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Short-term air conditioning load forecasting in industrial buildings plays a key role
in energy management and carbon neutrality efforts. Yet internal disturbances,
latent heat variations, and seasonal distribution shifts often hinder model
generalization. Here we propose an interpretable framework that couples
Sparrow Search Algorithm (SSA)-optimized Bidirectional Long Short-Term
Memory (Bi-LSTM) networks with SHapley Additive exPlanations (SHAP).
Working with real 5-min data from an industrial facility across all four seasons,
we construct a 17-dimensional physics-informed feature vector comprising
environmental states, historical load inertia, dynamic trend indicators, and
cyclical time encodings, employing strict chronological splits to avoid data
leakage. The pure Bi-LSTM model avoids the parameter redundancy of
complex hybrid networks and clearly outperforms traditional machine learning,
basic deep learning, and attention-based baselines. Furthermore, SSA proves
significantly more robust and efficient for hyperparameter tuning than PSO,
DBO, ISSA, and SCSSA. In winter testing, the SSA-optimized model reaches
R? = 0.965 and RMSE = 1.20 kW. SHAP analysis highlights physically plausible
feature contributions-indoor enthalpy and historical load dominate,
demonstrating clear seasonal patterns. Direct cross-season transfer still yields
R? > 0.93, and a parameter-based transfer learning strategy using only 10% of
target-season data reduces prediction errors by another 30%—-50% compared to
training from scratch. Overall, the framework delivers accurate, automated, and
explainable forecasting tailored to industrial HVAC systems, offering practical
engineering guidance.

KEYWORDS
Bi-directional long-term short-term memory neural network, building air conditioning
load forecasting, optimization of sparrow search algorithm, SHAP analysis,
transfer learning

1 Introduction

Building energy use makes up a large part of total global energy consumption, and in
commercial and industrial buildings, heating, ventilation, and air conditioning (HVAC)
systems typically account for 40%-60% of the energy consumed (Chen et al., 2020; Dong C.
et al,, 2018; Dong K. et al.,, 2018). With many countries now working toward carbon
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neutrality, the need for accurate short-term forecasting of air
(AC) loads has
predictions in this time

conditioning grown considerably. Good

frame help with demand-side
management, reducing peak loads, and better integration of
renewable energy sources—all of which contribute to more
efficient electricity grids and lower carbon emissions (Chen et al.,
2019; Mawson and Hughes, 2020).

Forecasting HVAC loads in industrial buildings is particularly
challenging. In residential or office buildings, the main drivers are
usually occupancy and outdoor weather conditions. Industrial
affected by substantial
disturbances, including fluctuating production schedules, heat

settings, however, are internal
released from machinery, and latent loads associated with
manufacturing processes (Fang et al., 2023). These elements lead
to greater variability and non-stationary behavior in load patterns.
In many manufacturing facilities, the latent heat from moisture-
related processes can be as large as, or even larger than, the sensible
heat component (Chen and Hong, 2023).

Methods for predicting building loads generally fall into two
categories: physics-based and data-driven. Physics-based models
rely on thermodynamic principles and energy balance equations;
they are commonly implemented in simulation software such as
EnergyPlus and TRNSYS (Eid et al., 2024; Ethivereasingham et al.,
2024). These approaches are inherently interpretable and can
capture fundamental physical processes, but they demand
detailed building information (such as thermal properties of the
envelope, geometry, and orientation) and often require considerable
computational effort, which restricts their use in practical
engineering settings (Yan et al, 2015; Amasyali and El-Gohary,
2018). Data-driven methods, on the other hand, derive relationships
directly from measured historical data and are therefore better suited
to situations involving complex, nonlinear, and high-dimensional
influences (Yu et al., 2022; Shahcheraghian et al., 2024).

Numerous data-driven techniques have been applied to short-
term load forecasting, ranging from traditional statistical models to
various machine learning algorithms. Prior studies have
demonstrated the value of incorporating temporal semantics
using multiple linear regression, capturing periodic patterns with
ARMA-SVR variants (Gan et al., 2020), improving grey-model-
based forecasting via exponential smoothing (Mi et al., 2018), and
conducting dynamic prediction using filtering-based approaches
(Hou et al.,, 2020). More recently, deep learning has become a
dominant direction due to its ability to automatically extract
nonlinear temporal features from large-scale time-series data. In
particular, Long Short-Term Memory (LSTM) networks have been
extensively used for building load prediction because building loads
commonly exhibit strong periodicity and temporal dependence, and
LSTM is effective in modeling both short-term fluctuations and
long-term dependencies (Graves and Schmidhuber, 2005).

