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(A Study on Improving Energy Efficiency and Reducing Operating Costs in Smart Vertical
Farms)
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Abstract

While srart vertical fams endble stable year-tound crop production hy effidertly wtilizing urban speces; they face econanric limitations due to high
energy consunption and operational costs. The purpose of this study s to propose a madhine leaming-based gperational optinization Strategy to iInprove
enargy effidency and reduce production costs in vertical famrs through an integrated andlysis of environmental and operational data: To this end, an
infegrated timre-series citaset wes constructed using enviromental dita (tenperatire, hunidity, sall noistre, wind direction, wind speed ete) and
cperationdl data (power consunption, labor hours, wetter isage, prodiction costs, efe.) adllected froma redl-wordd vertical farmin Korea over a nine-nonth
period from March to Decenrber 224 Following praprocessing steps —induding nissing value and outlier treatrent, categorical encoding, sceling, and
time-series slitting —predictive nodds such as RandomForest, XGBoost, and LSTM were developed and conpared far perfommance. Experinental restilts
indicated thet the XGBoost nodd achieved the lowest average prediction enror, demonstreting an inprovenrert. of approxinetely 17 -18% over traditional
ule-hased predictions and 12 -13% over moving average-hased predicions. Given thet the caily cumilative power consunption of the subject farmaverages
hetween 3400 and 4000 KMy, the dbserved RVEE of 337 represarts a rdative ermor of less than 01% signifying a levd of accuracy highly apdlicelle
to real-wordd operational dedsioraking. Such inproverments in predictive accuracy bave the potential to redice energy and prodiction costs by nininizng
the excessive operation of lighting and HVAC systenns and mitigating uncertainty in energy denand Thiss study suggests a data-driven optinization mocdl
froman integrated operational perspective—consicering power; labor, and resource inputs alongsice environnental variahbles —thereby providing a strategic
framewark for smart vertical farm gperations that enhances both productivity and econonric viahllity beyond simple contrd rules.

B keywords : Smart vertical farm ; Energy efficiency ; Operating costs ; Machine learning ; Low carbon
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df["humi’] = df['humi
df[‘wind_speed’] =
df["soi i

df[

df["nut n'] = % ution®].fillna(df[’

df.dropna(inplace=True)

£ ZEX MW temp | (42) ~ 4,237
tenp 4,237 humd | SRR (38) ~ 3,812

hust g/512 wind_speed Il (41) ~ 4,602
wind_speed 4,002

soil_noist | ersRssas (35 ~ 3,497
powier._ ion | (46) ~ 4,587
manpower._hours | (42) ~ 4,192
water_usage | (39) ~ 3,949
production cost | eRHHRRERERRRRRRRRRRERR SRR RR RS SRS (37) ~ 3,678
nutrient_solution | (42) ~ 4,153
harvest_weight | (44) ~ 4,821

soil_moist 3,497
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cond_temp_low = (df["temp ] < 15)
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from sklearn.preprocessing import MinMaxScaler

scaler = MinMaxScaler()

num_cols = [
"temp", "humi’, 'wind speed’,'soil moist','power consumption’,
"manpower_hours', 'water_usage', 'production cost’,
"nutrient_solution’, "harvest_weight’

]

df[num_cols] = scaler.fit_transform(df[num_cols])
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Input: Dataset D with a date column
Qutput: Training set, Validation set, Test set

Sort dataset D in ascending order based on the date column
Let n be the total number of samples in D

Define training size as 80 percent of n

Define validation size as 10 percent of n

Assign the first training size samples to the training set
Assign the next validation size samples to the validation set
Assign the remaining samples to the test set

Return the training, validation, and test sets
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