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ABSTRACT

This study proposes a physics-informed feature
selection framework to enhance the accuracy and
interpretability of data-driven cooling load prediction
models. Using operational data from a metro station
HVAC system, we first identify temporal features through
Pearson correlation analysis, followed by
thermodynamic consistency screening to eliminate
physically implausible candidates. Mutual information
(M1) is then employed to quantify feature importance,
while our Synergistic approach strategically incorporates
physically critical but lower-M| features to improve
model accuracy. Tested with LSTM models, the proposed
method achieves a 5.6% improvement in prediction
accuracy and 16-23% error reductions compared to
conventional Ml-based selection, with negligible
computational overhead. Further validation with BPNN
and diverse datasets confirmed robustness. By bridging
data-driven metrics and domain-specific physics, this
approach offers a balanced trade-off between accuracy
and interpretability for building energy prediction.

Keywords: synergistic feature selection, mutual
information, physical redundancy, LSTM network, load
prediction

NONMENCLATURE
Abbreviations
AIC Akaike Information Criterion
LSTM Long Short-Term Memory
ALSTM Attention- Long Short-Term Memory
BPNN Backpropagation Neural Network
Mi Mutual Information
T Temperature
RH Relative Humidity
L Load
Pearson-r Pearson Correlation Coefficients
R the Correlation Coefficient
MAE Mean Absolute Error
RMSE Root Mean Square Error

MAPE Mean Absolute Percentage Error
BPNN Backpropagation Neural Network
Symbols

I Indoor

0] Outdoor

t Current time

t-n Time n hours before current time

1. INTRODUCTION

Accurate prediction of building air conditioning load
is crucial for optimizing HVAC system operation,
improving energy efficiency and achieving de-
carbonization goals. In recent years, data-driven load
prediction has become a hotspot [, with related studies
mainly including the prediction models, feature
engineering and optimization algorithms for model
structure and hyperparameters. Among these, feature
engineering handles raw data through feature
construction, feature transformation, feature selection,
and feature extraction to reduce feature dimensionality,
improve model prediction performance, decrease
computational load and enhance interpretability. For
feature selection methods, which are often categorized
into filter, wrapper and embedded approaches 2. Filter
methods select features based on importance scores and
filter out those with low scores; wrapper methods
iteratively train models on feature subsets to select the
best-performing combination; embedded methods
integrate feature selection in model training through
weight regularization to identify the optimal features.

Previous studies have explored plenty of feature
engineering for predictive modeling, employing diverse
approaches including feature reconstruction through
clustering or decomposition techniques. Ruan et al. !
utilized K-means clustering to extract characteristic
equipment usage profiles as input features for office
building cooling load prediction, achieving less than 2.5%
mean absolute error. Besides, correlation-driven
methods have been widely adopted for feature selection,
with Tanveer Ahmad et al. [ selecting meteorological
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parameters based on their quantified relationships with
cooling loads, simultaneously enhancing accuracy while

reducing model complexity and operational costs. Li et al.

Bl demonstrated improved generalizability in metro
station load prediction through correlation analysis of
generated datasets. Furthermore, contemporary studies
advanced feature extraction wusing information
granulation, attention mechanisms (Gui 's ALSTM model
6] for residential heating load prediction with reduced
stochastic errors), unsupervised deep learning (Fan et al.
I for building cooling loads), and hybrid criteria like
correlation-AIC selection (Huang et al. ® for metro
station energy systems), resulting in improved prediction
accuracy and operational feasibility.

However, although extensive research has been
conducted on feature engineering for predictive models,
existing correlation-based approaches for feature
selection primarily rely on mathematical quantitative
metrics for feature ranking, often neglecting the
synergistic consideration of physically meaningful

features that actually influence the building cooling loads.

This study proposes a novel feature selection method
that synergistically integrates mathematical metrics with
physical redundancy analysis. The proposed approach
improves cooling load prediction accuracy with
negligible computational overhead, enhancing model
interpretability, showing proper practical applicability.

