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Abstract

Missing value imputation in time-series data is an essential preprocessing step for ensuring the reliability of data analysis.
However, existing interpolation methods exhibit significant variations in restoration performance depending on data characteristics,
and it remains difficult to determine the optimal method in advance. To alleviate this method selection dependency, this paper
proposes INSI (Interpolation-independent Neighbor Smoothing Imputation), a post-processing interpolation algorithm based on
iterative neighbor smoothing that can be applied independently of the underlying interpolation method. The proposed algorithm
iteratively applies distance-based weighted averaging of neighboring values around missing time points to the initial imputed values
generated by an arbitrary interpolation method, thereby producing the final imputed values. Furthermore, it is mathematically
proven that the algorithm converges to a unique value regardless of the initial imputed values. For performance evaluation,
experiments were conducted on the NAB dataset using linear interpolation, KNN, ARIMA, BRITS, and SAITS as base
interpolation methods, and the restoration performance was compared with that of each standalone method. Experimental results
demonstrate that the proposed algorithm improves MAE and RMSE by approximately 68% on average compared to the standalone
methods, and converges to stable values irrespective of the base interpolation method employed.
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Algorithm 1 Proposed Iterative Neighbor Smoothing Algorithm for Time-Series Imputation
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Table 1. Comparison of interpolation performance according to random missing rates and window sizes on the occupancy_t4013

dataset
ff;;sl‘;% Linear Linear+INSI KNN KNN-INSI ARIMA ARIMA+INSI BRITS BRITS+ISNI SAITS SAITS+INSI
6
Window 2 4 6 - 2 4 6 - 2 4 6 - 2 4 6 - 2 4 6
Size
10 271 251 254 250 250 251 254 250 274 251 254 250 568 251 254 250 397 251 254 250

MAE 30 2.79 256 245 242 247 256 245 242 2.63 256 245 242 5.15 256 245 242 4.85 256 245 242

50 2.96 282 270 2.64 284 282 270 2.64 3.01 282 270  2.64 5.12 282 270  2.64 4.10 282 270  2.64

10 3.40 319 339 339 325 319 339 339 3.72 319 339 339 7.78 319 339 339 6.01 319 339 339

RMSE 30 3.69 333 325 325 327 333 325 325 3.75 333 325 325 6.91 333 325 325 6.60 333 325 325

50 432 411 390 3.84 431 411 390 384 4.72 411 390 3.84 7.20 411 390 3.84 6.03 4.11 390 3.84
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Table 2. Comparison of interpolation performance according to random missing rates and window sizes on the Ambient temperature

system failure dataset
MSIE i Lneedv KN KNGNSI  ARMA  ARMAINSI  BRTS  BRTSOSNL  SANS  SAITSHINS

10 0.64 0.61 0.63 0.69 0.62 0.61 0.63 0.69 0.86 0.61 0.63 0.69 61.91 0.61 0.63 0.69 51.37 0.61 0.63 0.69

MAE 30 0.61 0.60 0.65 0.74 0.71 0.60 0.65 0.74 0.91 0.60 0.65 0.74 62.62 0.60 0.65 0.74 49.65 0.60 0.65 0.74

50 0.67 066 073 085 08 0.66 0.73 085 1.06 066 073 085 6065 066 073 0.85 49.85 0.66 0.73 0.85

10 0.77 0.75 0.80 0.88 0.76 0.75 0.80 0.88 1.12 0.75 0.80 0.88 62.02 0.75 0.80 0.88 51.48 0.75 0.80 0.88

RMSE 30 0.75 0.75 0.83 0.95 0.89 0.75 0.83 0.95 1.16 0.75 0.83 0.95 62.72 0.75 0.83 0.95 49.77 0.75 0.83 0.95

50 0.85 0.85 0.95 1.11 1.10 0.85 0.95 1.11 1.35 0.85 0.95 1.11 60.76 0.85 0.95 1.11 49.97 0.85 0.95 1.11
< 5498 F d5S vgith Al FZ HS9 o] ek vk E A4 L Hlo|E 9 WS}
Ambient temperature system failure H o] EJA A= RS R3] uleirbr] oga, vl 2 X UAA H2 HY
occupancy_t40133= ZJol st Axr}t Yeltt &g o] £ R s 34 jist A HEskE o 54 dE
He F449 #go] vEdoz Yehtes FAd ¢+ o] Askd 4 Uk A A, & 3004 AT F %ol
FRA FA S s B ke XFetL oo, A5 7 AWA R k7t AAFE o 73 54 A5 Uege
A Al B W99 HEE WYt AET A5 A ™, 53] k=4Y wl, & A v &M 7P gA= I ok
TR H4 HEE BESe o] Ttk A% 4 A AFE Bk ol &2 siES 7171 ol el
3204 AT ¢ QlRo] Q=S A7) k=204 At A U dolE o] Wt s B e Ade A7)

drEFo] 53 S Ao, kel S/HETE & o] A& AAse Zlo] F8FS oJv]eit;