Conventional unidirectional LSTM models forecast the load for
the next timestep based on the historical sequence available up to the
current timestep (Hochreiter and Schmidhuber, 1997). However, for
HVAC thermal loads, thermal inertia and control lag can cause two-
sided dependencies that are not fully captured by purely forward
temporal modeling (Moveh et al., 2025; Verbeke and Audenaert,
2018). To address this problem, bidirectional LSTM (Bi-LSTM)
incorporates an additional layer that processes the sequence in

reverse. This lets the model access contextual information from
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both the past and future timesteps (within the input window). This
makes the model’s description of the temporal dynamics that are
typically seen in air-conditioning load series more detailed (Lei et al.,
2024). Recent work has shown that Bi-LSTM-whether standalone or
in hybrids such as CNN-Bi-LSTM and Transformer-Bi-LSTM-can
improve prediction accuracy and robustness in energy-related tasks
(Binbusayyis and Sha, 2025; Yan et al., 2023).

Similar ideas appear in other environmental forecasting
researchers have  combined

applications, ~ where

decomposition or

signal
feature extraction with advanced deep
architectures and swarm-inspired optimizers-for instance, the
DVMD-Informer-CNN-LSTM model tuned by a dung beetle
optimizer for air-quality forecasting (Wu et al, 2024), or the
IDBO-VMD-iTransformer approach for AQI prediction (Wu Y.
et al,, 2025). Experiences like these reinforce the potential of pairing
efficient hyperparameter optimization with contemporary sequence
models, particularly when the goal is a system that remains
understandable for practical engineering use.

A separate but related issue is the strong dependence of deep
learning performance on hyperparameter choices; adjusting them
manually is laborious and frequently yields far-from-optimal
configurations (Feurer et al, 2019). Increasingly, therefore,
optimization algorithms inspired by swarm intelligence-Particle
Swarm Optimization (PSO) among them—have been employed
to automate and improve this tuning process when training deep
networks (Wang et al., 2018; Ozerdem et al., 2017; Xue and Shen,
2020). Among these methods, the Sparrow Search Algorithm (SSA)
is attractive due to its minimal parameter requirements, ease of

and fast
even when

implementation, strong global search capability,
convergence (Zhou et al., 2024). Nevertheless,

accuracy is improved, deep learning models are frequently
criticized as “black boxes,” which can reduce trust and limit
adoption in engineering decision-making (Teixeira et al., 2025;
Bjorklund et al., 2023). To enhance transparency, Shapley
Additive Explanations (SHAP) provides a unified, game-theoretic
framework for interpreting model predictions by quantifying each
feature’s contribution, and has shown strong potential in building-
energy-related applications (Lundberg et al., 2020; Li et al., 2025).

For industrial HVAC systems, this lack of transparency is not
merely academic: operators must justify setpoint adjustments,
ventilation/dehumidification strategies, and energy-scheduling
actions under safety and product-quality constraints. When a
forecasting model behaves as an opaque black box (Zhang and
Chen, 2024), it is difficult to diagnose abnormal predictions, assess
risk under distribution shifts (e.g., seasonal transitions or atypical
production days), and translate model outputs into actionable
control decisions (Sogut and Mutlu, 2025 Xu et al, 2024).
Therefore, embedding an explanation mechanism is important
for trustworthy deployment in engineering practice.

To bridge these gaps, we develop a complete interpretable
pipeline tailored to short-term industrial HVAC load forecasting.
The paper provides three main contributions: (i) An accurate and
robust SSA-optimized Bi-LSTM model that uses a 17-dimensional
thermodynamics-driven feature vector. It outperforms standard,
simple, and complex hybrid baseline models by effectively
capturing thermal inertia without introducing unnecessary
In-depth SHAP
revealing physically reasonable feature importance (such as the

parameter redundancy; (i) interpretation
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FIGURE 1

Proposed framework of the SSA-BiLSTM—-SHAP based HVAC load prediction system.

critical impact of indoor enthalpy and historical load) and its

seasonal evolution, significantly enhancing the model’s
transparency for engineering applications; (iii) A thorough
evaluation of cross-season generalization and practical transfer
learning. of cross-season generalization and practical transfer
learning. We propose a parameter-based transfer learning
approach that successfully resolves the seasonal “cold start”
problem, achieving highly accurate predictions using only 10% of
target-domain data. Together, these elements provide a deployable
solution that is both highly accurate and readily understandable for

real-world industrial settings.

