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A B S T R A C T

Federated learning (FL) enables decentralized model training, but the distribution of data across
devices presents significant challenges to global model convergence. Existing approaches risk
losing the representativeness of local models after model aggregation, calling for a more efficient
and robust solution. In this study, we address the model aggregation challenge within FL by
focusing on elevating the performance of the global model amidst class imbalance and non-
independent, non-identically distributed data. We aim to train a global model collaboratively
that represents all participating nodes, promoting fairness and ensuring adequate representation
of all classes in the model. We propose redistributing local model weights based on their
precision-based contributions to each class to enhance the performance and communication
efficiency of federated thermal comfort prediction. Our proposed method can assist in allocating
more resources and attention to nodes with high precision for underrepresented classes, thereby
improving the global model overall performance and fairness. Furthermore, our framework
leverages the virtualization capability of digital-twin to enable the dynamic registration and
participation of nodes in the federated learning process in real-time. The developed digital-
twin framework allows for real-time monitoring and control of the decentralized training.
Through our evaluation on a real dataset, we showcase noteworthy enhancements in accuracy
and communication efficiency when compared to existing methods. Our evaluation shows
that the proposed Class Precision-Weighted Aggregation technique (Fed-CPWA) outperforms
Federated Averaging, with higher accuracy of 82.85% and lower communication costs by 25%.
Our contribution represents a significant stride towards sustainable thermal comfort modeling,
further advancing the development of equitable and resilient federated learning techniques.

. Introduction

In recent years, there have been significant developments in processor and storage technology, resulting in notable improvements
n the computing capabilities and storage capacity of Internet of Things (IoT) devices [1,2]. As a result, these devices are now
apable of generating and storing enormous amounts of data [3,4]. This data has the potential to make a significant contribution
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Fig. 1. General architecture of collaborative learning.

to the progress of Artificial Intelligence (AI) [5,6] applications. Deep Learning (DL) has emerged as a highly effective form of AI
for the analysis of large, complex datasets. Using DL, it is possible to train models using massive, heterogeneous data sets, which
has made it useful in a variety of fields. For instance, DL has been employed in medical research [7], industrial production [8,9],
among others [10], to improve the accuracy of predictions and decisions made by AI systems. In the past, training models with
distributed data required transferring the data to a centralized server [11,12]. Traditional approaches to data management have
relied on cloud-centric techniques [13], which involve transmitting and analyzing data generated by edge devices in a centralized
data center. However, with the exponential growth of data generation, some experts predict that current internet capacity will soon
be insufficient [14]. The concept of Edge Computing (EC) has been suggested as a means of performing data processing beyond the
confines of the cloud, as evidenced by [15]. Edge servers possess the ability to execute extensive distributed operations that involve
both local processing and remote execution, all while being coordinated by a remote cloud. The objective of the EC approach is to
enhance the efficiency of training and minimize communication costs by distributing model training and bringing it closer to the data
source [16]. However, this decentralized approach to computation offloading tasks and data processing requires the transmission
of confidential information.

One approach to enable the deployment of Machine Learning (ML) and DL models on multiple devices while safeguarding user
privacy is Federated Learning (FL) [17]. Patient record learning [18], language model training [19], keyboard search [20], and
keyword spotting [21] are just a few examples of the many places FL has been put to good use. The general overview of collaborative
model training using FL is depicted in Fig. 1.

In a FL framework, the central server and a group of distributed clients engage in iterative communication cycles to build
an optimal global model. At the end of each server round, the participating clients receive an updated global model. After the
server integrates the updated parameters from a client, the localized models are fine-tuned using private data on edge nodes
and the resultant parameters are shared with the server [22]. Federated Averaging (Fed-Avg) is a widely used method for model
consolidation, where the parameters from each client are consolidated using weighted average. The weight of each client is
determined by comparing the quantity of its data to the total sum of data across all clients. However, in cases where the data is
imbalanced and non-independent and identically distributed (non-IID), the efficiency and simplicity of Fed-Avg are compromised.
This is particularly evident in cases where certain clients possess significantly more data from specific classes compared to other
clients, thereby exacerbating the issue of imbalance in the distribution [23]. The issue of imbalanced distribution arises when
certain clients possess significantly more data from specific classes compared to others. This imbalance can result in an unequal
representation of classes within the global model, leading to a predisposition towards the dominant group. Consequently, the overall
precision of the model is impacted, and its performance on the minority class may be adversely affected [24].

The challenge posed by non-IID data is prominent in various FL scenarios. An instance is the investigation of occupant thermal
comfort [25]. The given situation involves cross-silos edge nodes that are representative of distinct cities, each with unique indoor
and outdoor conditions that impact the thermal comfort of building occupants. As a result, the data owned by these edge nodes
exhibits non-IID characteristics due to significant variations in data distribution among them [26]. The variability of locally trained
model parameters can be substantial when exposed to non-IID data, depending on the specific needs of individual nodes. As a
result, the process of aggregating locally trained models through averaging gives rise to a loss of information, thereby hindering the
global model’s ability to adequately encapsulate the distinctive features that are inherent in the data of each individual node. The
aforementioned scenario arises as a result of the possible disparity in the distribution of data and the existence or non-existence of
characteristics among distinct client data-sets. In a recent study conducted by [27], the impact of employing federated averaging
(Fed-Avg) in comparison to centralized training is investigated. The findings of the study revealed a potential decrease in accuracy
when utilizing Fed-Avg, with reductions of up to 11.31% observed on the MNIST dataset and a substantial decrease of 51.31% on
CIFAR-10.
2
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To address these challenges Personalized Federated learning (PFL) procedures have been offered by researchers as a solution to
he problem of statistical variety that arises in federated learning. These mechanisms enable individual clients to train personalized
odels tailored to their specific data distribution [28].

