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ABSTRACT KEYWORD
Purpose: Although Long Short-Term Memory (LSTM) models have been widely used for predicting time-series ~ 'd%E5t 0=

data in building energy applications, studies focusing on cooling load prediction for office buildings remain limited. E{’:‘E}Q ;E HEYLST™)

In particular, the influence of model configuration and data preprocessing strategies on prediction performance has 01;%%5

not been systematically investigated. This study aims to evaluate the impact of stepwise model improvement

techniques on the prediction accuracy of LSTM-based cooling load forecasting models. Method: Weather data from  Cooling Load Prediction

the Korea Meteorological Administration for 2023~2025 were collected and converted into EPW format. Cooling ~ Long Short-Term Memory (LSTM)
load data were generated using EnergyPlus for a medium office reference building. An LSTM-based prediction gif;itiﬁfgi mance

model was developed, and six cases were constructed by sequentially introducing lagged input variables, data

normalization, low-load data filtering, and hyperparameter tuning. Prediction performance was evaluated usingthe A CCEPTANCE INFO
coefficient of determination (R?), coefficient of variation of the root mean square error (CvVRMSE), and mean bias  Received Mar. 9, 2026

error (MBE). Result: Prediction performance improved significantly as the model improvement steps were applied.  Final revision received Mar. 24, 2026
The initial model showed low accuracy with an R of 0.3955 and a CVRMSE of 139.7%. After stepwise /ccepted Mar. 27,2026
improvements, the final model achieved an R?of 0.9318 and a CvRMSE of 11.5%, with an MBE of -2.7%. The final

model satisfied the ASHRAE Guideline 14 criteria for hourly prediction models, demonstrating the effectiveness of

the proposed stepwise model improvement strategy.

(© 2026. KIEAE all rights reserved.
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Fig. 1. Modeling of medium office building

Table 1. Simulation condition of the reference building (medium
office building)

Component Features

Building type Medium Office
Total building area 4982 (m?)

Site location Seoul (latitude: 37.57°N, longitude: 126.97°E)
Operation schedule 09:00~18:00

Lighting 6.0 (W/m?)

Internal gain People 18.58 (m*/person), 1 met
Plug and Process 8.0 (W/m?)
Wall 0.168, Roof 0.131,
Envelope Floor 0.189 (W/m*K)
Window 1.29 (W/m*K) SHGC 0.581
SetPoint Cooling 26 (°C)
Infiltration 0.3 ACH
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Fig. 2. Architecture of the Long Short-Term Memory (LSTM) cell
used for time-series learning

Ao A L 2023 W E 20259717 9] 714 |0 Bl & A-&5}
o] EnergyPlus Al #o] & 435t om, A|7F T9] WilRs} o
o|H 2 A&5t9r}. o] 2 Ea) AAH 3dx| 9] A7 Thg] WHks)
glo]E g LSTM ¢l & e o] s<5 vlol g 2 &-g-a9ict HFH e
2 e YRt dolH = 157) £2] @ Yo A= 49
SFltt. o] et ol *23 9% Yo} ol e} 7] vlol el & Aot
o] Yol o5& 913t 35 dlo[HAS &5t EH o=

AdH dlolE = 26,280*1]_ 1Tt

2.3. LSTM 7|5t QJekB3s} o & 27|24
B AL E Q7] 274 E A7t wtet
_l?l

e 458 HEY ARE 99 3 152 $1el Long
Short=Term Memory (LSTM) 74t A1 747 »nEl-& Z-25l0] o=
e 733519tk LSTM (Long Short-Term Memory)< <=3t
21737 (Recurrent Neural Network) 2] 3t FF7 2, A|A| 4 d|o]€] 9]
A7 oEAe adHor ohEshy] Qlof Aok mdolth4],
LSTM2 RNNoJ|A] BFA5t= 7]-&7] A4 (vanishing gradient) &
AZ &3tst7] Yol A Ae (cell state)Qt A0 E 122 E9% 2
dz A ”EHS’} A 7}2] Ao E (forget gate, input gate, output gate)
ol B HEE A2 o fA AL A ASHHA AlA
”H?j% 5-1 E}.

F

oo mEl Mo I
il

Table 2. Model hyperparameters and training settings

Category Parameter Description
7 variables
hy kend, t
Input features ( out, weekend, T,
humidity, solar, cycle,
Data onoff)
figurati - -
S Target variable Total zone sensible load
. . 80% training / 20%
Data split ratio . .
testing (chronological)
Stacked LSTM
Model type (Long Short-Term
Memory)
Ilglsis Number of LSTM 300
architecture units
Fully connected units 100
Dropout rate 0.2
A i t
Optimizer dam (a@aptlYe momen
estimation)
Initial learning rate 0.001
Training Mini-batch size 128
settings Maximum epochs 50
. Piecewise (drop factor:
Learning rate schedule 0.5, drop period: 50)
Gradient threshold 1.0
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Fig. 3. Process of generating cooling load training data
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Table 3. Configuration of stepwise LSTM prediction models

Case Description

Case 1 Baseline model

Case 2 Time-lagged input variables

Case 3 Lagged input + Z-score normalization

Case 4 Lagged input + Data filtering

Case 5 Lagged input + Z-score normalization + Data filtering
Case 6 Final model with optimized hyperparameters
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Fig. 4. Scatter plots between actual and predicted cooling load for each LSTM prediction model (case I-case 6)
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Fig. 5. Comparison of CvRMSE values for each LSTM prediction
model (case 1-case 6)

Table 4. CvRMSE statistics of LSTM prediction models for each case
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Fig. 6. Comparison of MBE distributions of the LSTM prediction
model (case 1-case 6)

Table 5. MBE statistics of LSTM prediction models for each case

Zone Case 1 | Case 2 | Case 3 | Case 4 | Case 5 | Case 6 Zone Case 1 | Case 2 | Case 3 | Case 4 | Case 5 | Case 6
Average 139.7 86.1 66.9 26.3 12.2 115 Average -15.6 -10.8 -7.3 -5.9 -34 2.7
Maximum | 141.7 87.4 69.5 28.6 12.6 12.0 Maximum -4.8 -8.5 -1.3 -34 2.6 2.2
Minimum | 137.5 85.0 64.5 234 12.0 112 Minimum | -25.6 -13.4 -16.4 -8.8 4.3 -3.1

S.D 1.5 1.0 1.9 22 0.3 0.3 S.D 9.4 1.8 6.6 2.2 0.9 0.4

*S.D: Standard Deviation
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