2 Methodology

This study proposes a systematic hybrid framework for
industrial HVAC load prediction, integrating domain knowledge-
driven feature engineering, swarm intelligence optimization, deep
learning, and advanced interpretability analysis. The overall
architecture, as depicted in Figure 1, comprises four sequentially
coupled modules: (1) Data Preprocessing and Feature Engineering,
(2) SSA-BiLSTM Optimization, (3) Model Training and Evaluation,
and (4) Advanced Analysis (Interpretability and Generalization).

2.1 Data description and feature engineering
2.1.1 Data source and preprocessing

This study is conducted on an industrial building HVAC system
located in Hubei, China. The raw data, sampled at 15-min intervals,
contains meteorological parameters (outdoor temperature (Tou),
outdoor humidity (RH,y)) and system operating status (indoor
temperature (T,), indoor humidity (RH;,), HVAC load).

Frontiers in Environmental Science 03

Solar radiation is not considered in this study for two reasons
(Yang et al,, 2025; Wei et al, 2026). First, the investigated
(e.g.,
fenestration/enclosed operation),

limited

load
variations are primarily dominated by indoor-state dynamics,
and thermal Second,

industrial ~ building is characterized by

and short-horizon

internal disturbances, inertia. solar
radiation measurements are (not available/found to provide
marginal improvement in preliminary tests) and are often
correlated with outdoor temperature over short horizons; to
the

requirements and to avoid redundant predictors, we restrict

keep framework deployable with minimal sensing
the inputs to temperature, humidity, and historical load.

To ensure data quality, a three-step preprocessing pipeline was
applied (Zhang et al., 2024a; He et al., 2024): (1) Outlier Removal.
Statistical outliers violating physical constraints (e.g., negative
humidity) were detected and removed using the 30 rule
(¢ £ 30). (2) Imputation. Missing values resulting from sensor
faults were imputed using linear interpolation to maintain time-
series continuity. (3) Normalization. All input variables were
normalized to the range [0,1] by the means of Min-Max scaling
to eliminate dimensional discrepancies, and to accelerate gradient
descent convergence (Equation 1).

X = Xpmin

Xnorm = T (1)
Xmax ~ Xmin

2.1.2 Thermodynamics-driven feature
construction

Standard HVAC data is always lack of direct indicators of
thermal load dynamics. Based on heat transfer theory and HVAC
operational characteristics, a comprehensive 17-dimensional feature
vector was constructed to capture the complex non-linear mapping
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between environmental states and energy consumption (Lv et al.,
2022; Dong and Lei, 2025):

1. Historical Load Inertia (6 Features): Building envelopes have
significant thermal mass, causing a delay in load response. To
capture this thermal inertia and short-term autocorrelation, we
introduced historical load lags at varying intervals (where L;
denotes the load at time step ¢, each step representing 15 min):

2. Immediate Past: L;_j, L;—», L;—3 (15-45 min ago) reflect the
system’s current momentum.

3. Short-term Trend: L6, ;1> (1.5-3 h ago) capture intra-day
fluctuations.

4. Daily Periodicity: L;_gs (24 h ago, i.e., the same time on the
previous day) accounts for the circadian rhythm of industrial
operations.

5. Environmental State Variables (5 Features): Temperature and
Humidity (T out> Tin» RH out> and RHjy, ) are fundamental drivers
of sensible and latent heat loads; Indoor Enthalpy (Hj,) in
industrial environments, latent heat (moisture control)

constitutes a significant portion of the load. We calculated

air enthalpy using empirical formulas (Equation 2) to represent
the total thermal energy state, providing a more rigorous
physical input than temperature alone:

Hi, = 1.006T, +d (2501 + 1.86T,) 2)

where d is the humidity ratio (kg water/kg dry air) derived from
RH in and Tin~

6. Dynamic Trend Indicators (2 Features): To help the model
distinguish between steady-state and transient conditions, we
computed the Rolling Mean (Lmen) and Rolling Standard
Deviation (Lgq) of the load over the past hour. High Lgq
indicates rapid load changes, prompting the model to adjust its
attention weight.