The existing body of literature on PFL encompasses diverse methodologies. The aforementioned techniques can be categorized
s data-driven, mono-model, and multi-model approaches, correspondingly. Data-based approaches aim to mitigate statistical
eterogeneity through the utilization of methods such as data smoothing [29]. Various techniques are utilized in single-model
pproaches, such as regularization [30,31], meta-learning [32], and parameter decoupling [33]. In contrast, multi-model approaches
tilize techniques such as development of personalized models for each edge node [34]. This method produces personalized models
y merging the models of various clients through weighted combinations.

PFL methods are presently dependent on a distance metric to evaluate the discrepancy among model parameters or loss values
f different edge nodes. Nonetheless, this methodology demonstrates insufficiency in capitalizing on the diversity inherent in the
atasets of edge nodes [35]. The inadequacy of the overall distance metric to consistently capture the importance of individual local
odels leads to imprecise aggregation weights and unfair node contributions. Consequently, this limitation hinders the potential for

chieving further personalization at scale for edge nodes, [36]. A key determinant of this phenomenon is the discrete functionalities
emonstrated by individual layers in a neural network. According to research in the field, it is suggested that shallow layers of a
eural network are responsible for local feature extraction, whereas deeper layers are specialized in extracting global features [37].
ailure to consider the distinctive characteristics of parameters in both feature extraction and classification layers can result in the
versight of substantial dissimilarities at the layer level within neural networks. The production of imprecise personalization can
mpede the effectiveness of PFL training.

This paper presents a novel framework for class-precision-centric personalized federated learning. After analyzing the character-
stics of parameters in the feature extraction and classification layers we devised appropriate aggregation strategies to be applied to
pecific layers. We presented a case study on thermal comfort data to illustrate the limitations of the conventional Fed-Avg based
ggregation methods. The case study illustrates how the traditional Fed-Avg aggregation scheme fails to achieve good performance.
his motivates us to investigate an efficient method for distinguishing layer-level characteristics to reallocate the weights to edge
odes based on their class precision based performance contribution.

Our focus in this research is resolving the aggregation problem in FL for non-IID data that exhibits class imbalance. Hence, we
ntroduce a novel and effective aggregation technique, which not only shortens the time required for training but also improves the
fficiency of communication. During aggregation, we are able to preserve the original representational capabilities of local models
y reallocating weights according to the precision-based contributions made by each node to each class. The proposed work makes
undamental contributions in the following ways:

1. Developed a mechanism to effectively address the challenge of model aggregation in FL, with a particular emphasis on
ensuring fair node contribution in the presence of imbalance non-IID data.

2. Proposed a novel Class Precision-Weighted Aggregation technique in an effort to enhance performance and communication
efficiency of FL.

3. To optimize the collaborative training process and improve the efficacy of the global model, we provide a thorough
exploration of client contribution assessment in the realm of FL model consolidation process.

4. Development of a Digital-Twin for FL representing a pivotal advancement in operational efficiency and optimization.
5. The developed Digital-Twin empowers the seamless monitoring and control of processes while minimizing downtime.
6. Constructed a functional prototype testing platform for FL on embedded devices, operating as cross-silo clients leading to

notable enhancements in both convergence speed and communication efficiency.

The subsequent sections of the document are organized in the following manner: Section 2 offers contextual information and
revious research. Section 3 provides a rationale for the proposed methodology. The implementation and experimental settings
re elaborated upon in Section 4. Section 4.2 presents an assessment of the performance and analyzes the results of the proposed
esearch. Finally, Section 6 provides a summary of the results obtained from the proposed study.

. Related work

This section focuses on relevant research pertaining to model aggregation techniques, privacy preservation, statistical hetero-
eneity, and enhancements in communication efficiency in the context of personalized federated learning.

.1. Statistical heterogeneity

Non-IID and imbalanced data pose statistical challenges in FL [38]. In the context of federated thermal comfort prediction, a
tatistical concern arises in ensuring that data from various sources (e.g., different city buildings or rooms) is representative of the
verall population and not skewed [39]. One of the major obstacles in this field is the development of accurate and reliable models
hat can effectively integrate data from multiple sources, while also maintaining privacy and security. Numerous inquiries have been
onducted regarding the feasibility of implementing federated learning with non-identically and independently distributed (non-IID)
ata. Recently, there has been a notable increase in the development of techniques aimed at achieving PFL [40]. The methodologies
an be broadly categorized into two groups, namely data-driven and model-driven techniques. The primary emphasis of data-based
pproaches is to address statistical heterogeneity present in clients’ data-sets, with the aim of improving model convergence. On the
ther hand, the model-based methodologies prioritize the creation of personalized model structures or parameters that are designed
o meet the unique needs of each client.
3
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2.1.1. Model personalization
Another strategy employed in data-driven PFL involves the dissemination of a limited segment of the overall data to individual

