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[Abstract]

This study compares traditional interpolation methods (Linear, Spline, KNN, Kalman) and lightweight
deep learning models (LSTM-AE, Masked-AE, TCN-Lite) under identical conditions, and verifies
real-time applicability on a Raspberry Pi 5 edge device via ONNX inference. For l-minute-interval
multivariate sensors (temperature, humidity, CO» , soil moisture, EC, solar irradiance, irrigation, yield),
we constructed a benchmark by injecting 5% point-wise missingness, 2% six-minute block missingness,
Gaussian noise (0 = 0.05), and drift (+5%). Consequently, the deep-learning group outperformed the
traditional methods with reduced RMSE/MAE and improved R?> and SNR/PSNR, with TCN-Lite
achieving the best performance at approximately R* =~ 0.874. In edge experiments, both LSTM-AE and
TCN-Lite showed < 2% performance loss compared to PC runs, demonstrating feasibility for real-time
reconstruction. This study presents (i) a single pipeline that spans traditional methods—lightweight deep
learning-edge deployment, (ii) a multi-dimensional metric framework that evaluates accuracy and

efficiency together, and (iii) design guidelines for practical field deployment.

» Key words: Time-Series Restoration, ONNX Inference, Edge Computing, Mode Lightweighting

(2 <]

2 A= HFA B (Linear, Spline, KNN, Kalman)?} 7% % eJd(LSTM-AE, Masked-AE,

TON-Li)& 9 24914 wasta, ehzulestols 71wk Qo) ONNX FEO.Z A7 4§
FeAE BT 18 A AT AIEEFECO, EHLEC AN A U

g3l A A 5%, 61 55 A3 2%, 7HAIRE Fa(0=0.05), EBZEES%E TY MAnaE
TAEAt AvH o Hedito]l AEW thH] RMSEMAE 749} R?, SNR/PSNR A4S H S
o, 53] TCN-Litetw R~0.874% 7}¢ -3tk A AFA LSTM-AE®} TCN-Lite 2+ PC

24 < 2% AN B PeAS 9T B AT () AEN-AF geld-
2 v gd mhelzael, (i) =t a8 I Hrkste vhd A X AA, Gi) 88 98
gk AA AHE A ST

» FAHO: AAZ S, ONNX &, AZ| 4R, 22 3Tt

o >

* First Author: Maengsu Kim, Corresponding Author: Hyun Sim
*Maengsu Kim (msk0211@hanmail.net), Dept. of Smart Agriculture, Sunchon National University
*xHyun Sim (simhyun@scnu.ac.kr), Dept. of Smart Agriculture, Sunchon National University

* Received: 2025. 11. 04, Revised: 2025. 11. 21, Accepted: 2025. 11. 26.

Copyright © 2025 The Korea Society of Computer and Information
http://www.ksci.re.kr pISSN:1598-849X | eISSN:2383-9945



148 Journal of The Korea Society of Computer and Information

I. Introduction
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II. Related research

2.1 Traditional interpolation and filtering
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2.2 Deep learning-based restoration
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2.3 Edge Arrangement and Spiriting
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III. Method of research
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3.1 Dataset & Missing/noise simulation
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3.2 Baseline Traditional Interpolation
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3.3 Deep learning model applied in the study
2 APoME AR Bt 7R S =5 s ¢
oiiA] AUFER AJAIG AlA ElolEfo] EATe vy S/t
A7 &5 Yrgstal Edge deviceo Ao L3S S5l
Betd "eld 79 5 2HS AEsit B B
U3t Ho[EAlS 7|vtog St 9 HUHE AISEstRitt
LSTM-AEE Q138 -43iH 29| &8 Ao,
AAGE TGN AR s7te2 YEskL, HAH A
Ue) AAEE BYsh YA 02 PP LSTM e
Zgsio] AEY B-07] GES Ao slgion]
7] F29 TPCAE 2292 Hgslol o AL
2ty 51gct TCN-Lite= dilated convolution 7]gre] gt
Aa AdTer, 8 225 s 52 dit aeS =
o] Az Jxoltt. Residual Blocky Depthwise
Separable Convolution2 ZAglsto] AN  oj2io]g
2 z90o0, causal paddingS A&sf] Al A4S B
5t E35T Group Normalizationy} Dropout2 E5j
t ob M-S stH It MAE(Masked Autoencoder)
Q2 AIEe] AR 7S UhAE 5 Bt
= vAedy dig-giyg a2 AAEQ
Depthwise Separable Convolution2 &85 mj2}o]g