7. Cyclical Time Encoding (4 Features): Time variables (hour of
day 0-23, minute of hour 0-59) are cyclical but numerically
discontinuous (23 — 0) To preserve temporal continuity, we
transformed time into continuous sine and cosine

components. Specifically, for hour-of-day we set t as the

hour value and Tperiod = 24; for minute-of-hour we set t as
the minute value and Tperioa = 60. This yields four features

(Equations 3, 4):

2m -t our 2m -t our
Ti‘i‘:" = sin( h ), Ti‘(‘)’;" = cos(7h> (3)
24 24
i 2m- tmin i 2m - tmin
Tmin - sin( ),ng;; - cos(—) @
60 60

2.2 Bi-directional LSTM network (Bi-LSTM)

The Long Short-Term Memory (LSTM) network addresses the
vanishing gradient problem in standard RNNs through its gating
mechanism (Input, Forget, and Output gates). However, standard
LSTM only processes information in the forward direction
(t—>t+1). In HVAC systems, the current load state is
conceptually related to the underlying trend of the entire
sequence window.
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To fully exploit contextual information, we employed a Bi-
directional LSTM  (Bi-LSTM) architecture (Graves and
Schmidhuber, 2005; Wu J. et al, 2025). It consists of two
independent hidden layers:

1. Forward Layer: Processes the sequence from t=1 to T,
capturing past information.

2. Backward Layer: Processes the sequence from t=T to 1,

context historical

capturing  future

training batches).

(implicit ~ in

. The final hidden state h; is the concatenation of the forward state
h; and backward state h; (Equation 5):

b = bk ®)

where @ denotes the vector concatenation operation.

This bidirectional flow enables the model to learn more robust
feature representations, particularly for transition periods (e.g.
start-up or shut-down phases).

2.3 Sparrow Search Algorithm (SSA) for
optimization

The predictive performance of Bi-LSTM is highly sensitive to its
hyperparameters. Manual tuning is subjective and inefficient. To
automate this process, we introduced the Sparrow Search Algorithm
(SSA), a novel swarm intelligence meta-heuristic (Yang et al., 2024;
Zhang et al., 2024b).

SSA simulates the foraging behavior of sparrows, dividing the
population into Producers (who search for food/global optimum)
and Scroungers (who follow producers). A subset acts as Scouts to
detect danger (local optima) and trigger random jumps. This
mechanism balances global exploration and local exploitation
better than traditional PSO.

In our proposed SSA-BiLSTM model, each sparrow represents a
candidate set of hyperparameters vector (Equation 6):

Xi = [“’NI’NZaA] (6)

where « denotes the initial Learning Rate (Search range:
[0.001,0.01]), N; and N, denote neurons in 1st/2nd hidden
layers (Search range: [32,256]), A denotes L2 Regularization
coefficient (Search range: [107%,1072])

The fitness function is defined as the RMSE on the validation
set. The optimization process iteratively updates the sparrow
positions until the maximum iteration is reached or the error
threshold is met.

2.4 Model interpretability with SHAP

Deep learning models are often criticized as “black boxes.” To
ensure the proposed model is trustworthy for engineering control,
we utilized SHAP (SHapley Additive exPlanations) (Lundberg
et al., 2020; Li et al., 2025). Based on cooperative game theory,
SHAP assigns an importance value ¢, to each feature, representing
its marginal contribution to the prediction deviation from the
mean Equation 7.
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M
f) =g+ Y dxi ™

This allows us to: (1) Rank Feature Importance, identify which
factors (e.g., Lag vs. Temp) dominate the prediction; (2) Verify
Physical Consistency, analyze the dependence plots to confirm if the
model learns correct physical laws (e.g., “Lower Outdoor Temp —
Higher Heating Load”).

2.5 Transfer learning strategy

Industrial environments are dynamic (seasonal changes).
Collecting sufficient data for a new season (Target Domain) to
train a model from scratch is time-consuming. We adopted a
Parameter-Based Transfer Learning strategy (Wu C. et al,, 2025;
Yan et al.,, 2025; Chaudhary et al,, 2025): (1) Pre-training. A Bi-
LSTM model is first fully trained on the source domain (e.g., Winter
data) where data is abundant; (2) Fine-tuning. The weights of the
feature extraction layers (LSTM cells), which capture general
temporal patterns (like thermal inertia), are transferred to the
new model; (3) Adaptation. Only the fully connected (output)
layers are retrained using a small sample (e.g., 10%) from the
target domain (e.g., Summer data). This significantly reduces the
data
high accuracy.

requirement and training time while maintaining

2.6 Experimental protocol and
evaluation metrics

All experiments were conducted on a workstation equipped with
an Intel Core i9-12900K CPU, NVIDIA GeForce RTX 3090 GPU
(24 GB VRAM), and 64 GB RAM. The proposed framework was
implemented using Python 3.9 and the PyTorch 1.12 deep learning
library. The dataset was chronologically divided into three subsets to
prevent data leakage: the first 70% for training, the subsequent 20%
for validation (used for SSA fitness evaluation and early stopping),
and the final 10% for testing.

