) P £ WA I & 22 ] (multi version concurrency
control, MVCC) ™" sZ Bt 2 45 1) S +5, B 12 I FH7E
B Y.

SRR Sam NP VR A o &/ T L e g
FEN SR A, SEEE O M L, SRR R
2 FR B R) AL, T B AR A R T S IH AR R
f£. CPU MWL ELGEIR. Oy 138 N ZRBE, — i) 7
B PR AR AL T AE 20 S A9 B8 W) 2 D BE, W0 InfluxDB
(937 2% %0 48 & il (edge data replication) ™", 145 — £ %y
Fo 43 R 3 25755 A5 00 B 5 1 TR 1) 300 2% BR S AUE K 1)
Ak PP 5405 P, 4 EdgeDB™.

i Rl R A 22 R s By =X, O [R) Y e I A
JE 2R YT AN [R) 08 BSCHIE 235 4, B O I B 00 R S0
FH ARk 7 s, oo 26 H Y 02 52 91 & 7 ka5
P URMICAE 3R &2 2% A o). B B0 R 5 AR L, 5 A
B 1 R e T ORI R, 2 R T B
J2E Al P 0T 5 %8 A 18 TR 9 20 U 1) BHE S5 4, LSM-
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tree™ J& I 7 B4 A7 it v S5 w0 0 B0 A5, e
23 W R RATE S TEA A 4 LSM-tree. 7F B 7 204
o, RE R E B RS, TR — AR R SRR
WM DGR B ik s by, BB MAERA 24 DX
BF ] 5 20 B e B R 5, SR 2 4k I AR R A iR 2) X
BN B SO 0 B e B R g1 DA e o SO R
(9 g S ECHE . 38 R T, i) A TR i R G 2
PR B AE AE Y, X 48 SO vh B8 1 R 51 25 43 B
B A TRIRAETEWE B b Bl G B 8] 7P 30 o0 £ 4 1 38
SERAENAF T B R 51 R/ 2 2RI S i, A iR
S AR NG QN AR v A5 M A B IS [R] Y 1) o0 B g 2 I A
I P25 S i T B — 1> DG B[R] R Sy S 0 v B ) A2
A i), AT ZEXS SO A IR RO R 51 R BT R
e LR 22 A SO B HE R R S AHT B9 S A,
e SO v R TE A, B A RO R
BB A (4 b V0 S EAZ R R F15 jiok,
B THOR 23 7" H 5 ) 7 G0 BUHE 4% A ki, 36 AT RE AT
KA AN G, UG 50 SSD FH A AR, ik ok AR
TR & 28 18 kg sf e B8040 P2 A v 11 o S [
23 BEHEEDHNEESEN

BF e B5CHI P2 PN BB AT T 22 P A 45 A 4 B B TR
J¥ 51 s AR e B AS TR Y s 25 R A S T
PR s, A AT AR — A Bl 25 4 2 B UL 1, B Ty Ao
PEAE T Z2 A4k J7 i, TRl BE A AR , i 26 45 4
S5 TE G BN BCHE A A n R FE AR, JR
T Je AR S R A7 i A0 BT B R L, RS A 43— LE i
J7 08 P e FH 3 B S

i H 00, LA B 5% (hard disk drive, HDD)"™
TE B 7 B8 A7 A v o 4 32 B M 47, HDD H 6 Sk | A
RSN, TR TAREI B R 25 U 4B LT 7% 0
1o R, WSk T LAY B R R AR 1 8, FE R
S A B AT A TN R R, DR O R
53 B 45 F RN AL A0 BT X HDD 1 3 26 4 3 4R M
117 Ak, 38 2 00 55 A e B0 R O g A
AE. SR, 25 T N7 (flash) 452 A 19 [8] 25 8 4% (solid state
drive, SSD) f4 4/ # B ke B A8 BT, A4l o0 B 2 TF AR K
T P foff P [ 2 8 4%, SSD 5% 42 p 2 A4S A, ¥
AR A, 785 B AR BT U A AL 4 Y
R 3, R B U ) AR O 50U, B Bs IR A7 Ak B RE
17, H SSD HLA A B 14 A i ALY, B, R 24K
I (1] HDD #9446 77 15 9 A& H T SSD. Bk 1 SSD,
5 % M 1 47 (non-volatile memory, NVM) ™ $ A i
PR A7 i 2R e 48 1B B9 2K, NVM AE 45 J5 8080
ALK, BAF T T 54k (byte-addressable ) 45 4 ,

F7-fifi % 2 L DRAM B 55, A L SSD, 3525 SiE 3R [ {1 2]
17100, 45 FEHE TG 1 5~10 £5 5, 3 20 K 4 ff 5 NVM
AR SSD YA e £

AE At 2 500 T 0 DR, B I R A AR
UL BA At 2 1) [ A b e R e T 808 AR
AEAT 5 BB B8 B I Bt S5 4. S T 38 43 ) R G 4 It
75 (AR L, BSCHE PR3 R FH 2247 (cache) BEAR, 75 32
WAE(RAM) Hh B2 2 B9 8Hle , SR 5 b5 A G %
2 VA 3 AR B 53 2 ) 3k DR A 0 S A KA B[]
7 91 0 R S A5 TR 0 8 SCE b, b BY B 1O
VE. I PP 5080 PR A AR At v, A — B pl ) iz 4
BOECHR 454 . H B 45 A I H (log structured merge tree,
LSM-tree) ", LSM-tree & — Ff 41 %t 5 A % 4 &I T4k
UIE R € TR R | B SR NN A €/ PN
L BE O R AR 3 5, K280 BE A T
LSM-tree, Jf- £t XF B 77 B0 40 i) 4 sk R T T AR 20046 07
. TE 44 LSM-tree Z HT F AT S5/ 44 ) R
AR 1 Bk g (filter) .
2.3.1 JERUR B A if) o g g