42 Alastlglon], 0jAa Yug 285} A5 T2 5

ol U YR DY

ol



150 Journal of The Korea Society of Computer and Information

st 7)9t Ql3g-tjag
, 7]H} wa 7k 111 MAE: OfA
3 AXF "R = —Tbi HAAE0], Mz o2 1xd A
22 B3 25 =59 PAE shastes el

3.4 Model lightweight and edge application
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3.5 Quantitative Evaluation Metrics
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(2) Signal Quality Indicators
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(3) Trend Reproducibility Indicators
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(4) Edge Evaluation Metrics
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IV. The results of a study

4.1 Comparison of traditional interpolation
performance evaluation
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RMSE+= 0.843, MAE= 0.707, R*= 0.829(Table 1)2 2
3} Zro] uehgch AAEas Soil ECRMSE 0.933, R?
0.131)2} Soil Moisture(RMSE 0.931, R? 0.132) & &X
G} Al Wt Zo| @ie WaolNE Arjroe B
2 QX5 HYtt 9HH CO. Level(RMSE 0.931, MAPE
186.47%), Solar Radiation(RMSE 0.932, MAPE
183.27%), Crop YieldRMSE 0.932, MAPE 192.09%) <
BEo] 2 AMolHE AP} 37 2716191 Sa) Sol
Temperature®] MAPE= 291.13%=2 71AF =A] UERIT
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Table 1. Baseline Model Performance

MSPE SNR PSNR

Model | RMSE MSE %) (dB) (dB) R2
Linear | 0.912 | 0.756 | 8.20 8.84 12.01 0.794
Spline | 0.935 | 0.772 | 8.53 8.56 11.80 0.785
KNN 0.825 | 0.691 7.23 9.50 12.77 0.839
Kalman | 0.843 | 0.707 | 7.65 9.32 12.48 0.829
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Baseline Interpolation Model Performance (Average Metrics)

Normalized Metric Value

KNN Kalman Linear Spline
Model

Fig. 1. Baseline Performance Evaluation

4.2 Performance Evaluation Results of Deep
Learning Models

2 Aol ADfE F AVIE AN dlolele] 25 29
2 5] Al 7F] B3 7|9 22 TCN-Lite, LSTM-AE,
MAE)S #slsty HMEA B7F 7|¥H(Kalman, Linear,
Spline, KNN5)#t 5 455 Hlu H7I5IA

Table 2. Deep Learning Model Performance

MSPE | SNR | PSNR
Model RMSE | MSE (%) (dB) (dB) R2
LSTM-AE | 0.714 | 0.622 | 6.11 9.81 12.93 | 0.867
Masked-AE | 0.729 | 0.638 | 6.25 9.76 12.88 | 0.861
TCN-Lite | 0.701 | 0.611 | 5.98 | 9.92 13.02 | 0874

TCN-Lite &2 ©+# RMSE= 0.701, MAE= 0.611,
MAPE:= 5.98%, SNR2 9.92 dB, PSNR2 13.02 dB, R?
= 0.874(Table 2)=2 UEITE o]= LSTM-AE 2&(R?* =
0.867)3 QAT 220 Be HAEES HolBAE Ay
Q1 QA AIZ(RMSE, MAEPH o Yol 291 E7lo] 35 3
A= ZAuto|tt, £33 Masked-AE 2E(R* = 0.861)0]] sl
A 24T 27 A5 HNE 943 H5e B3O
0 Kalman, Linear, Spline, KNN 5 X-&A4 ©7F 2t of
B BE B0l £ Hel JHES SA|S AAE
2 A YN Soil Moisture(RMSE 1.58, MAE 1.26), Soil
EC(RMSE 1.56, MAE 1.26), Temperature(RMSE 1.41,
MAE 1.14) FEoA 7P F2 QAMS 7155t QP AQl
291 222 B ol 2L APfae] th] A}
7] ZAPE BEste WARM 1A S E Tllo] W
57} Wske g AUepl 2ActeA Q14 ZAS a8