2. RESEARCH OBJECT AND FEATURE SELECTION

2.1 Dataset description and Preliminary Feature
Screening

An air conditioning system equipped with two
chillers in a metro station located in China's Hot Summer
and Warm Winter region was selected for this data-
driven black-box modeling study. The dataset arising
from actual operational records includes chilled water
supply/return temperatures and flow rates, cooling
water supply/return temperatures and flow rates for
both chillers, their instantaneous power consumption,
indoor air temperature and relative humidity from four
monitoring points at both platform and concourse levels,
as well as outdoor air temperature and relative humidity
at the station entrance. Data was collected at 2-minute
intervals from 00:00 on May 1 to 23:00 on August 31,
2020, totaling 88,560 data samples. Prior research !
preprocessed the raw data through outlier correction,
missing value imputation, standardization and
normalization, making it suitable for predictive model
training.

In view of the underground location of metro
stations, the substantial thermal mass and inertia of
surrounding soil render parameters like solar radiation
and wind speed minimally influential on cooling loads. In
contrast, historical cooling loads along with
indoor/outdoor air temperatures and relative humidity
emerge as important physical factors ), all exhibiting
temporal characteristics where different historical
timestamps variably impact current loads. Consequently,
precise selection of time-sensitive features that critically
influence target loads becomes paramount for ensuring
prediction accuracy in the model.

Given the diurnal periodicity characteristic of metro
station cooling loads, we computed hourly Pearson
correlation coefficients (Pearson-r) between the target
load and each of the five aforementioned physical
feature categories over a 24-hour historical window (t~t-
24). Fig. 1 illustrates the dynamic variations of these
time-dependent correlations, revealing obvious
temporal relationships for feature selection. It is noted
that in the figure, t represents the current time, while t-
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Fig. 1 Dynamic variations of Pearson-r between five
physical feature categories and the target cooling
load over a 24-hour period (t~t-24)

Table 1. Pre-screened Temporal Features via
Correlation-Physical Dual Criteria

Feature Category Historical Notes
Time-Series
Cooling load (L) t-1~t-24 t: current
Indoor t~t-8 & t-18~t- | time;

temperature (T)) 24 t-1: time
Outdoor t~t-23 one hour

temperature (T,) before

Outdoor Relative | t~t-3 & t-21~t- | current time;

Humidity (RH.) 24 etc.

1 means time one hour before current time; etc.



It is well known that the Pearson-r can only quantify
mathematical associations between variables, it fails to
capture their underlying physical relationships. For
instance, during cooling seasons, when other parameters
remain constant, rising indoor and outdoor
temperatures will directly increase cooling demand,
resulting in a positive correlation between air
temperatures and cooling load. On the other hand,
higher relative humidity reduces cooling requirements as
established by psychrometric principles, creating an
inverse relationship. By eliminating features from Fig. 1
that contradicted these established physical patterns, we
obtained a preliminary screened set of 46 temporal
features across five distinct categories, as detailed in
Table 1.

However, utilizing all these features as model inputs
would introduce unnecessary computational complexity
and likely impair prediction accuracy through overfitting,
underfitting or feature redundancy, given their
differential influences on the target load.

Therefore, we conducted advanced feature selection
from the temporal features in Table 1 to better
characterize the physical relationships between cooling
loads and their most influential determinants, to
enhance the model prediction accuracy.

2.2 Mi-Based Feature Candidate Pool

Based on Shannon's information entropy theory %,
we quantitatively calculated the Ml values between each
feature in Table 1 and the target load. All mathematical
Ml scores were ranked in descending order, and features
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with values = 0.185 (an empirically determined
threshold) were selected to form the feature candidate
pool for future research, as shown in Fig. 2, with feature
importance decreasing left to right.