lients. De et al. [41] (2022) proposed a data augmentation techniques that generate supplementary data to augment local datasets
t the edge nodes, with the goal of achieving independent and identically distributed (IID) datasets. However, it is important to note
hat these methodologies often necessitate FL server to obtain statistical information pertaining to the local data distributions of
odes, such as class sizes, mean values, and standard deviations. This provision has the potential to raise concerns regarding privacy
olicies, as indicated in study [42]. According to Melis et al. [43] (2019), the security of FL is not absolute, as the transmission
f client-side model updates may potentially reveal confidential information about local data. As per findings of Bagdasaryan
t al. [44] (2020), it is possible for a malicious actor to manipulate a learning model through implanting a semantic backdoor
hat alters the model’s response to specific inputs. Thus, the adversary can deceive the model by inducing it to approximate a
elationship between input and output variables that are not truly representative of the underlying data. Xu et al. [45] (2019)
roposed a masking mechanism that preserves the client’s ability to verify the accuracy and integrity of the global model, while
lso safeguarding the privacy of the local gradients. This approach is developed with the aim of enhancing the security of the
lobal model. Several approaches to enhance the privacy of FL have been discussed in the literature, such as the Secure Multi-Party
omputation (SMC) protocol, differential privacy, and privacy cost, as previously explored in works by Abadi et al. [46] (2016),
onawitz et al. [47] (2017) and Truex et al. [48] (2019). Another potential area of investigation pertains to the development of
lient selection mechanisms aimed at achieving a more even distribution of data [49].

The categorization of model-based PFL techniques can be delineated into two distinct groups: namely, single-model and multiple-
odel methodologies. The derivation of single-model based techniques can be traced back to conventional federated learning

lgorithms such as Fed-Avg. According to Li et al. [50] (2020), the weight of a local models using Fed-Avg algorithm is determined
y the ratio of the data it contains to the total amount of data present across all participating clients. The techniques employed in this
tudy entail the optimization of both the local models and the global model. These techniques encompass five distinct approaches,
amely: local fine-tuning [51], regularization [52], model mixture [53], meta learning [54], and parameter decomposition [55].
ingle-model approaches are effective in addressing personalization. However, a multimodel-based approach that involves training
ultiple global models for heterogeneous clients is better suited to account for the diversity and intrinsic relationship of local
ata. Another study [56] suggested the implementation of a technique that involves training multiple global models at the server.
his approach entails the clustering of clients with similar characteristics into separate groups, and the training distinct models for
ach cluster. Additional approaches entailing the collaborative training of a personalized model for each node, are exemplified by
ethodologies such as FedFomo [57], MOCHA [58], KT-pFL [59], and various others. Based on the research conducted by Chen

t al. [60] (2019), it is recommended that all edge nodes partake in the aggregation process during each round. Additionally, the most
ecently trained models should be allocated more weight than the old ones. The utilization of minimax optimization strategy for the
urpose of improving the overall model and the agnostic nature of weight assignment in FL have been reported by Mohri et al. [61]
2019). Li et al. [62] (2019) proposed to assign higher weights to devices with lower performance in order to achieve a more
onsistent distribution of accuracy. Wang et al. [63] (2020) developed an experience-driven control architecture for collaborative
earning that optimally selects devices for FL, mitigating bias from non-IID client data. Furthermore skewed non-IID data will result
n a catastrophic loss in accuracy, as demonstrated by Zhao et al. [27] (2018).

The current body of literature primarily treats each edge node model as a cohesive unit, which limits the exploration of the
haracteristics of different model layers for improved generalization. Additionally, the commonly used metrics to measure node’s
ontribution are imprecise and unfair, potentially leading to sub-optimal performance. These limitations serve as the motivation
o develop a meticulous consolidation approach that can adapt to a wide spectrum of heterogeneous edge nodes. Our proposed
ork differs from previous methodologies that primarily evaluate model weights based on the size of local data-set as Fed-Avg.

nstead, we aim to capture the unique contributions of nodes to the consolidation of the global model, considering their class-wise
recision performance. Because of its more effective strategy, the aggregation technique proposed in this work not only addresses
he limitations of existing model consolidation techniques but also offers reduction in communication cost, leading to improved
onvergence. This attribute complements the existing techniques discussed previously and can be used in conjunction with them
o enhance the overall effectiveness of communication. By integrating our proposed approach with the existing methodologies, we
an leverage the strengths of each method and create a comprehensive framework for federated learning in non-IID settings. The
ombination of our fine-grained aggregation strategy and other techniques can result in superior convergence performance and
mproved efficiency, making FL more practical and applicable in real-world scenarios.

. Proposed class-precision based weighted aggregation mechanism

This section provides a thorough exposition of the proposed methodology. This study examines the utilization of the Fed-CPWA
ethodology for collaborative prediction of thermal comfort.