o2 5ot 2= siAdch

Sensor-wise RMSE Comparison among DL Models

Soil Moisture 1.68 158
Soil EC 4 177 1.56

Temperature - 1

55 156 141

w

0n

z

02 Level 2.10 195 156 -17

-16
195 182 1.95
173 165 139

Sensor

Soil Temp

15
Solar Radiation -
-14

I I I
LSTM-AE Masked-AE TCN-Lite

Fig. 2. Deep Learning Model RMSE Performance Heatmap

Fig. 2= A 71x] B2]d ZZ(LSTM-AE, Masked-AE,
TCN-Lite)] AIME RMSEZE AlZtelsh Zitolct. AYHA]
02 TCN-Lite B@o] B & XNXojA 7HF & RMSES
BHOB] LSTM-AE 23 AZPY ojF4o] 2 320
Yooz obgEel %Y AM%e uemich wd
Masked-AE R9E A% 77+ FA02 saats oja
3 XY #29 44 T4 F2o] A @AskE Al
AoA 4 A7l ds= Bt

LSTM-AE(Long_Short-Term Memory AutoEncoder)
DR AARY AT A4 BlHPY A 54
o 2elabr] ¢J5h AAEIoIc 2| BT A5 RMSE
0.714, MAE 0.622, MAPE 6.11%, SNR 9.81 dB, PSNR
12.93 dB, R* 0.867(Table 2)& UET} o]= AEA =
A 7lgF Y 2olo] KNN(R?* = 0.839), Linear(R?
0.794), Spline(R* = 0.785)EC} =2 AXA 4SS HFO
W UG AAIE SHLoA F2d ZHo] a9t U5
k= Autz B 2 olrh, AAj"Ea: Soil EC(R?* 0.697,
RMSE 0.55), Crop Yield(R* 0.626, RMSE 0.61), Water
Usage(R? 0.618, RMSE 0.62) S04l 2 Hetwrt =
et QPgRel 452 Bdlon) oS 38L Hat ol
gtshal AR Tislo] Feh A Hlolel2 LSTMe)
$3 771 AIA ofF WS mwkoz aaE At

u

2 A=t MAE(Masked Autoencoder) 2@& Q1
AAZBY] 47 FHS opAZ(masking)sto] 24 &1t

(latent space)ollA] % Ho|HE EHst= +2F A
g3loict, 2@ m@ RMSE: 0.729, MAE:= 0.638,
MAPE:= 6.25%, SNR- 9.76 dB, PSNR-2 12.88 dB, R
= 0.861(table 2)2 UERITH o]= LSTM-AE R E(R? =
0.867)1} FAIRE 59 59 Agdeg Bom @A} A
E(RMSE, MAE):= ZastA =A yehdoh 3
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e =9 “La Ho| 25 0 349 o 27 HIA
F AAE 5 53E N oR FRgE T 4 3

oot AlAE BA Adt= Soil Temperature(R* 0.721,
RMSE 0.53), Temperature(R* 0.690, RMSE 0.56),
Water Usage(R? 0.694, RMSE 0.55) &2 oA 714 =2
2o Mgtz 2 Walr},

ol F=2 Wishao] Yulsta ARA F7)do] &£
st Al 24 Masked-AE9Q] 0fA T Q1X]3(mask-aware)
A7} A%o] WR ol WFRO2 ABekAN £
¥ 85 7300 2 Aug awkoz B8 Auz 5
Asict