T RY B3 A IA) 3 38 7% (approximate membership
query filter, AMQ-Filter) H] T~ # fi 35 — 4~ ST R 7 —
A RIBAGEE A L EAEAE, WD AL ER) 1O e,
AMQ-Filters 7] DL #5 Bl g /> 132 il K . AMQ-Filters A —
AN HBURR S, B 0] B 2 B0 PH 1 (false positives), {H
N2 S 5B BH M (false negatives) . 5 FH % 2 48 24 0T
REATEEG T, ARE RN H; RO RRBES T
FETETCR I, AR A AR

A1 B 3 1k %% (Bloom filter) ™! J2: 55 % UL 14 30 1) i
B b UE A%, B — A m 0 09 LU R B RN kA A
ORI BRI, A I A bR EIORE T R W B R Y — A
O, W% AL B FERR AL B LA IR B R S
FIAT kA A PR, A L AR 502 b BT AT 1 6 Ao
ERBE VL A 1, AR 2R 0] B A I 8 A% R TR A
25 (] R ) S 22 TR AR, 38 0 L R 5 20 %) o B RN s
Aoy PRER I B AT DA R AR5 AR HX s TR 2 1
AEAE 23 ). — LI PP B0 P (o A B ok 8 44 o 3 A
VAR 5% SC AR 2 75 A7 76 48 8 B P I 8kl el R o 22
MY RERE VO. BR T A Bl UE A, I A — 285 WL 1Y AMQ-
Filters, U cuckoo 3 % #§™ Fl xor 3 & #51.
232 HELEH A I

LSM-tree fi 42 HH O’ Neil % A" 7E 1996 4F 4 i,
2 T ) 5 AR R TR B B A5, LS A
PERE AL S 1Y B tree/B+ tree LA K At AR 7Y 45 #4) 5 4,
Bz N PR RS E R Girh . LSM-tree 1400 JEUVAE /2
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/N Bl AL S B 46 i K B 5, 38 43 1) FH G 455 It
¥ 5 B AL #. 2011 4 Google JF 5 1 4 T LSM-tree 4
KV 84 JE LevelDB™, 4t )y T LSM-tree 7 ¥ 4fi 2 4t
S, AN 1 R

LSM-tree Hf 3 #5320 hiL:

DS H & (write ahead log, WAL). LB I A
XBBIREABEXH T, HTRERHEEREMN
B A .

2) N A7 3 (memtable) . 434 7] 48 P 77 %% (mutable
memtable) Fl A 7] 28 N £F #% (immutable memtable), 2
LSM-tree 1 PN FEAR 1, W] DL & M 7y % (Hash table), 1,
AT DU HAB 22 473K, LevelDB i FH Bk 2 (skip list) ™)
VE A memtable Ft) B 25 F4) .

3)HE 7 4F BB 3 (sorted string table, sstable) KV
B 5 AAAE A B SO 2, 134 sstable (7% T —
21 H8E X (key-value pair) , % 8 key B9 5 ML 7 HE 7,
SOV R R (]

AT St BT IWUT 43 T LSM-tree 1) 2418 1%
ot

DB A S, B4 KV 8E LB ey Jr =X
5\ WAL, WAL 25 (R 3E £ 1 RF v A —SorE, 78
BRI WY B, WAL W BB S S AR,

2) 85 A WAL J, AH [R5 B0 8% # S AT
AR NAFE R, RN AR e KV Bl R A7 X, ke T
NBERLE .

3) M AR N AE R 0 K/ INE B A, 4578 A
AIAR N A7 2%, R BBI) H — A Y AT AR N A 3R G2 AR
B 1 B

4) M AT AR AR AE UG, e R R A AL
it ¥ BE key 097 MUY HEY , SR8 )5 4 HEF IS 19 KV 4L
it LAES A B i 08 =007 5 A A sstable S, 24 3C

-k

(a) LSM-tree

PRI A B, 8 5 P SO, TR) BB A — A
[ sstable SCIF4k2EE A

5) B )Z G (level) H B Y4 — & K/INHY sstable
SCAE, XA K/INBE A T2 90 00 35 i 5 48 2o, 51 4n,
LevelDB 7£ R DI O T B 38 4 PR 7 e 5 7 10 £ 797K
S22 [A] PO, H AN ] AR AT R B £ Y sstable SCAAR
T level-0, HH T &L T A, level-0 7 sstable SC {444
SEPR TG N, AN R SO Z (8] W] REAFAE key YU I S 1Y
15O, X B 23 fi &% & I (compaction) #24E, ¥ 4 /7 )2
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Fig. 2 Four types of storage architecture diagram of time series database
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Table 3 Classification and Comparison of Storage Architectures for Time Series Databases
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Table 4 Overview of Key Technologies of Time Series Databases
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Fig.7 Data shard group and lifecycle management™
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Table 5 Comparison of Benchmark for Time Series Databases
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