.1. Motivation

To illustrate the drawbacks of the current Fed-Avg based aggregation, let us consider the following scenario. We selected ten edge
odes to participate in FL, where each of them represents one city in a cross-silo manner. We used ASHRAE thermal comfort data-set,
o train a Long-short Term Memory unit with Convolutional Neural Networks (LSTM-CNN) model on a single class of data. During
4

ach communication round, we selected these ten edge nodes to participate in collaborative training, and their local model updates
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in the classification layer are aggregated for analysis. Upon analysis, we observed distinct patterns in the parameters updates of each
node. The variation in parameter updates arises from training to recognize a specific class of thermal state. Consequently, each edge
node possess unique regions within its model, characterized by prominently weighted parameter values. Importantly, we observed
that the weights in the classification layer of each node’s local model can detect and match the particular features associated with
the class of thermal states it has been trained on. This capability enables accurate classification results to be obtained. Considering
the classification loss, indicated as 𝐿, for a certain model 𝑀 on a client data-set 𝐷. 𝐿(𝑀,𝐷). Fed-Avg computes the global model

𝑡+1 in a federated learning setup with 𝐾 clients by calculating the weighted average of the local models 𝑀𝑖 on each client 𝑖.

𝑀𝑡+1 =
1
𝐾

𝐾
∑

𝑖=1
𝑀𝑖 (1)

Alternatively:

𝑀𝑡+1 =
1
𝐾

𝐾
∑

𝑖=1
[𝑀𝑡𝑖 − 𝜂∇𝐿(𝑀𝑡𝑖 , 𝐷𝑖)] (2)

where 𝜂 represents the learning rate and ∇𝐿(𝑀𝑡𝑖 , 𝐷𝑖) represents the gradient of loss-function for node 𝑖.
However, it is important to note, that each node’s data-set consists solely of a single class of data, and the classes between any two

edge nodes can differ significantly. As a result, each edge node’s local model 𝑀𝑖 has distinct and discernible parameters that primarily
contribute to feature matching and classification outcomes. Therefore during the process of model aggregation, there is a possibility
that certain prominent parameters are diminished. This risk is a result of the inherent variability of parameter distributions and
the divergent nature of thermal state classes across edge nodes. Consequently, when the local models are aggregated to produce an
updated global model, the impact of these significant classification-critical parameters may be diminished. As a result, the utilization
of Fed-Avg for model aggregation may not effectively maintain the distinct attributes inherent in the local model of each node. The
aforementioned constraint has the potential to result in sub-optimal performance as the unique patterns and characteristics that are
exclusive to the data of each individual edge node may not be sufficiently captured in the consolidated model using Fed-Avg. In the
end, this may lead to reduced classification efficacy and model biases towards majority class. To analyze the variance of the local
model updates at a certain communication round 𝑡 we provide a mathematically illustration as follows:

𝑉 𝑎𝑟(𝑀𝑡𝑖 ) = 𝐸[(𝑀𝑡𝑖 − 𝐸[𝑀𝑡𝑖 ])
2] (3)

Where 𝐸 is quantified as an expectation-operator. The variance of the global model update acquired using Fed-Avg can then be
calculated as follows:

𝑉 𝑎𝑟(𝑀𝑡+1) = 𝐸[(𝑀𝑡+1 − 𝐸[𝑀𝑡+1])2] (4)

This equation can be expanded as follows using the linearity of expectation:

𝑉 𝑎𝑟(𝑀𝑡+1) = 𝐸[( 1
𝐾

𝐾
∑

𝑖=1
(𝑀𝑡𝑖 − 𝐸[𝑀𝑡𝑖 ]))

2] (5)

The proposed method of aggregating prominent parameters yields an updated global model whose variance can be calculated as:

𝑉 𝑎𝑟(𝑀 ′𝑡 + 1) = 1
𝐾2

∑

𝑖 = 1𝐾𝑉 𝑎𝑟(𝑃𝑟𝑜𝑚𝑖𝑛𝑒𝑛𝑡(𝑀𝑡𝑖 )) (6)

here 𝑃𝑟𝑜𝑚𝑖𝑛𝑒𝑛𝑡(𝑀𝑡𝑖 ) represents the local model’s 𝑀𝑡𝑖 key parameters.
We draw a comparison of the average variances of 30 test-cases for 70 communication rounds as depicted in Fig. 2. We applied

wo aggregation schemes firstly using Fed-Avg and compared it with Prominent-Region Averaging (PR-Avg). The findings of the
tudy indicate that the mean variance for Fed-Avg and PR-Avg are 3.67% and 2.68%, respectively.

.2. Proposed approach

Previously many studies employed the Fed-Avg method for aggregation in federated learning due to its simplicity of implemen-
ation. However to solve the challenge associated with basic Fed-Avg technique, our proposed approach aims to ensure fairness in
ederated learning by assigning weights to nodes based on their contribution to the global model. Instead of considering the amount
f data owned by the nodes, as Fed-Avg does, we propose re-assigning weights to nodes based on the precision performance-based
ontribution to each class. Our proposed aggregation scheme aims to maintain a fair local model representation in the global model.
or better comprehension of the proposed concept, we conducted an analysis of the characteristics of parameter update at various
ayers of the local models. This analysis provided us with insights into the distinct patterns displayed by these parameters, shedding
ight on the significance of the proposed method. Specifically, analyzing the distribution of weight updates in different layers of
he Convolutional Neural Network (CNN) allowed us to observe that the parameter update patterns are intuitively clear at the
lassification layer, but less so for other layers.

In the context of a CNN model, specifically its feature extraction and classification layers, we introduce notations for the fully
onnected layer and classification layer weights, denoted as 𝑤𝑓𝑒 and 𝑤𝑐𝑙, respectively. During the federated learning process, the
ramework employs a weighted average of local model parameters from selected edge nodes during each communication round to
5

pdate the network weights.
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Fig. 2. Average test accuracy of FA and PRA.