Model performance is evaluated using four standard metrics.
Given ground-truth loads {y:}~, and predictions {§,}%,, we
compute (Equations 8-11):

1Y X
MAE= =3 | =3, | (®)
t=1

J 2

RMSE = Y (e-5) 9)
t=1
MAPE = ii | 2= 100% (10)
Nt:l t

RZZI_Zf\:{l(yt_)Alt)z (11)

Zfil(yz - y)z

where N is the number of samples, y, is the actual load, y, is the
predicted load, and y is the mean of actual load values. All reported
metrics are computed on inverse-transformed predictions and
targets in physical units (kW), ensuring physical interpretability
and consistent comparisons. MAPE is reported in percentage (%).
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3 Results and discussion

3.1 Comparison of different building load
prediction results

To evaluate the performance of the Bi-LSTM model, this study
compared its predictive capabilities against seven baseline models on
the winter test set, including traditional machine learning models
(SVM, BP), basic deep learning models (RNN, LSTM, Bi-LSTM),
and hybrid deep learning models (CNN-BiLSTM, Transformer-
BiLSTM). Figures 2a-g visually presents the comparison between
the predicted curves of each model and the actual load curve over
150 time steps.

As observed, SVM (Figure 2a) and BP (Figure 2b) exhibited the
poorest performance. The SVM prediction curve was overly smooth,
failing to capture high-frequency fluctuations and demonstrating a
clear “averaging” trend. While the BP neural network captured
partial trends, it showed significant lag and large amplitude errors.
Due to the vanishing gradient problem, the RNN (Figure 2e)
struggled to capture long-sequence dependencies, resulting in a
tendency to smooth out extreme values at peak points. The Bi-
LSTM (Figure 2d) prediction curve exhibited the highest alignment
with the true values. The overall load trend was accurately tracked,
which demonstrated an excellent tracking during severe load
fluctuations (e.g., the peak between time steps 50-70). This
superiority originates from its bidirectional structure, which
utilizes both past and future contextual information to extract
temporal features more comprehensively. Although CNN-
BiLSTM (Figure 2g) and Transformer-BiLSTM (Figure 2f)
demonstrated strong fitting capabilities, they were slightly inferior
to the standalone Bi-LSTM in capturing local details (such as
overshoot or recovery speed at peaks). This is likely because
applying complex hybrid structures to short-sequence (sequence
length = 24) and relatively low-dimensional (17 dimensions)
industrial load data introduces parameter redundancy, which
inadvertently increases training difficulty or causes slight overfitting.

Figure 3 details the specific values for RMSE, MAE, MAPE, and
R? across all models, further corroborating these observations. Bi-
LSTM achieved the best performance across all metrics, with an
RMSE of approximately 2.15 kW, an MAE of 1.65 kW, and an R of
0.915. Compared to the unidirectional LSTM (R* = 0.875), the Bi-
LSTM improved R* by approximately 4%, proving the effectiveness
of the bidirectional mechanism in capturing industrial thermal
inertia. The performance of the LSTM and the hybrid models
was comparable; the R*> values for Transformer-BiLSTM and
CNN-BiLSTM were 0.902 and 0.891, respectively, slightly lower
than that of Bi-LSTM. This indicates that for short-period, highly
regular HVAC loads, the advantages of attention mechanisms
(Transformer) and convolutional feature extraction (CNN) are
not fully realized and merely add model complexity. SVM
performed the worst, with an RMSE exceeding 3.8 kW and an R®
of only 0.752, primarily because SVMs struggle with high-
dimensional, strongly coupled, and nonlinear time-series data.
The MAPE for both BP and RNN exceeded 8%, significantly
higher than the 5.2% of Bi-LSTM, rendering them inadequate for
refined industrial control requirements.

These results indicate that HVAC loads in industrial buildings
possess strong thermal inertia. The load at the current moment
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FIGURE 2

Prediction results of different models. (a) SVM. (b) BP. (c) LSTM. (d) Bi-LSTM. (e) RNN. (f) Transformer-BiLSTM. (g) CNN-BiLSTM.

depends not only on past states (e.g., wall thermal storage) but is also
implicitly influenced by future trends (e.g., upcoming shift changes).
By processing data through forward and backward layers, Bi-LSTM
constructs a more complete contextual representation of features,
While
Transformers and CNNs excel in other domains, the strong

thereby significantly reducing prediction errors.
temporal locality of the data in this scenario means the gating
mechanism of Bi-LSTM is sufficient for extracting key features,
making it the optimal choice for balancing accuracy and

computational efficiency.

