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Abstract— Transfer learning is considered an effective tech-
nique that enhances model performance by using knowledge ac-
quired from a source dataset to tackle a similar task on a target
dataset. This technique is particularly valuable in fields where
labeled data is limited, such as thermal comfort prediction. In
the Tunisian context, the lack of specific thermal comfort data
for office spaces occupied by multiple people represents a major
challenge to optimizing workplace environments. To address
this, we introduce a transfer learning-based approach using
ASHRAE RP-884 data from countries with similar climatic
conditions. In fact, these data were purified based on climate
conditions and selected for office-type buildings. Three transfer
learning methods were evaluated using three models: a Deep
GRU-BiGRU model, a Deep GRU model, and a BiGRU model.
Our results present that the transfer learning approach based
on the Deep GRU-BiGRU model achieves the highest accuracy,
reaching 66.15% in thermal comfort prediction, outperforming
the other methods.
—Keywords—Transfer learning, Thermal comfort prediction,
Deep GRU-BiGRU model, Data scarcity, ASHRAE RP-884

I. INTRODUCTION

The rapid global urbanization process has significantly
increased in energy consumption, specifically due to the
widespread use of heating, ventilation, and air conditioning
(HVAC) systems [1]. This trend is especially pronounced in
developing countries, where infrastructural expansion comes
with a high energy demand. However, earlier research indi-
cates that more than 80% of individuals spend most of their
time indoors, and more than half of the occupants report
dissatisfaction with current thermal comfort conditions [2].
Given these concerns, accurately predicting and managing
thermal comfort is important for both energy efficiency and
occupant satisfaction. Traditional thermal comfort prediction
models have long been applied as benchmarks. However,
these models have limited real-world applicability, specifi-
cally in accounting for person-occupant variations, including
metabolism and clothing. In response to this limitation,
machine learning and deep learning-based approaches, have
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emerged as promising solutions. Algorithms including Sup-
port Vector Machines (SVM), k-Nearest Neighbors (KNN),
and advanced neural network models have demonstrated
improved accuracy in predicting thermal comfort [3]. Ad-
ditionally, the incorporation of personalized comfort models,
which consider individual occupant preferences, has proven
effective in optimizing both comfort and energy management
in buildings [4]. Despite advancements, personalized models
rely heavily on extensive environmental and subjective data.
In fact, collecting sufficient occupant feedback poses a signif-
icant challenge, as surveys are intrusive and require consid-
erable manual effort [5]. To address this limitation, Transfer
Learning (TL) proposes a crucial solution enabling models
pre-trained on existing datasets to adapt to new contexts with
minimal additional data. In a related context, the Deep CNN-
BiGRU model [6], which combines multiple data streams
in gesture recognition, has also shown good performance in
transfer learning for predicting thermal comfort.

Based on this idea, this study proposes a deep learning-
based model with knowledge transfer to enhance thermal
comfort prediction. The general layout of the proposed
approach is illustrated in Fig. 1. The goal of this research is
to develop a more generalized and efficient model capable
of adapting predictions to various environments and climatic
conditions while reducing the reliance on large training
datasets.

The key contributions of this paper are outlined below:

• Proposal of a Transfer Learning approach based on
Deep GRU - BiGRU for thermal comfort prediction in
office environments, seek to improve adaptability across
various climatic conditions.

• A thorough comparative evaluation with machine learn-
ing models to evaluate the performance of the proposed
approach.

The structure of this paper is as follows: Section 2 provides
an overview of related works on Transfer Learning for
thermal comfort prediction. In Section 3, wediscuss the
proposed Deep GRU - BiGRU approach and the comparative
methods. Section 4 details the experimental analysis, and
Section 5 offers a summary of the conclusions.



Fig. 1. General layout of the proposed approach

II. RELATED WORKS ON TRANSFER LEARNING FOR
THERMAL COMFORT PREDICTION

Thermal comfort prediction is a crucial aspect of energy-
efficient building management, and recent advancements in
deep learning and transfer learning have significantly en-
hanced predictive capabilities. Prior research have explored
various methodologies to enhance the accuracy and flexibility
of thermal comfort models, specifically in environments
with limited data. One of the key challenges in predicting
thermal comfort is the inconsistency in data availability and
environmental conditions across various regions. To deal
with this limitation, Jiao and Tan [7] suggests a transfer
learning method applied in West Bengal, employing deep
learning to improve indoor thermal comfort prediction in
tropical climates. Similarly, Zhang and Li [8] Explored the
application of a Transformer-based transfer learning model to
enhance thermal comfort prediction when only limited data
is available, demonstrating the effectiveness of leveraging
spatiotemporal relationships for improved model generaliza-
tion. According to these results, Somu et al. [9] presented a
hybrid deep transfer learning approach that combines domain
adaptation techniques to enhance thermal comfort predic-
tions in various building environments. In a complementary
approach, Park and Park [10] explored a transfer learning
approach based on ensembles, which leverages wearable and
environmental sensors to enhance individual thermal comfort
prediction and enhancing both accuracy and robustness.
Recently, Li et al. [11] discussed an instance-based transfer
learning approach incorporating Nearest Neighbor Search
(NNS) and an improved TrAdaBoost algorithm, optimizing
data selection from the source domain to enhance prediction
reliability.

