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[Abstract]

This study proposes a time-series model that simultaneously predicts the battery cell average
temperature (cTavg) and state of charge (SOC) based on high-frequency (5-second) operational logs
from a single residential PV-ESS system operated in a low-temperature environment during winter
(2024-12-29 ~ 2025-02-13, total 812,859 records). It compares LSTM encoder-decoder and
Transformer-based architectures and suggests a method for early detection of low-SOC/low-temperature
events by linking the multi-output predictions to a preventive maintenance logic. The model's
performance is evaluated against low-SOC days and low-temperature periods observed in actual data,

and the operational benefits provided by the prediction-based alerts are quantitatively discussed.

» Key words: PV-ESS, State of Charge (SOC), Temperature Estimation, Preventive Maintenance,
LSTM, Transformer
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I. Introduction

4AFg PV-ESS(EIYE Al -olUA] A7 A|ARNS] &
tiet e, viE 2] 34 JEH(SOC)2t =k (cTavg)
o] Aekst AXRE 2 o4t Au](Preventive
Maintenance, PAM) &8 Q 77} AR 9ic}. E3] AL
A Al oM UR A S7tet etet vk £ & A5t
2 33 3&o] gasty, A Al 2F A&(Lithium
Plating) -5 g} Y&o] oIt} Z2ajut 7]E o) of
Hre g 2 "A(15~35C)of] Z5tE]o] Qlof, A &
219] AARE 29 HlojElE E8et Aqe B53 Aol
& de ©Y FE8 PV-ESSY| VAmap(5%) #4
27(2024-12-29 ~ 2025-02-13, & 812,859 ZE)E
719t 2, LSTM encoder-decoder®t Transformer&
Hlusks O &3 AAE 233 Aijtste cTavget
SOCE &A] £A6t, O AvE ofif Mu] 7445 ixloﬂ
AAIGto 2N A SOC-AL oJHIEQ] x7] AZF 1= A
S00. £ £95] 52 /1018 SoKl 4

ok

4@

FHor A
1} 2t
- SIATE A9o] glolE] &8 5x 714, 479710] =
Bl PV-ESS @A 27(812,85971) Eof A £419]
252 Toﬁom
BA: 3~15°C ALA oA A
O[#E(cTavg = 5°C>0ﬂ gt 24 d5s He Frlolo]

LSTMC] 71 Zcetd(™e 112.8%)1t Transformer?]
=2 MUt (Precision 0.949, F1 0.963)2t= AtEA EA
Bajstl 29 44ME A5 B8 AL AT

ilte

II. Related Works
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2.2. Transformer-based approach
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2.3. Multi-output prediction
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3. Preventive maintenance and warning systems
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III. The Proposed Scheme
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2.2 Training and Optimization Settings
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Table 1. Hyperparameters by model
LSTM
Hyperparameter Encoder-Decoder Transformer Seg2Seq
Optimizer Adam Optimizer | AdamW (Weight Decay 4-&)
Initial Learning | $1e”{-3}$(Step $5e~{-4}$(Warmup
Rate Decay 4 2) Scheduler 4-8)
Batch Size 256 128
. Weighted . .
Loss Function Multi-output MSE Weighted Multi-output MSE
Dropout Rate 0.2 0.1 (Attention Dropout Z3})
Epochs /. Early 100 / Patience 10 100 / Patience 15
Stopping

3. Predictive Maintenance(PdM) Logic
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A|AEo] &-gEint.

« AAIX]E= SOC 25% U]9HSOCthr) % cTavg 5°C 0]t
(cTthr)g 7]¥3ro 2 AREsitt. Transformer?] 73-$-
31X F1Z ¢l SOC YARE 26%= 275t
B8 I 242 olF5E AAIG0A AAR] ]gt A
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IV. Experiments & Results

1. Comparison of baseline prediction performance
AIQHE A|EA @Hlo] /d 52 olF FHMA), A O%
3] H(Linear Multi-output), ARIMA 233} 1|2 35}SITT

Table 2. Comparison of baseline model prediction
performance

(Test Set)
vogel | SOC | SOC NSIAOF?E Tres| T L‘Z’;‘E o é‘;}lgtE
MAE | RMSE MAE | RMSE RMSE

% % cold
MA |0.415| 0.78 |1.128|0.025 | 0.039|0.418|0.552 | 0.596
Linear |0.528 | 0.951| 1561 0.023 | 0.031|0.410
ARIMA| 11.4 |17.42| 24.7 |11.39 | 11.67 | 223.6| 14.82| 12.37

<Table 2>0fA HQI et o] W AZHEY =l
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2 g 7psait
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2. Sequence model prediction error and low-
temperature interval evaluation
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MAE 0.20°CE 27d5IH 2% QAF oF0M f4als B
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T8T

o o

Error (MAE)
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Fig. 2. Comparison of corrected sequence model errors
(MAE and RMSE, Test Set)
3. Performance Analysis of Predictive Alerting
Systems
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3.1 Alert Performance Summary
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L.
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5 098
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i
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Fig. 3. SOC and Temperature Alerts
Precision/Recall/F1 Comparison
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3.2. Time series and lead time analysis
AL Q 2lEE) BB B g Bl & Relo] 540
_]

_]
Hes] 2tk SOC AAIE #A0flA LSTM2 SOC 53

AR o o2 A|MojA] 7y 4 7sko] WAk ni,

Transformer+= SOC w2 A71A] ZJ8eh o523 FAIRICh
cTavg AAIE A4 Transformer+= UAAN HL
oA o5l Ao Wale) BHas ARE Histslol

LSTM2 A2 oMIE x5 | x|t

SOC Alert Lead-time Distribution

Count
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Temperature Alert Lead-time Distribution
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TRaNSTORMER (1=3)
175 -~ TRANSFORMER mq
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Fig. 4. SOC/Temperature Alert Lead Time Distribution
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3.3. Operational utilization and interpretation of results
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3.4. Interpretation of results
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3.4.1 Identifying the limitations of statistical
baseline models

UL 0l B

MA), A9 taelH 25t tEo] A
AE 2A49] 349 Hlo]AzRlQl ARIMA 283} 452
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3.4.2. Predictive ability of sequence models and
the importance of calibration
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3.4.3. Practical Operational Analysis of a Predictive-
Based Alert System (Lead Time vs. Precision)
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Table 3. Comparison of operational characteristics
by model

Analysis
Item
Operational
Strengths

LSTM (Encoder-Decoder) | Transformer (Seg2Seq)

Proactive Preparedness| Response Reliability

SOC: 22.4m
Temp: Om (Based on
Median)

SOC: 112.8m
Temp: 133.3m

Average
Lead Time

Precision
(S0C)

Recommen
ded Actions

Approximately 91.0% 94.9% (Max value)

Immediate Load
Shedding, Emergency
Field Check

Pre-heating units,
Pre-adjusting
charging schedules

Table 4. Summary of Key Results

LSTM Transformer
(Readiness-Focused)| (Reliability-Focused)
1.20%p(2H) 1.33%p
0.33°C 0.20°C(Lead)
about 91.0% 94.9%(Max)
0.941 0.963
Avg. 112.8m | Mid value 22.4m

Avg. 133.3m

KPIs (Metrics)

SOC MAE
$cTavg$MAE
SOC Precision
SOC F1-Score
SOC Leed time
Temperature

Leed time

Category

Prediction
Accuracy
Alarm
Precision
Operational
Response
Capability

Mid value Om

Pre-recognition & | High-Reliability
Preparation for | Response & False
Low-Temp Events | Alarm Minimization

Operational
Contribution

Core
Value
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