Sensor-wise R2 Across Deep Learning Models LSTM-AE
Humidity TCN-Lite

Soil_Moigture,

=2.5-2.0+1.5 -1.0 =0.5 0.0} &Bp [evel

Soil_Tempdrature

Wagér_Usage

Temperature

Fig. 3. Deep Learning Model R? Radar Chart

Fig. 32 LSTM-AE®Q} TCN-Lite R=9] MAE AR
2R*)E vl 2ojef RtEoltt HA|A g LSTM-AE
Lol oo AlMoN o W2 HAS F/dste =2
R® 3t2 B9tk o LSTM 747} ARMA o]E4o] 7]
RS et 2] A@A] tolck. ¥l TCN-Lite
232 Crop Yield ¥ CO: Level & HE/do] 2 AlA 9
A ddRlor 245t e BT kA LSTM-AE
+ 71 FA 590, TCN-Litex= @7] miEl SHof 7
= 7KW & 2Ho] HbN E/4jo] &ole.

4.3 Model lightweight and edge inference results
B Ao Ao £ ded s 9 el
(LSTM-AE, TCN-Lite)2] AlF| olIx] Tk &74ofja{o] Al
ARE A} ks ATt A 584 AEeh] Ystol ekx
Hg] mto] 5 (CPU: ARM Cortex-A76 2.4GHz X 4,
RAM: 8GB / INA219 1= SUEE AlA) gHgofA
ONNX(Open Neural Network Exchange) 78t &2 Al

ol
-

|-|:| J
Q >E= x>

238519ict @& el pyTorch $HA0)A]
orch.onnx.export() 3¢S o]8sto] ONNX
#3519 00 onnxruntime(1.17.3) XS E3]
718F AXZE 225 o851l

lo rift

W (J\r user@raspberrypi,~ @ * Tl 19:46
user(@raspberrypi: ~ v oA X

File Edit Tabs Help

Wasteb"

Fig. 4. Raspberry Pi5 Specifications

(1) Inference Quality Comparison

2tzd|2] mols 79k SIX] oA LSTM-AE 3
TCN-Lite 2@9] 2 =AS RMSE, MAE, MAPE,
SNR, PSNR, R* 59 H7IA|mg vlusiitt. 1 Ante
LSTM-AE 232 =4 RMSE 0.703, MAE 0.612, MAPE
6.04%, SNR 9.89 dB, PSNR 12.96 dB, R* 0.868(Table
3)2 7]1E519 o TCN-Lite 222 RMSE 0.697, MAE
0.607, MAPE 5.98%, SNR 9.94 dB, PSNR 13.01 dB, R?
0.872(Table 3)2 UERITH & 2@ @& sk 37(PC)
tid] ds S48l 2% vjtte s FAE|Qlon SIx] oY
A= FAQl Bl &AS Hett E3| TCN-Litex
RMSE®QF MAEZ} LSTM-AE tfs] 2+72+ oF 0.8%, 0.9% 2
Al e 29 QAP 42 71451900] SNR U PSNR
A& E3F 22 +0.05 dB, +0.05 dB 4445sto] Al 2H
0] g Aoz FAEIY. ol &8 1ARNN
g5 719re] TCN #25 Agder

—

= o2 d
A =2 9] =R 9 XHpropagation error)S g™
o od Adte s|MsEich AAE B4 A Sol

Moisture, Temperature, Humidity &=ZofjA= = 2d
D& oMgARl BY A2 Eon 53] LSTM-AEE
Soil EC(R? 0.697)2}F Crop Yield(R? 0.626)001A =2 &
¥ BEES Btk

Table 3. Edge Model Performance

MSPE | SNR PSNR
Model | RMSE | MSE (%) (dB) (dB) R2
LSTM-AE | 0.703 | 0.612 | 6.042 | 9.89 12.96 | 0869
TCN-Lite | 0.697 | 0.607 | 5.978 | 9.94 13.01 0872
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Dual-Axis Comparison of Accuracy (R?) and Error (RMSE)

2

/

//

LSTM-AE

TCN-Lite
Model

RMSE (4)  —o= R (1)

Fig. 5. RMSE, R? Indicators by Edge Device Model

Fig. 5= 2fz=#j2jmols &7doj F =eio] RMSES}
R* A|E2 ulwgt Zn2 HojZxch TCN-Lite 2Ee
LSTM-AE®T} RMSE7} ©f Wi R%7} o] =7 Ueh], ©