To achieve precise feature selection, this study
proposes a feature selection method that synergistically
integrates mathematical M| with physical redundancy.
The approach operates in two stages: initially, it
identifies an optimal feature subset by applying wrapper-
based selection principles to features ranked only by Ml
values. Subsequently, it refines this subset by
incorporating features that, despite exhibiting lower Ml,
belong to distinct physical categories and demonstrate
tangible effects on cooling load characteristics. This dual-
phase approach enhances model prediction accuracy
through balanced consideration of both statistical
significance and physical interpretability.

2.3 Cooling Load Prediction Model and Evaluation
Metrics

The dataset was partitioned into training and testing
sets at an hourly temporal resolution, with data from
00:00 May 1 to 23:00 August 29 allocated for training and
the remaining period reserved for testing. A LSTM
network was implemented for cooling load prediction,
configured with three hidden layers containing 120, 90,
and 120 neurons respectively. The model was trained for
a maximum of 400 epochs with a minimum batch size of
100, employing an initial learning rate of 0.004 that was
reduced by 30% every 125 training iterations. Model
performance was evaluated using four metrics: the
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Fig. 2 Feature candidate pool for the prediction model



correlation coefficient (R), mean absolute error (MAE),
root mean square error (RMSE) and mean absolute
percentage error (MAPE).

3. FEATURE SELECTION BASED ON MATHEMATICAL
MI AND PHYSICAL REDUNDANCY

3.1 Mi-Based Feature Selection

Following the wrapper method principles in feature
selection, we sequentially selected feature subsets
based on descending MI values, corresponding to the
first through sixth features along the x-axis in Fig. 2. The
error metrics MAE, RMSE and MAPE of the trained LSTM
cooling load prediction model are presented in Fig. 3. The
results demonstrate that an insufficient number of
features prevents the model from adequately learning
input characteristics, leading to underfitting and reduced
accuracy. Conversely, excessive features introduce
parameter redundancy, where multiple inputs from the
same feature category (historical loads) will elevate
inter-feature competition during the model training,
thereby degrading model performance. As shown in Fig.
3, the optimal feature subset at this stage was identified
as four historical cooling load values at time steps t-1 to
t-4.
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Fig. 3 Impact of Different Feature Subsets on Model
Prediction Performance

3.2 Collaborative Feature Selection Integrating Ml and
Physical Redundancy

Given that metro station cooling loads are typically
influenced by multiple factors such as occupant density,
indoor lighting/equipment heat gains, and underground
soil thermal storage, so indoor and outdoor air
parameters inherently affect load dynamics. Thus, from
a load-generation mechanism perspective, both
indoor/outdoor temperature and humidity should be
considered as some potential features. To better
characterize the relationships between these features

and the predicted cooling load, we selectively
incorporated physically relevant features from Fig. 2’s
candidate pool. These included non-historical-load
features from distinct physical categories that exhibited
relatively low Ml values but retained potential influence
on cooling loads.

When the outdoor air temperature (the first red bar
in Fig. 2) was added to Fig. 3’s optimal subset, model
performance comparisons revealed critical insights (Fig.
4). This illustrates that relying solely on MI rankings
would exclude historically correlated loads L:s or Lss, but
incorporating T:,, despite its lower Ml ranking, mitigated
intra-category redundancy while enhancing inter-
category feature mapping, improving model accuracy
(see the red descending dashed line in Fig. 4).
Nevertheless, adding the second outdoor temperature
(Tt.1,0, the second red bar in Fig. 2) would intensify feature
competition, thus degrading the prediction precision
(the red ascending dashed line in Fig. 4).
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Fig. 6 Model Accuracy Comparison When Feature
Subsets Contain Four Categories

Similarly, selecting the indoor air temperature Tiig;
(the first yellow bar in Fig. 2), which belongs to the third
feature category and has relatively low MI values, was
found to improve model performance as shown in Fig. 5,
the red descending dashed line. However, including
additional features of this same type (represented by the

The evaluation metrics of the cooling load prediction
model under different feature subsets are summarized in
Table 2, with the last column indicating the model
computation time in seconds.