Beyond improving prediction models within a single en-
vironment, other studies have addressed transfer learning
across different geographical contexts. Gao et al. [12] tack-
led the challenge of data scarcity by leveraging transfer
learning across multiple cities within the same climate zone.
Their proposed transfer learning-based multilayer perceptron
model (TL-MLP-C*), trained on datasets from ASHRAE
RP-884, the Scales Project, and Medium US Office, showed
superior Prediction accuracy in comparison with cutting-edge
methods. Furthermore, Hu et al. [13] utilized heterogeneous
transfer learning for thermal comfort modeling, address-
ing the challenge of data heterogeneity between different
environments. Recent advancements have also focused on
combining multiple transfer learning techniques to further
enhance predictive performance. For instance, Ahn and Kim
[14] applied a TL-LSTM model on simulation data to predict
power consumption with minimal training, achieving high
accuracy across climate zones. Yang et al. [15] employed
unsupervised domain adaptation to predict personalized ther-
mal comfort with limited labeled data. Their deep adaptation
methods improved accuracy by up to 15%, demonstrating the
effectiveness of transfer learning in adapting models to new
conditions.
In summary, transfer learning has emerged as a crucial
technique for enhancing thermal comfort prediction models
by addressing challenges related to data scarcity and variabil-
ity across different environments. By leveraging knowledge
from previously trained models, transfer learning enables
more efficient learning processes, reducing the need for large
labeled datasets while improving predictive accuracy. Various
strategies, such as domain adaptation, ensemble learning, and
hybrid modeling, have been integrated to further optimize
performance.



III. PROPOSED APPROACH AND COMPARATIVE
METHODS FOR TRANSFER LEARNING

This section discusses the proposed Deep Gated Recurrent
Unit - Bidirectional Gated Recurrent Unit (Deep GRU-
BiGRU) approach for thermal comfort prediction and com-
pares it with other relevant models.

A. Technical Characteristics of the Proposed Method: Deep
GRU-BiGRU

The Deep GRU-BiGRU model is a deep learning ar-
chitecture that combines GRU and Bi-GRU layers. This
architecture is specifically designed to efficiently extract
temporal patterns from thermal comfort data. The model is
initially trained using source data, and then it is fine-tuned on
a target dataset through the application of transfer learning.

For the training process, the categorical cross-entropy loss
function is employed, as defined by Equation 1:

L = −
n∑

f=1

K∑
k=1

Af,k log(Âf,k) (1)

where:

• Af,k denotes the true label for the f-th instance and
class k.

• Âf,k is the predicted probability for the f-th instance
and class k.

• n represents the number of instances, and K is the
number of possible classes.

The architecture of the model includes several recurrent
layers structured as shown in Table. I:

TABLE I
ARCHITECTURE OF THE PROPOSED MODEL

Layer Type Details
1 Bi-GRU 256 units, BatchNorm, Dropout 40%

2 Bi-GRU 128 units, BatchNorm, Dropout 30%

3 GRU 64 units, BatchNorm, Dropout 30%

4 Bi-GRU 32 units, BatchNorm, Dropout 20%

5 Dense 64 neurons, ReLU activation

Final Dense 5 output units, Softmax activation

The model is trained with the Adam optimizer and a
learning rate of η = 0.0005 across 50 epochs, using a batch
size of 16. To adapt the model to a new dataset, transfer
learning is used, which involves freezing the early layers of
the pre-trained model and fine-tuning the final layers with
the target dataset. This adaptation process is mathematically
expressed as (Equation 2):

Θ∗ = argmin
Θ

n∑
f=1

l(Af , f(qf ; Θ)) (2)

where Θ∗ represents the parameters after fine-tuning.

B. Technical Characteristics of Compared Models

- GRU Model:
The Deep GRU model leverages stacked layers to model
temporal dependencies, mitigating the issue of vanishing
gradients. It processes information selectively using gating
mechanisms, which allow it to retain relevant data and
discard irrelevant parts. Dropout regularization further ad-
vances its generalization ability. The underlying equations
are provided in Equations 3-6.

pk = σ(Epqk + UpSk−1 + bp) (3)

The update gate pk (Equation 3) determines the portion of
the previous hidden state Sk−1 to retain. It depends on:

• qk: The input at time step k.
• Sk−1: The hidden state from the previous step.
• Ep, Up, and bp: The weight matrices and bias term for

the update gate, where Ep and Up represent the weights
for both the current input and the preceding hidden state.