The updated weights for each layer are depicted as follows:

𝑤𝑓𝑒,𝑛𝑒𝑤 = 1
𝑁

𝑁
∑

𝑖=1
𝑤𝑓𝑒,𝑖 (7)

𝑤𝑐𝑙,𝑛𝑒𝑤 = 1
𝑁

𝑁
∑

𝑖=1
𝑤𝑐𝑙,𝑖 (8)

Provided that 𝑁 nodes participate in collaborative model training, while 𝑤𝑓𝑒𝑖 and 𝑤𝑐𝑙𝑖 denote the weights of the feature extraction
nd classification layers of the 𝑖th local model, respectively, and 𝐼 is a random number. By comparing the update norms of the fully
onnected layer with those of the classification layer, we can observe that the parameter update patterns are more distinguishable
n the latter, as depicted in Fig. 3. The update norm of each layer can be expressed as follows:

‖

‖

‖

𝑤(𝑡+1)
𝑓𝑒 −𝑤(𝑡)

𝑓𝑒
‖

‖

‖2
=

√

√

√

√

𝑛
∑

𝑖=1

(

𝑤(𝑡+1)
𝑓𝑒,𝑖 −𝑤(𝑡)

𝑓𝑒,𝑖

)2
(9)

‖

‖

‖

𝑤(𝑡+1)
𝑐𝑙 −𝑤(𝑡)

𝑐𝑙
‖

‖

‖2
=

√

√

√

√

𝑛
∑

𝑖=1

(

𝑤(𝑡+1)
𝑐𝑙,𝑖 −𝑤(𝑡)

𝑐𝑙,𝑖

)2
(10)

where 𝑛 represents the number of weight parameters. In the case where 𝑚 edge nodes are selected for federation and the global
model is updated using the Fed-Avg method, with the update at each communication round 𝑡 stated as:

𝑤(𝑡+1) =
𝑚
∑

𝑖=1

𝑛𝑖
𝑛
𝑤(𝑡+1)

𝑖 (11)

In this discourse, it becomes evident that the quantity of weight parameters associated with a designated node represented as 𝑖
is commensurate with the value of 𝑛𝑖. Given that the feature extraction layer possesses 𝑛𝑓𝑒 weight parameters and the classification
ayer possesses 𝑛𝑐𝑙 weight parameters. The formula presented herein may be utilized to obtain the mean and maximum update norms
or every layer.

The feature extraction layer average update norm is as follows:

1
𝑚

𝑚
∑

𝑖=1

𝑛𝑓𝑒,𝑖
𝑛𝑓𝑒

‖

‖

‖

𝑤(𝑡+1)
𝑓𝑒,𝑖 −𝑤(𝑡)

𝑓𝑒,𝑖
‖

‖

‖2
. (12)

For the classification layer, the average update norm is computed as:

1
𝑚

𝑚
∑

𝑖=1

𝑛𝑐𝑙,𝑖
𝑛𝑐𝑙

‖

‖

‖

𝑤(𝑡+1)
𝑐𝑙,𝑖 −𝑤(𝑡)

𝑐𝑙,𝑖
‖

‖

‖2
. (13)

The provided expression represents the maximum update norm of the classification layer:
𝑚

max
𝑛𝑓𝑒,𝑖

‖

‖𝑤(𝑡+1)
𝑓𝑒,𝑖 −𝑤(𝑡)

𝑓𝑒,𝑖
‖

‖ (14)
6

𝑖=1 𝑛𝑓𝑒 ‖ ‖2
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Fig. 3. Parameter-update patterns in a local model.

The provided expression represents the maximum update norm of the classification layer:
𝑚

max
𝑖=1

𝑛𝑐𝑙,𝑖
𝑛𝑐𝑙

‖

‖

‖

𝑤(𝑡+1)
𝑐𝑙,𝑖 −𝑤(𝑡)

𝑐𝑙,𝑖
‖

‖

‖2
(15)

The above equations illustrate how update norms are proportionally adapted in accordance with the weight parameters in each
layer.

Contrasting with patterns in feature extraction and fully connected layers, the parameter update patterns in the classification
layer are distinct and discernible. This implies that changes in weight values within the classification layer are more noticeable and
promptly impact the model’s classification accuracy.The update mechanism for parameters in the classification layer is anticipated
to align with the distinctive attributes of classified classes. This study introduces a precision-weighted aggregation approach, with a
specific application to the classification layer. The aforementioned methodology entails the allocation of weights to individual nodes,
predicated on their precision performance in classifying each respective class. The proposed methodology endeavors to maintain the
unique classification patterns and local representation of each node’s model, specifically in the classification layer, by reallocating
class precision-specific weights during model consolidation.