Azkol HAEsHA F&stelo] 5ol A=At o= = THIH, ke AT drgFe] Aes et stold
LA R FA HelE Xl HolHoAE des 2 gglelgl o]tk o] A¢ GaelFe] S AF T o] %
7le] Wt 59 Aol A g2 F A5 A, BES 7t Hagg MEHO R WS R g ko] FEg
wEbA] ol g Aol F AR A 719 Y9 5 200 JH wgeA jestal, kakol ARTSE
T AR Aol o ARES ovgith W 7o JRE Wredaty] wiolth whEba] AlQb gL
speed 6005 HoTEIAlS Zho] ®ishF A0 B3 HE g5o] gt 71E B /HEY e e RS
o] BHEA 0 2 Ueht= 54 7L o, A5 77 B9 A oy, dlolg o] EAo| wpet A-e A% A7) k

¥ 3. speed_6005 H|O|E{Ale] 2Ek
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Table 3. Comparison of interpolation performance according to random missing rates

=l hml
and window sizes on the speed_6005 dataset

Missing

Reteoy, Liner Linear+INSI KNN KNN+INSI ARIMA ARIMA+INSI BRITS BRITS+ISNI SAITS SAITS+INSI
Wis‘}::w 2 4 6 2 4 6 2 4 6 2 4 6 2 4 6

10 637 614 608 601 G618 614 608 601 585 614 608 6Ol 7996 614 608 601 7285 614 608 601

MAE 30 656 631 629 628 647 631 629 628 691 631 629 628 7937 631 629 628 7355 631 629 628
50 687 652 637 643 682 653 637 643 762 652 637 643 7954 663 638 643 7470 662 638 643
10 800 783 7.68 7.60 794 783 768 760 7.33 783 7.68 760 8046 783 7.68 7.60 7340 783 7.68 7.60

RMSE 30 846 807 796 791 811 807 796 791 864 807 796 791 7989 807 796 791 74ll 807 796 791
50 887 839 810 812 852 839 810 812 1067 839 810 812 8008 851 811 812 7526 849 811 812
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£ AAsk= Aol Fastth $h4, BRITSSF SAITSS 242 gl 5 J5S Btk & 4~59] Ambient temper-
9 718 BZF 7PH S 2 AFollA dAnbHo s B2 & ature_system _ failure, speed 6005 BloJEAl = BE 2
4SS Bet, ole & AFolA ARES HlolE 7t & Z v golA 7Hg W MAES 715319121, RMSE 94|
W AAG wloleoln, St doH 9] & gk FE3HA| 2o F2bell A 7 AV AY Bk Fdd £
ol g Edo] EZs AAE +2E FHHOZ g A5 YeERATE WA, 3 69 occupancy t40130 4= &
F37] A7) WEo® FA T 7 AZ ¥ &4 KNNo| T 52 MAEE 7]|53191S
At dielF AA 5 Ase A1, RMSE
3. FAQ| M X732k 718 Y 27F A NEORE ] AS v EdA M 4T 59 A
& Btk olgg Ax= At daEFol 2713k AF
B oA A gaEFel 71E B 71 e £ of A g vA ¢kom, MZ tE EAL A& HolH
Ao AR B3, AF P9 2713k FA9] AT AL kA F e B AL U 4 9SS ou]dit)
AR Aol v B duegow 488 3 ek, AQ d7e|Z 7= 17 7)Y ExE] g2
EAE AT o8 S8 74 delHAle] A5 73 27] SRR 2, 27150l thek AL AR} 2RER] e
W 3G diolElAle] H&akath UGk Atele] oo A A HE v 7k dveEo g &89 4 9ok )
THER AT T, AG LAY ES AL B AT A9 A7 M E A¥ B 2 KNNED A 49
o A A7k SAEE AF A FA9 g 271% th # 4~60] e 1ol 7o) ARIMA, BRITS, SAITS|
S AHES A9 E A EAaEEFS BE dolHAMA Hste] HAE B 48 A|7FS Btk o= ot &

¥ 4. Ambient temperature system failure G[O|E{AlS] At HE 2 27 A2 AjZif IfE Ms H|w