• σ: The sigmoid activation function, which produces
output values ranging from 0 to 1.

Gk = σ(EGqk + UGSk−1 + bG) (4)

The reset gate Gk (Equation 4) controls the extent to
which the previous hidden state is ignored. Similar to the
update gate, it involves parameters related to the input and
the previous hidden state.

S̃k = tanh(ESqk + US(Gk ⊙ Sk−1) + bS) (5)

The candidate hidden state S̃k (Equation 5) is computed
with the reset gate’s influence. The inputs include:

• Gk⊙Sk−1: The reset gate modifies the previous hidden
state.

• ES , US , and bS : Weight matrices and bias term for the
candidate hidden state.

• tanh: The hyperbolic tangent activation function that
outputs values between -1 and 1.

Sk = (1− pk)⊙ Sk−1 + pk ⊙ S̃k (6)

The final hidden state Sk (Equation 6) is derived from
a combination of the previous hidden state Sk−1 and the
candidate hidden state S̃k, with the update gate pk dictating
the proportion.

- Bi-GRU Model:
The Bi-GRU architecture enhances the GRU by incorporat-
ing bidirectional layers, Allowing the network to process
sequences in a bidirectional mannerboth previous and subse-
quent contexts, leading to a richer representation. The fusion
of outputs from both directions is mathematically expressed
in Equations 7-9.

−→
Sk = GRU(qk,

−−−→
Sk−1) (7)

←−
Sk = GRU(qk,

←−−−
Sk+1) (8)



Sk = [
−→
Sk,
←−
Sk] (9)

−→
Sk, ←−Sk, −−−→Sk−1 and ←−−−Sk+1: Hidden states in both directions

at times k, k − 1, and k + 1.
Table II summarizes the key characteristics of the Deep

GRU and Bi-GRU models.

TABLE II
COMPARISON OF DEEP GRU AND BI-GRU MODELS

Characteristic Deep GRU Bi-GRU
Number of layers 3 GRU layers 2 Bi-GRU layers

Neurons per layer 128, 64, 32 64, 32

Activation function ReLU Tanh

Regularization Dropout (0.2) Dropout (0.3)

Optimizer Adam Adam

Learning rate 0.001 0.0005

Loss function Categorical Crossen-
tropy

Categorical Crossen-
tropy

Batch size 32 64

Number of epochs 50 50

Both models are well-suited for sequence classification
tasks, but Bi-GRU, due to its bidirectional nature, is partic-
ularly beneficial when full contextual information is needed.
Deep GRU, on the other hand, offers strong feature extraction
capabilities through its multiple stacked layers. The choice of
the hyperparameters and the architecture of the Deep GRU
- BiGRU model was optimized after several trials, ensuring
the best performance for thermal comfort prediction, as well
as for the compared models (Deep GRU and Bi-GRU). In
addition, other existing transfer learning approaches, includ-
ing Transfer Learning Multilayer Perceptron (TL-MLP) [12],
Transfer Learning Long Short-Term Memory (TL-LSTM)
[14], Domain-Adversarial Adaptive Network (DAAN) and
Domain-Specific Adaptation Network (DSAN) [15], were
also evaluated and compared with our proposed approach
to assess their effectiveness in different thermal comfort
prediction scenarios.

IV. EXPERIMENTAL ANALYSIS

A. Datasets

The selected dataset is the ASHRAE RP-884 database
[16], which contains more than 25,000 data points from 52
studies conducted across 26 cities. This dataset was initially
compiled to develop the adaptive model proposed by De
Dear [17]. It has been extensively utilized in thermal comfort
research [18], [19].

to guarantee the relevance and quality of the data uti-
lized, filtering was applied to the Climate and Building type
columns, as outlined in Table III. This process narrowed the
dataset to include only those matching the climate types and
building categories relevant to our study, enabling transfer
learning from offices in climates similar to Tunisia to an
office in Tunisia, where offices are workplace environments

typically occupied by multiple occupants, leading to diverse
thermal comfort preferences. Thus, we selected from the
filtered dataset the portion relevant to Tunisia as the tar-
get dataset, while the rest of the data formed the source
dataset. Additionally, extreme thermal sensations, such as
the values +3 and +2, -3 and -2, were grouped into broader
classes, where the two classes +3 (Hot) and +2 (Warm) were
combined into a single class +2 (Warm/Hot), while the two
classes -3 (Cold) and -2 (Cool) were merged into a single
class -2 (Cool/Cold). This approach aims to create a more
balanced data distribution, facilitating the analysis. Finally,
the parameters selected for both the source dataset and the
target dataset are presented in Table III, to clarify the criteria
used in our model.