3.2 Optimization results of different
optimization model

To investigate the search capabilities of different meta-heuristic
algorithms within the Bi-LSTM hyperparameter space, this study
evaluated the optimal hyperparameter combinations found by five
optimizers (SSA, SCSSA, ISSA, PSO, DBO) under an identical
computational budget, as shown in Table 1. To ensure a fair
comparison, standard settings were uniformly applied: all models
received the same 18-dimensional input features and predicted a
single HVAC load value; the sequence length was set to 24

Frontiers in Environmental Science

(representing a 2-h historical window); training utilized the
Adam optimizer and MSE loss function over 100 epochs,
incorporating an Early Stopping strategy (Patience = 10); and the
population size and maximum iterations for all algorithms were set
to 20 and 50, respectively.

Based on these settings, the hyperparameters (hidden layer
dimensions, learning rate «, Dropout) identified by each
algorithm varied significantly. Both SSA and SCSSA converged
on larger hidden layer dimensions (168 and 160, respectively),
indicating that the model requires sufficient neuronal capacity to
capture the complex nonlinear characteristics of industrial HVAC
loads. Simultaneously, their selected learning rates (0.0038 and
0.0042) were moderately high, ensuring rapid initial descent
while avoiding later-stage oscillation. Higher dropout rates
(0.34 and 0.32) effectively prevented overfitting and enhanced
generalization. This combination yielded the highest prediction
accuracy (RMSE =1.27 kW). Conversely, the PSO algorithm
settled on a hidden layer dimension of only 64 with a high
learning rate of 0.01. This explains the “early stopping”
phenomenon observed during its training (see Figure 6): the
large learning rate caused the loss function to oscillate around
the minimum without further descent, while the small model
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Comparison of performance metrics of different models. (a) R2 Comparison. (b) RMSE Comparison. (c) MAE Comparison. (d) MAPE Comparison.

TABLE 1 Key parameter settings of Bi-LSTM optimized by different algorithms.

AlgorithmsAlgorithm Learning Hidden units Hidden units L2 regularization Batch Optimizer

rate (layer 1) (layer 2) size iterations
SSA-BiLSTM 0.0042 168 84 0.0015 64 50
SCSSA-BiLSTM 0.0038 172 86 0.0012 64 50
ISSA-BIiLSTM 0.0045 160 80 0.0018 64 50
PSO-BiLSTM 0.0065 145 72 0.0025 64 50
DBO-BiLSTM 0.0052 155 78 0.0020 64 50
Unoptimized 0.0100 128 64 0.0000 32 -

capacity limited feature extraction, demonstrating PSO’s tendency
to fall into local optima in high-dimensional discrete spaces.
Although DBO identified a larger hidden layer (128), its chosen
learning rate was extremely low (0.0005), resulting in agonizingly
slow convergence (see Figure 5) that failed to reach an optimal state
within the allocated epochs.

Figures 4a—e illustrates the convergence trajectories of the fitness
values (validation RMSE) for the five optimization algorithms over
50 iterations. As shown, both SSA (Figure 4a) and SCSSA (Figure 4d)
exhibited extremely rapid convergence, with the RMSE dropping below
1.3 kW within the first 10 iterations and stabilizing around 1.25 kW.
This efficiency is attributed to SSA’s discoverer-joiner mechanism,
allowing it to quickly escape local optima and balance global
exploration with local exploitation. PSO (Figure 4b) showed the
fastest initial descent but quickly hit a “plateau,” stopping around an
RMSE of 1.4 kW, a classic sign of premature convergence. DBO

Frontiers in Environmental Science

(Figure 4c) displayed significant oscillation and a slower descent rate,
stabilizing around 1.35 kW, indicating instability when handling high-
dimensional discrete parameters. ISSA (Figure 4e) eventually converged,
but its initial fluctuations were greater than standard SSA, suggesting
that its added chaotic mapping or mutation strategies may increase
search uncertainty without significant accuracy gains.

Figures 5a—f presents the training RMSE descent during the 30-
epoch training process for the best Bi-LSTM models selected by each
optimizer. SSA-BiLSTM (Figure 5a) demonstrated the fastest and
smoothest error reduction, dropping below 1.5 kW by epoch 10 and
converging at 1.1 kW. This confirms that the hyperparameters
found by SSA place the model in an optimal learning state.
Because the hyperparameters found by PSO (Figure 5d) were not
globally optimal, inadequate model capacity and an excessive
learning rate caused late-stage training RMSE to fluctuate
between 1.3 and 1.4 kW. The unoptimized model (Figure 5f)
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utilizing default parameters converged the slowest and yielded the
highest final error (>1.6 kW), directly demonstrating the necessity of
hyperparameter optimization.