3.3. Key concept

In this study, we proposed Fed-CPWA technique for improved model consolidation in FL. In order to create an effective
weight assignment strategy for aggregation, we suggested new definitions of contribution. The proposed Fed-CPWA method uses
node’s precision-based performance contribution for each class to assign relative weights to them. The level of precision indicates
how frequently out of a particular number of promising findings, correct predictions are made. Therefore, we must take into
consideration the quality and relevance of the local models for individual classes or tasks before aggregating them so that the local
representativeness of nodes are maintained fairly during model aggregation. Regarding federated learning, the precision metric of a
node pertaining to a particular class 𝑗 serves as a reliable measure of the node’s accuracy in classifying that particular class. A high
precision score indicates that the node’s judgments regarding class 𝑗 are more trustworthy. Consequently, when comparing nodes
that have lower precision scores for the same class, it is generally believed that the classification assessments made by nodes with
higher precision scores are more accurate. To capitalize on this observation, we propose a weighting strategy that assigns greater
importance to the local model of node 𝑛 when aggregating the global model for class 𝑗. This approach recognizes that the model of
node 𝑛 significantly contributes to enhancing the overall performance of the global model, particularly for class 𝑗. By prioritizing
the inclusion of the most appropriate and reliable local models for each class, our aim is to enhance the effectiveness and efficiency
of the federated learning process. Following this, we articulated the definition of Fed-CPWA contribution as:

𝜆𝑐𝑖𝑛 =
𝜌𝑐𝑛

∑𝑁
𝑖=1,𝑛∈𝑆𝑡 𝜌𝑖

In relation to the aforementioned equations, the variables 𝜆𝑐𝑖𝑛 and 𝜌𝑐𝑛 denote the precision-based contribution of node 𝑛 towards
the 𝑖𝑡ℎ class, which is then divided by the aggregate precision contribution scores of all nodes for the 𝑖𝑡ℎ class. While 𝑛 ∈ 𝑆 represent
a set of nodes participating in the collaborative model training at a round 𝑡. With this concept of contribution, The operational
overview of Fed-CPWA for collaborative thermal comfort prediction system developed is depicted in Fig. 4.

The initialization of the global model is the first step taken by the server. Each communication cycle involves the execution of
the subsequent tasks by the server. The collaborative model training process involves the selection of a subset of nodes from the
available nodes, which is carried out by the server using a predefined parameter denoted as 𝑞. Upon selecting the nodes, the server
sends the initial global model to the selected nodes to facilitate localized training. The edge nodes train the local model using their
7
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Fig. 4. Operational overview of the proposed Fed-CPWA technique.

private data. The data stored on each node undergoes batch processing and is split into fixed number of batches with predefined
size BS. The model is updated using mini-batch stochastic gradient decent algorithm with a learning rate 𝜂 for superior convergence.
After model training each node sends its local parameters along with classification report containing the class wise precision to the
server.

After receiving the latest updates of local models from participating nodes, the server proceeds to aggregate the received
parameters. To determine the contribution of each node to each class, a decision-making function is executed, as indicated in Line
12 of the algorithm. This function plays a crucial role in the contribution calculation mechanism. To compute the contribution, the
decision function evaluates the class-wise precision of all nodes, denoted as 𝜌𝑐𝑛. Only nodes that meet the predefined threshold criteria
for precision in classifying a specific class are considered in the contribution calculation process for that class. Nodes that fail to
meet the threshold are excluded from the calculation for that particular round. For a clearer understanding of the process, Algorithm
1 outlines the step-by-step procedure involved in federated learning using the Fed-CPWA scheme. It provides a comprehensive
representation of how the contribution calculation and aggregation take place within the federated learning framework. By
incorporating the decision function and precision threshold criteria, the Fed-CPWA scheme ensures that only nodes with satisfactory
precision values for classifying specific classes actively contribute to the aggregation process. This approach enhances the efficiency
and effectiveness of the federated learning process by prioritizing nodes with reliable classification capabilities and excluding nodes
that do not meet the precision criteria.

Based on the output of decision function the contribution of each node for all of its classes is calculated (Line 13). Afterwards
the parameter updates for classification layer and feature extraction layer are computed. In the feature extraction layer, the updates
to the weights △𝑤𝑓𝑒

𝑛 are calculated using a conventional weighted averaging scheme. This scheme determines the weights based
on the amount of data available at each node (as shown in Line 16 of the algorithm). On the other hand, in the classification layer,
the pre-computed contributions are utilized as weights to determine the parameter updates △𝑤𝑐𝑙

𝑛 (as depicted in Line 19). These
contributions, which reflect the trustworthiness and accuracy of each node’s classification abilities, play a crucial role in determining
the updates for the classification layer parameters.

Subsequently, the changes to the parameters of the classification layer are merged with those of the feature extraction layer
to obtain the final model update △𝑤 (as indicated in Line 19). This step ensures that the updates from both layers are combined
effectively, capturing the necessary adjustments for the overall model.

The resulting model update △𝑤 is then combined with the existing global model 𝑤𝑡 to form the new model 𝑤𝑡+1 (as shown in
Line 21). This iterative process continues for a predetermined number of iterations until an optimal global model is achieved.
The repeated merging of parameter updates and the integration of contributions from both layers contribute to refining and
improving the global model over time. By following this procedure, the developed algorithm progressively refines the global model,
8
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Algorithm 1: Class-imbalance Aware Precision-Weighted Aggregation Mechanism
1 Server executes:
2 Initialize global model with parameters 𝜔0

3 for communication round 𝑡 = 0, 1,… do
4 𝐴vailable(𝑡)node ← get available set of nodes;
5 number_node (𝑡) ← 𝑚𝑖𝑛

(

𝑞, ||
|

𝐴vailbable(𝑡)node
|

|

|

)

;

6 𝑆(𝑡) ← select number_node (𝑡) nodes from 𝐴vailable(𝑡)nodes ;
7 for each node 𝑛 ∈ 𝑆(𝑡) in parallel do
8 𝛥𝜔𝑛 ← NodeUpdate