TABLE III
COMPARISON OF SOURCE AND TARGET DATASETS

Feature Source Dataset Target Dataset
Climate Hot semi-arid,

Hot-summer
Mediterranean

Hot semi-arid,
Hot-summer
Mediterranean

Building type Office Office

Cooling strategy (building
level)

Naturally Venti-
lated, Air Condi-
tioned

Naturally Venti-
lated, Air Condi-
tioned

Clothing 0.31 - 2.19 0.41 - 1.96

Metabolism 0.8 - 2.9 1 - 2.8

Air temperature (°C) 15.4 - 39.8 16 - 31.8

Air velocity (m/s) 0 - 2.54 0 - 1.59

Relative humidity (%) 10.3 - 86.8 48 - 79

Outdoor monthly air tem-
perature (°C)

16 - 40.9 16 - 27

Thermal Sensation 5 classes (-2, -1,
0, +1, +2)

5 classes (-2, -1,
0, +1, +2)

Number of instances 18725 324

B. Results and Discussion

The results explains in Table IV highlight the success of
the Deep GRU - BiGRU model in predicting thermal comfort
through transfer learning. Our method attains an accuracy of
66.15% and an F1-score of 58.60%, surpassing traditional
deep learning models. These metrics confirm the model’s
robustness in adapting knowledge from source datasets to
the target environment. Examining the confusion matrices in
Figure 2, we observe notable improvements in classifying
intermediate thermal sensation levels (-1, 0, +1), which are
typically more challenging to predict. This indicates that
the combination of GRU and BiGRU architectures enhances
feature extraction, allowing the model to learn from both past
and future contexts, leading to better generalization across
diverse climatic conditions. Additionally, the results highlight
the advantages of transfer learning from regions with similar
climates to Tunisia. By leveraging knowledge from offices
in these regions, the model improves classification accuracy
and better adapts to the thermal comfort patterns in Tunisian
environments. This approach illustrates the potential of using



existing datasets to improve predictions in cases with limited
local data.

TABLE IV
EVALUATION OF DIFFERENT TRANSFER LEARNING MODELS FOR

THERMAL COMFORT PREDICTION

Model Accuracy (%) F1-Score (%)
Deep GRU 60.00 53.61

BiGRU 61.54 55.29

TL-MLP [12] 50.76 53.60

TL-MLP-C* [12] 54.50 55.12

TL-LSTM [14] 53.20 51.90

DAAN [15] 60.35 57.00

DSAN [15] 60.88 57.50

Proposed Deep GRU - BiGRU 66.15 58.60

C. Ablation Study

To underscore the critical role of our transfer learning
approach, we conducted an ablation study where the same
models were trained without utilizing transfer learning on a
combined dataset that includes both the source and target
datasets. Table IV displays the accuracy and F1-scores for
these models, and the results are telling. The performance
drops significantly compared to our transfer learning ap-
proach, highlighting the substantial impact of pre-trained
knowledge in improving The model’s capability to accurately
predict thermal comfort. This demonstrates that transfer
learning is not merely a supplementary technique, but a
crucial factor that substantially enhances model performance,
especially when dealing with complex environmental vari-
ables that may vary across different contexts. Furthermore,
Figure 3 illustrates the confusion matrices for the three
models: Deep GRU, BiGRU, and Deep GRU-BiGRU without
transfer learning. A more pronounced distribution of misclas-
sifications can be observed, confirming the models’ difficulty
in generalizing effectively without knowledge transfer.

TABLE V
EVALUATION OF DIFFERENT MODELS FOR THERMAL COMFORT

PREDICTION WITHOUT TRANSFER LEARNING

Model Accuracy (%) F1-Score (%)
Deep GRU 42.97 32.95

BiGRU 42.91 33.04

Proposed Deep GRU - BiGRU 43.08 35

V. CONCLUSION

This study introduces a transfer learning method using
Deep GRU-BiGRU models to predict thermal comfort in
office environments with climates similar to Tunisia’s, ad-
dressing the challenge of limited local data. Our results show
that this method outperforms others, achieving 66.15% accu-
racy. The study highlights The impact of transfer learning in
enhancing model accuracy when data is limited and provides

(x)

(y)

(z)

Fig. 2. Confusion matrices for the three transfer learning models: Deep
GRU (x), BiGRU (y), and Deep GRU - BiGRU (z)

a framework adaptable to similar climates. The ablation study
confirms the importance of pre-trained knowledge, as models
without it perform significantly worse. The results pave the
way for future studies aimed at enhancing the performance
of transfer learning models, particularly by incorporating
domain adaptation strategies and active learning techniques.
In addition, expanding this approach to include a broader
range of environments and real-time data could enable more
accurate and Optimizing thermal comfort management in
buildings for energy efficiency.
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