Table 4. Comparison of Performance According to the Random Missing Rate and Imputation Time on the Ambient temperature
system failure Dataset

A=
=7

MAE RMSE Time(s)

Missff,‘/f)“‘e 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
Linear 0.63 0.61 0.60 0.61 0.66 0.77 0.74 0.75 0.77 0.84 0.0004 0.0004 0.0005 0.0004 0.0004
KNN 0.61 0.66 0.70 0.76 0.85 0.76 0.84 0.89 0.97 1.10 0.0016 0.0030 0.0045 0.0061 0.0078
ARIMA 0.85 0.86 0.91 0.96 1.05 1.11 1.09 1.16 1.26 1.35 0.3259 0.5270 0.9715 1.0245 0.5259
BRITS 60.37 61.27 60.03 62.70 62.50 60.49 61.37 60.15 62.80 62.60 233672 224708 21.5117 19.4754 25.0951
SAITS 57.52 57.09 56.70 54.50 52.14 57.63 57.19 56.80 54.61 52.25 3.2145 2.0340 1.9760 1.9810 1.9645
INSI 0.60 0.59 0.59 0.61 0.66 0.74 0.74 0.75 0.77 0.84 0.0289 0.0916 0.1362 0.1800 0.2269

I 5. speed_6005 C|O[E{AI2| 2&t9| A= H|g I H7t AQ AlZH| M2 M5 H|

Table 5. Comparison of Performance According to the Random Missing Rate and Imputation Time on the speed 6005 Dataset

MAE RMSE Time(s)
Miss(‘f,‘/f)“‘e 10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
Linear 636 633 655 664 686 | 799 819 846 851 8.86 | 0.0004 0.0004 0.0004  0.0004  0.0004
KNN 618 614 647 660 681 7.93 7.75 8.1 826 852 | 0.0010 00019 00028 0.0038  0.0048
ARIMA | 585 649 690 706 7.6l 732 807 864 891 1067 | 05876 05240 05723 07242 0.4236
BRITS | 80.02  8L19 7895  79.04 7899 | 8053 8163  79.48  79.57 7953 | 121563 93717 9.2223 104026 9.8940
SAITS | 7829 7637 7611  77.06 7589 | 7881 7684 7665  77.60 7645 | 15264 09466 1.0059 09419 09704
INSI 613 603 630 642 657 | 782 773 807 817 843 | 00191 00401 0.0819  0.1095  0.1349
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Table 6. Comparison of Performance According to the Random Missing Rate and Imputation Time on the occupancy_t4013 Dataset

RANNR A |

=] im]

MAE RMSE Time(s)

MiseRae |10 20 30 40 50 10 20 30 40 50 10 20 30 40 50
Linear 2.70 2.66 2.79 2.74 295 3.39 3.56 3.69 3.85 431 0.0004 0.0004 0.0004 0.0004 0.0004
KNN 2.50 2.45 2.46 2.53 2.84 3.24 3.29 3.27 3.53 4.30 0.0008 0.0018 0.0026 0.0035 0.0045
ARIMA 2.74 2.67 2.62 2.72 3.01 371 3.78 3.75 4.03 4.72 0.5851 0.4914 0.6482 0.5565 0.4438
BRITS 5.05 535 5.29 5.70 5.93 7.17 7.43 7.07 7.44 7.93 11.6001  9.2903  10.1209 10.4881  9.4693
SAITS 4.99 4.38 4.01 4.44 4.75 7.08 6.41 5.64 6.10 6.75 0.9810 0.9794 1.1479 1.3850 1.2927
INSI 2.50 2.51 2.55 2.56 2.82 3.19 3.29 3.32 3.49 4.10 0.0170 0.0524 0.0767 0.1369 0.1262

50% MAE per INSI Iteration(window size=2)

50% MAE per INSI Iteration(window size=2)

—— Linear+INs (final=2.8232)
KNN-+INSI (final=2.8232)
—— ARIMA+INSI (final=2.8232)
—— BRITS+INSI (final=2.8235)
+— SAITSHINSI (final=2.8234)
—— Constant + INS (final=2.8231)

2
=

Normalized MAE

:

Normalized MAE

—e— Linear+INS! (final=6.5233)
KNN+INS! (final=6.5279)
—— ARIMA+INSI (final=6.5247)

—— BRITS+INSI

<+~ SAITS+INS! (final=6.6220)
—e— Constant + INS (final=6.5763)

] 5 o
Iteration (0 = initial imputation)

(a) occupancy_t4013 (k=2)

T 3. HI0|E{E iterationd]| M2 =8 2R} B}
Fig. 3. Changes in restoration error with iteration by dataset
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