Figures 6a—f shows the mean squared error (MSE) training loss
across epochs. SSA-BiLSTM and SCSSA-BiLSTM displayed nearly
identical, optimal convergence traits, completing their primary

Frontiers in Environmental Science

descent within the first 5 epochs and stabilizing at a very low
level (MSE= 1.1). ISSA-BiLSTM converged quickly but showed
slight fluctuations in the final stages (epochs 20-30). PSO-BiLSTM
exhibited premature convergence, stagnating at MSE =1.35 with
noticeable oscillations. DBO-BIiLSTM performed well (MSE =1.25)
but converged slower than SSA.
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Figures 7a-f further demonstrates the actual prediction (R*> = 0.95) during both stable periods and the rapid climbing
performance on the test set, specifically focusing on dynamic  phase (time steps 68-73). ISSA-BiLSTM (Figure 7c) showed slight
response during severe load fluctuations (time steps 60-75). SSA-  lag during sudden load changes, correlating with the oscillations
BiLSTM (Figure 7a) and SCSSA-BiLSTM (Figure 7b) exhibited  in its loss curve. PSO-BIiLSTM (Figure 7d) suffered from under-
near-perfect tracking capabilities, tightly aligning with true values  predicting the peaks (clipping) due to its limited model capacity
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(64 units). The unoptimized model (Figure 7f) experienced
significant overshoot at peak values (time steps 68-73),
predicting roughly 1.2 kW higher than the true value,
highlighting a lack of robustness when facing extreme changes
without optimal parameters. Consequently, SSA effectively
resolves the overshoot and lag issues commonly seen in Bi-
LSTM networks during sudden load shifts.
To comprehensively assess robustness, 10
repeated experiments were conducted. Figure 8 utilizes boxplots
to display the performance distributions. The interquartile ranges
(IQR) for SSA-BiLSTM and SCSSA-BIiLSTM are extremely
compressed, with RMSE around
0.005 kW. This indicates exceptionally strong global search
capabilities; regardless of initial population distribution, the
the optimal
hyperparameters, eliminating training uncertainty. Conversely,
the unoptimized Bi-LSTM exhibited a widely stretched boxplot
with significant outliers, proving the unreliability of empirical
tuning. While PSO and DBO outperformed the unoptimized
model on average, their RMSE fluctuation amplitudes reached

independent

standard deviations for

algorithm  consistently ~converges to same

0.05-0.1 kW, revealing a vulnerability to initial population
distributions and a risk of premature convergence to sub-
optimal solutions. Figure 8 strongly proves that SSA not only
leads in predictive accuracy but also offers vastly superior

robustness, drastically reducing maintenance costs and
operational risks in practical HVAC forecasting systems.
Frontiers in Environmental Science
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3.3 Explainability analysis based on SHAP

To reveal the internal decision-making mechanism of the SSA-
BiLSTM model and verify its alignment with thermodynamic laws
under winter heating conditions, the SHAP method was introduced.
Figure 9 illustrates the feature importance ranking (Figure 9a)
alongside the SHAP summary plot (Figure 9b).

As shown, load_lag 1 (the load at the previous time step) ranks
first in importance (Figure 9a) and exhibits a strong positive
correlation (Figure 9b). Red scatter points (high historical load)
concentrate on the positive SHAP axis, meaning higher previous
loads lead to higher predicted current heating demands. This
accurately reflects the massive thermal inertia of building
envelopes; the system is not a transient response, and current
thermal demand is largely a continuation of the previous state.

Outdoor temperature ranks highest among environmental
features but exhibits a significant negative correlation. Blue points
(low temperatures) sit on the positive SHAP axis (increasing load
prediction), while red points (high temperatures) sit on the negative
axis. The model successfully learned the fundamental physical
feedback mechanism: lower outdoor temperatures lead to a larger
indoor-outdoor temperature differential, faster heat dissipation, and
thus a higher required heating load.

Indoor_enthalpy also demonstrates a negative correlation. When
indoor enthalpy is high (red points, indicating a warm and humid
interior), SHAP values are negative, prompting the model to lower
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the heating prediction. This highlights a classic feedback control
logic: if the current thermal state (enthalpy) is high, thermal storage is
sufficient, and heating should be reduced to prevent energy waste. By
assigning a high weight to enthalpy rather than just temperature, the
model proves its capacity to perceive latent heat loads.