At A REEI} 2eS B 4 9k

(2) Resource Usage Efficiency Analysis

Ax] FA0INe] B G gAS Wke] 9l 7t we
o CPU AME-E, tlwe] dr& Bt 52 AlRNlatency)
2 =R5ioict 1 AT LSTM-AE 292 53 CPU A}
25 396.9%, HEs] Mo 149.4MB, Hdd =2 A7t
183%x2 UeRion] TCN-Lite ZHe CPU AMEE
397.8%, W 22] H-9-& 158.8MB, B4 =2 A7t 18.9%
2 24599} £ »el we alxua) mo] 5] 430]
(ARM Cortex-A76, 2.4GHz)S XY 28510 HE HAF
Aol Fel= AUk FB AR £ 29 BE 205
ojgre 2 132 @9 dolf 4 7|E AARE SHo &
g &2 B ol B HEetel Y & Xt
Sl SIA] T S0 e 1gE Hdo] Thsde A
07 Hojre Aot} o] LSTM-AE: eHgAQl
AIAE S0l Agstal TCN-Lite= AAIRE 2|7t

doA ag 5o APt B2 AE2E 4

$O nE o oy mju
o N A
rot
rok
B

fujo
P
i)
i)

CPU Utization by Nodel
oW i1l pi1t]

Memary Usage by Model Average nference Latency by Model

15 i1 2
1494

138

a P BWE L mAE o

Fig. 6. Comparison of edge inference efficiency
between the LSTM—-AE and TCN-Lite models.

Fig. 62 LSTM-AE®Q} TCN-Lite 29| fx] &7
£ 539 ulud Ailolth. £ 29 25 CPU AHEE
397%, t9e] H6-g 150MB U], BF FE A7 20
ujgho SAeic,

1S e

(3) Analysis of Model Characteristics by Sensor

MAE RMSE 22 24 23 & 5o 258 4o
o} 2 PHES Rk LSTM-AE 292 A 5
£740] 71 ¥aoflN JoiRlog W2 RMSEQ =2 R* %t
SR E3] SoilMoisture(RMSE=0.739,R?=0.454)
Soil Temperature(RMSE=0.865,R?=0.252), Humidity
(RMSE=0.890, R*= 0.210) S A7]XQl FAQ} ARA ¥
27} TR AN PIHQ B 452 B, o]
LSTM 3:&=7F A7] 9Z&AM(long-term dependency)2
Sh5ot AR A& anbaloz gidsh Antz s
AEch 9k TCN-Lite REle ©7|A o} FAst
ol EAfshe WaolH $4% B9 Paeg By
Solar Radiation(RMSE 1.388, MAE 1.119), Soil
EC(RMSE 1.560, MAE 1.256), Crop Yield(RMSE 1.302,
MAE 1.046) =0 doidez F2 QALs 7|=5t%
1! o]= dilated convolutiong A8t HE shdH xR
7F g2 73 W migl(local pattern)g W27 ZANSHL
HHPA Hleks aifd o skaeh Atz FAE
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Sensor-wise RMSE (bars) and R? (lines): LSTM-AE vs TCN-Lite
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Fig. 7. Comparison of indicators by edge model sensor

Fig. 72 LSTM-AEQ} TCN-Lite 2E O] MA¥ RMSE
oF R* A|&E FAl0] Blwsh ZAutolc}, LSTM-AE: Soil
Moisture®} TemperatureA|®d #7] o]&/do] 2 AlA{o]
Al oAl Mdesg B3, TCN-Lites= CO:. Levelut
Solar Radiation § H-50] 2 AlAojA F2 RMSEQ} =