(

𝜔(𝑡))

9 if 𝜌𝑐𝑛 is receive then
10 check decision function based on 𝜌𝑐𝑛
11 else
12 wait for all nodes to send model parameters and classification report

13 if 𝜌𝑐𝑛 ≥
∑

𝑖∈𝑆 𝜌𝑖
|𝑆| then

14 continue with the contribution calculation process
15 else
16 Discard class-precision weights of underperforming nodes for that class during contribution calculation

17 for feature extraction layers do
18 𝛥𝑤𝑓𝑒

𝑛 ←
∑

𝑛∈𝑆
𝑆𝑎𝑚𝑛

∑𝑁
𝑛=1 Sam𝑛

(

𝑤𝑛
)

19 for each node 𝑛 ∈ 𝑆(𝑡) do
20 𝛥𝑤𝑐𝑙

𝑛 ← 𝜆𝑐𝑖𝑛 ×𝑤𝑐𝑙
𝑛,𝑐𝑖

21 𝛥𝑊 = 𝛥𝑤𝑓𝑒
𝑛 + 𝛥𝑤𝑐𝑙

𝑛

22 𝑤(𝑡+1) ← 𝑤𝑡 + 𝛥𝑊

23 Node n Executes 𝑁𝑜𝑑𝑒𝑈𝑝𝑑𝑎𝑡𝑒𝑛(𝜔𝑔𝑙𝑜𝑏𝑎𝑙)
24 Copy 𝜔global to 𝜔𝑛
25 for epoch 1 to ep do
26 Split local data with size bs
27 for Minibatch 𝑚𝑏 do
28 𝜔𝑛 ← 𝜔𝑛 − 𝜂∇𝐿

(

𝜔𝑛; 𝑏
)

29 Send (𝜔𝑔𝑙𝑜𝑏𝑎𝑙 − 𝜔𝑘) to server;
30 if n is a newly added node then
31 Send 𝜌𝑛 to server

incorporating the knowledge and contributions from individual nodes in an iterative manner. This approach ensures the convergence
towards an optimal global model by leveraging the weighted averaging scheme in the feature extraction layer and the utilization
of pre-computed contributions in the classification layer.

The scalability of the proposed methodology is assessed by analyzing the space and time complexity of the developed algorithm
. The process of selecting nodes for federation, as outlined in lines 3-5, remains constant within each communication cycle. After
he selection of edge nodes, they engage in parallel training of their local models and subsequently share their respective local
pdates with the server. The temporal consistency of this process is ensured by the establishment of reporting deadlines for nodes.
he proposed algorithm’s time complexity can be expressed as 𝑂(𝑐𝑖 + (|𝑊 |) ∗ 𝑅 ∗ |𝑆𝑡

|), where 𝑐𝑖 represents the total number of
lasses, |𝑊 | is the size of the model, 𝑅 denotes the number of communication rounds, and |𝑆𝑡

| denote the number of participating
odes in round 𝑡.

Breaking this down further, 𝑂(𝑐𝑖) represents the time complexity required to calculate the contribution of each node for each
lass. The aforementioned process involves evaluating the class precision of every node for each class, utilizing the classification
eport shared by the edge node. The first term 𝑂(𝑐𝑖) corresponds to the time required for calculating the contribution of each node for

each class, with the duration of this procedure being directly proportional to the number of classes. The second term (|𝑊 |) ∗ 𝑅 ∗ |𝑆𝑡
|

orresponds to the time required for updating the global model after each round using the proposed weight aggregation scheme.
his involves computing the weighted average of the local model updates from all nodes, and its time complexity is proportional
o the size of the model. Additionally, the number of communication rounds and the number of participating nodes also affect the
ime taken for this operation. Combining the preceding steps, this formulation takes into account the computation of contributions,
pdates to the local models, and the size of the model. Furthermore, it accounts for the number of communication rounds denoted
y 𝑅 and the number of nodes participating in the process represented by |𝑆𝑡

|.
9
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As an additional consideration for the space complexity, every node must keep track of the most recent global model, its own
ocally updated model, in addition to any update that must be reported. In a federated thermal comfort scenario, we want to
ptimize the accuracy of all classes in case of non-IID data. As part of this effort, we considered the precision performance of
odes for their respective classes. During aggregation, the node with the highest precision performance for a given class receives
larger share of the weights. By analyzing the complexities of time and space, one can gain a more profound understanding of

he possible extension of the given methodology. The linear time complexity of the method in relation to the number of nodes
nhances its effectiveness as a tool for efficiently managing large-scale FL scenarios. The aforementioned discoveries enhance our
omprehension of the proposed algorithm’s efficacy and capacity to handle larger data-sets, thus facilitating the ability to evaluate
ts practicality for diverse real-world scenarios involving varying quantities of nodes.

. Experimental setup

In this section, we provided a comprehensive description of the experiments, implementation, and configuration settings of
he developed systems. For comparative analysis of the proposed work, we selected Fed-Avg as our baseline [60]. The experiments
nvolved the selection of 10 edge nodes during each communication round. To conduct a real-time assessment of the developed Fed-
PWA scheme, we established a dedicated test-bed equipped with embedded devices. This enabled us to evaluate the performance
f the system in a practical setting, ensuring a realistic assessment of its capabilities.