Regarding cyclical time features, the alternating stratified
distribution of time_sin and time_cos corresponds correctly to
diurnal heating patterns (e.g., increased heating at night or
lower setpoints during off-hours). The analysis in Figure 9
confirms that the SSA-BiLSTM model not only excels in
but

its

to  building

ensuring high

strictly
decision

statistical metrics adheres
thermodynamics logic,

credibility for engineering applications.

in
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3.4 Cross-seasonal generalization and
transfer learning assessment

In practical engineering, transitioning to a new season often
involves a scarcity of target-domain data. Waiting to accumulate
sufficient data to train a model from scratch creates a prolonged
control vacuum. To address this, a parameter transfer-based fine-
tuning strategy was proposed: using the mature winter SSA-BiLSTM as
a pre-trained model and fine-tuning it with only 10% of the early data
from the new season. Figure 10a presents the prediction performance
of the SSA-BiLSTM model on the test sets of all four seasons. Spring
and autumn exhibit slightly higher RMSE values (1.45 kW and 1.55
kW, respectively) due to the transitional weather and more frequent
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setpoint adjustments. The most challenging scenario is summer, where
the RMSE rises to 2.15 kW, yet the R® remains above 0.93,
demonstrating the model’s robust capability to handle the increased
variability and latent heat loads typical of cooling-dominated
conditions. Figure 10b compares the RMSE of “training from
scratch” versus “transfer learning” under a 10% sample size
constraint. Across spring, summer, and autumn, transfer learning
significantly reduced prediction errors. Specifically in summer, the
RMSE dropped from 3.95 kW (from scratch) to 2.45 kW (transfer), a
relative error reduction of approximately 38%. In spring, the error was
reduced by nearly 50% (from 2.85 kW to 1.45 kW). While winter and
summer loads represent opposite operations, foundational building
thermal inertia rules and environmental sensitivities are shared.
Transfer learning allows the new model to inherit pre-trained
LSTM weights (feature extraction layer) and simply fine-tune the
fully connected layer (decision layer) to adapt to new numerical ranges.
This resolves data scarcity during cold starts and drastically shortens
the model deployment cycle.

In summary, the SSA-BiLSTM framework demonstrates
outstanding single-season performance and powerful cross-
seasonal adaptability via transfer learning, offering a complete
solution for high-precision, year-round HVAC load forecasting.

4 Conclusion

Accurate HVAC load forecasting is crucial for the energy-
efficient operation of industrial buildings. This study proposes a
hybrid forecasting framework, SSA-BiLSTM, which
effectively addresses the non-linear, strongly time-dependent,
and seasonally variant characteristics of industrial load data.

novel

Furthermore, SHAP-based interpretability analysis and a transfer
learning strategy for cross-seasonal adaptation were introduced.
The main conclusions are as follows:

The proposed SSA-BiLSTM model significantly outperforms seven
baseline models. On the winter test set, it achieved an RMSE of 1.20 kW
and an R® of 0.965, representing an accuracy improvement of
approximately 15% over the unoptimized Bi-LSTM and 30% over
traditional machine learning models (SVM/BP). The SSA mechanism
effectively solves hyperparameter optimization challenges, ensuring
convergence to a global optimum with exceptional stability.

SHAP analysis revealed the physical mechanisms driving model
decisions. Historical load inertia (load_lag 1) was identified as the
most critical factor, followed by outdoor temperature and indoor
enthalpy. Crucially, the model correctly captured the negative
correlation between winter outdoor temperature and heat load,
proving this data-driven model aligns with thermodynamic
principles rather than merely fitting statistical correlations.

The model demonstrated strong adaptability across all four seasons,
maintaining an R* above 0.93 even during highly volatile summer
conditions. The proposed transfer learning strategy effectively resolves
the “cold start” problem for new seasons; utilizing the winter model for
fine-tuning requires only 10% of spring/summer data to reduce
prediction errors (RMSE) by 30%-45% compared to training from
scratch, greatly lowering the data threshold for practical deployment.

This study establishes a complete pipeline from data preprocessing
(17-dimensional feature engineering) to model optimization and
interpretability. Its high accuracy and low computational cost make

Frontiers in Environmental Science

12

10.3389/fenvs.2026.1728506

it highly suitable for real-time model predictive control (MPC) in
industrial HVAC systems. Future research will incorporate weather
forecast uncertainty to develop probabilistic forecasting capabilities
and deploy the SSA-BiLSTM model into actual Building Management
Systems (BMS) to verify its energy-saving contributions through
closed-loop control experiments.
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