2 R'g 7|85

V. Conclusions

2 Qe AULE F oA EAsH AIAIE AA
0|80} AZ(Missing) X =0]=(Noise) ZAIE 25}
Holl et 59 7182 Hla-FAshl AARE FE0] 7He
gt A% geid 718t 59 2H2S Aekstadt. V1€ AE
A HZMH(Kalman, Linear, Spline, KNN)a} 3
LSTM-AE, Masked-AE, TCN-Lite 2&-& &390 H
29l A&z (RMSE, MAE, MAPE), ZXI(SNR,
PSNR), Z7(RY 59 A2 S5} HH 02 Bl
Qick. A1EA B2k FolAE KNN 2o] B3 R™=0.839
2 7 =9l wglon wRs
(non-parametric) 7Jgt9] 24X 18 YF(local
pattern)o] g3} 0 g AFE5IQIT) Linear ¥IHH-E AL
o] Hedti He A% oML PRl Bug Bylo
U ulai wat oA AP 571steict. Spline &
2 H&ol(smoothing) vtz HjoJEje] A&/dL 5
E] RS 543§} oA QAP AR AL Kalman 2
Bl ©7] BEoole fashd 714 vlAd FA4] 590
+ HAPE A olof sk Fefd 7¥F 252 sk 7

UHe] 22 83l AAIE TofEfe] ARPY 2ot o ofF

rir

)Y

A%

OoFX] Al 0] Mo
- O 1w oo =2

i}

¥ YRR o sagtoen B9 Heteel Als B 5
oM =2 7idES B0 LSTM-AE 282 AT
OJF132 S0 Btstol B MM HES FUS
Z2=Es19ony HFd  RMSE=0.714, MAE=0.622,
MAPE=6.11%, SNR=9.81 dB, PSNR=12.93 dB, R*=0.867
2 =2 22U AE=E 23t Masked-AE 282 4
AAIEY] PRE ofA7](masking)sto] 25 SHIA 25
e BYUSHE La 2 Hok RMSE=0.729, MAE=0.638,
MAPE=6.25%, SNR=9.76 dB, PSNR=12.88 dB, R*=0.861
2 ARl dee YRS E3F TCN-Lite 2382
dilated convolution 7]gre] 83 4 JLx 2 A Lsto
A A gt AEEY wYS SIS Bt
RMSE=0.701, MAE=0.611, MAPE=5.98%, SNR=9.92 dB,
PSNR=13.02 dB, R*=0.874%2 7V} =2 2 =418 2%
r}. 2}=Hj|g] ofo] 5(Raspberry Pi 5, ARM Cortex-A76,
8GB RAM) 718t} Slix] 2bg AgojM e & 2 Bf o<
&7 o] 5 SAEC] 2% vtz RAIE It SIA] &
7oA LSTM-AE 24e 3 RMSE=0.703, MAE=0.612,
MAPE=6.04%, SNR=9.89 dB, PSNR=12.96 dB, R*=0.868
2 EA-EYonr TCN-Lite 2HL  RMSE=0.697,
MAE=0.607, MAPE=5.98%, SNR=9.94 dB, PSNR=13.01
dB, R*=0.872= UERIT} Hd 22 A|7F2 oF 18% CPU
AFEEE oF 397% URe] HAEL o 150MB 4502 5
Aelof Alghd A AFZ ZEE R] Dol A = HARE

e wu = P

LN
20| JH53 2EYS HASIAL. o] ANE F
1=}

—

—_

= 5
9 AR 7S AR B8 T 7H0) RS 1A
At AAGO] BATE ulg ol 7] olE S U
Sk Ol AP QI BHH g2 7| RS2 sk
o] B3 S (representation learning)2 =5l A
of ARV TAE URIACR sisato A et i
B BRoN PRt 7idE 2SI & A Bl
T A e Bde] Y Mg Hsie dEsoz
Qzstelon] ol creut 2 WAl 97 ol
Basleh ARl 2 et U Ajsjet 15812 95
A}sHQuantization), X]A1&&(Knowledge Distillation),
ZFY(Pruning) 71H2 A8sto] 32 29 A 28
Mg Zert o M EERE AN 59
(Multi-modal Sensor Fusion) £35f Ak, 714 244 0
OE1E ZAEslto] 59 =L} oiE A= SAlo
Al S5 uy wezo) sixjo Wasic AEAoR B
& Beld 7 59 2Hlo] AL, as/d, AARM
2 DA A AR} Rz FAKE 4 98-S
Z9IC). o] AURER Bt ohjet 87 RUE, 34
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