As demonstrated, the optimal feature subset
selected through the synergistic integration of
mathematical Ml and physical redundancy analysis (the
third highlighted line in Table 2) outperformed the
conventional MI-based selection approach (the first
highlighted line). The proposed method achieves a 5.62%
increase in correlation coefficient (R), along with
significant error reductions of 16.13% in mean absolute
error (MAE), 22.76% in root mean square error (RMSE)
and 16.44% in mean absolute percentage error (MAPE).
The marginally increased computation time (from 1,048s
to 1,203s) was negligible relative to these accuracy gains
and raised nearly no computational costs.

Additionally, this method's efficacy was further
validated through the same dataset with a BPNN model,
as well as through the different datasets with both LSTM
and BPNN architectures, with consistent performance
improvements observed across all test scenarios.

Table 2. Summary of Prediction Model Evaluation Metrics Across Various Feature Subsets

Feature Subset Features R MAE/kW RMSE/kW MAPE/% t/s
Lig 1 0.84 25.04 33.98 4.73% 1044

Leg, Les 2 0.86 22.17 32.81 4.30% 943
Les™Les 3 0.87 19.97 30.45 3.85% 1121
L1~ Les 4 0.89 18.78 28.52 3.65% 1048
Lei™Les 5 0.86 22.09 32.04 4.28% 1072

Lei™ Lis 6 0.83 23.04 35.97 4.41% .989
Le1™Lta, Tio 5 0.91 17.87 22.59 3.47% 1157
Lea™Lta, Tro, Trt0 6 0.85 20.19 31.92 3.89% 1124
Lea™Lea, Tio, Tras,i 6 0.94 15.75 22.03 3.05% 1203
Lea™Lta, Teo, Trasi, Tt-19i 7 0.84 21.10 33.06 4.03% 1194
Let™ Lea, Teo, Teass, RHe240 7 0.82 25.57 34.26 4.82% 1258

second vyellow bar in Fig. 2) negatively impacted the
model performance, which was illustrated by the red
ascending dashed line in Fig. 5. When the fourth category
feature, outdoor relative humidity RH:.24,0 (the first green
bar in Fig. 2) was added as a feature, the model
performance deteriorated further as shown in Fig. 6 for
the red ascending dashed line. This degradation occurred
because although the outdoor relative humidity belongs
to a different physical category than the previous
features, its Ml value with the predicted load was too low,
indicating insignificant correlation, which likely
introduced noise during the model training.

4. CONCLUSIONS

This study presents a physics-guided feature
selection framework that effectively enhances cooling
load prediction accuracy while maintaining model
interpretability. Our method integrates Pearson
correlation analysis for initial temporal feature
identification, rigorous physical consistency screening to
ensure physical plausibility, and mutual information
guantification for nonlinear relationship assessment. The
key aspect lies in the strategic incorporation of physically
critical but lower-MI features, which significantly
enhance model performance while maintaining



computational efficiency. our method achieves a 5.6%
improvement in prediction accuracy and 16-23%
reductions in error metrics (MAE, RMSE, MAPE)
compared to conventional approaches, as validated
across LSTM models with minimal computational
overhead. Notably, the framework's ability to retain
physically meaningful features while optimizing
mathematical relevance addresses a balance trade-off
between model accuracy and interpretability.

It should be pointed out that this synergistic feature
selection method is applicable to load prediction for
other building types beyond subway stations and across
different climatic zones, although the optimal feature
subset may not comprise the same six temporal features
identified in this study—the selection approach remains
analogous. The developed model can be implemented in
practical HVAC systems for offline load prediction
through  customized software and hardware
configuration. A current limitation is that further
optimization of the feature selection strategy would be
required to enable online load prediction in real-world
operational systems.
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