.1. Data description

The data-set is obtained from American Society of Heating, Refrigerating and Air-Conditioning Engineers (ASHRAE) [64] thermal
omfort database for evaluation of proposed technique . The data-set comprises more than 25,000 user comfort votes, encompassing
0+ features, collected from 52 cities across 13 climate zones worldwide.The dataset comprises assessments for three distinct
entilation systems, namely natural ventilation, Heating, Ventilation, and Air Conditioning (HVAC), and mixed ventilation. The
xperimental research only employed data samples from HVAC buildings from the considered data-sets. The data-set is pre-processed
y removing missing values, imputing data, and performing label encoding. The distribution of data among nodes exhibits non-IID
istribution with an uneven proportion of samples across classes (class imbalance). Fig. 5 presents the details of the data and feature
istribution. The graphic clearly illustrates the local data distribution for each client on the 𝑦-axis, with the 𝑥-axis representing the

number of samples.This visual representation showcases diverse patterns of sample sizes and feature distributions, highlighting the
degree of data distribution imbalance. Such insights are invaluable for understanding the dataset and its inherent characteristics

To process the dataset, we converted categorical attributes to numerical values and removed any missing data, replacing it with
the median value. After data processing the data is scaled in a specified range using Robust-Scaler method. The Robust-Scaler method
plays a crucial role in the data pre-processing step. The first step of the process involves subtracting the median value from the data.
Following this, a scaling factor based on the inter-quartile range is applied to the feature vectors.

𝑎𝑖 =
𝑎𝑖 −𝑄1

(

𝑎𝑖
)

𝑄3
(

𝑎𝑖
)

−𝑄1
(

𝑎𝑖
) (16)

Specifically, for each feature, denoted as 𝑛, the first and third quartiles are quantified as Q1 and Q3, respectively, across the feature
vectors. This allows for robust and standardized feature scaling in the data-set. To ensure consistent and manageable data processing,
we simplify the seven-point thermal comfort scale by converting it into a 5-scale. Within the ASHRAE thermal comfort data-set,
several common features are available, including air velocity (m/s), temperature (◦C), relative humidity (%), outdoor temperature
(◦C), clothing insulation (clo), metabolic rate (met), predicted percentage of dissatisfaction (PPD%), standard effective temperature
(SET), and thermal sensation (target).

Fig. 6 illustrates the distribution of target percentages (thermal states) for each client. It is evident from the figure that the class
and label distribution exhibits significant imbalance. Further there is a noticeable disparity among the three target distributions,
with the range of (−1 to 1) experiencing a significantly higher occurrence compared to the other two ranges. Due to the class
imbalance, the global model may exhibit poor performance, particularly for the minority classes. This highlights the need for a fair
aggregation method that can mitigate the impact of class imbalance and ensure equitable representation of all classes in the model.
By addressing this issue, the proposed fair aggregation method aims to improve the overall performance, accuracy and precision of
the global model in handling imbalance non-IID data-set.

4.2. Performance analysis

To assess the efficacy of the proposed collaborative thermal comfort prediction model, the Fed-CPWA system adopts a hybrid
architecture, fusing BiLSTM-CNN. This approach enables a comprehensive evaluation of the model’s predictive capabilities for
thermal comfort levels. A comparative analysis is conducted against baseline models like Fed-Avg-ANN, Fed-Avg-DNN, Fed-Avg-
CNN, Fed-Avg-(BiLSTM-CNN), and centralized training schemes. In order to assess the performance of the model, a range of metrics
are utilized, including Accuracy, Precision, F1 score, Cross-Entropy loss, and the Matthew Correlation Coefficient (MCC). These
evaluation metrics offer a comprehensive assessment of the classification model’s performance, including its accuracy, precision,
recall, and the overall difference between predicted and actual labels. Accuracy measures the number of correctly predicted instances
10

in proportion to the total number of observations. Precision, on the other hand, measures the number of correctly predicted positive
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Fig. 5. Data and feature distribution analysis.

Fig. 6. Analysis of target distribution.

nstances in proportion to the total number of predicted positive instances. These metrics are essential for evaluating the effectiveness
f a classification model. Additionally, the F1 score is a composite metric that combines both precision and recall and is particularly
seful in handling imbalanced and non-IID datasets. The F1 score calculates the harmonic mean of precision and recall, making
t an excellent metric for evaluating the model’s overall performance. Meanwhile, the Matthews Correlation Coefficient (MCC) is

statistical metric that assesses the model’s efficacy by measuring the difference between expected and actual results. The MCC
odel is expressed as follows:

𝑀𝐶𝐶 =
𝑘𝑥𝑦 −

∑𝐶
𝑐 𝑑𝑐𝑥𝑡𝑐

√

(

𝑒2 −
∑𝐶

𝑐 𝑝2𝑐
)

(

𝑒2 −
∑𝑐

𝑐 𝑡2𝑐
)

(17)

CC takes into account the true and false positives and negatives and provides a balanced measure of the model efficiency. In the
ontext of thermal comfort classification, the confusion matrix 𝐶𝑀 is utilized to represent the classification performance for all

classes belonging to set 𝐶. The number of correctly classified samples is denoted as 𝑘, which is equal to the sum of the diagonal
elements of 𝐶𝑀 , i.e., 𝑘 =

∑𝐶
𝑐 𝐶𝑀𝑐𝑐 . The total number of samples is represented by 𝑦, which is equal to the sum of all elements in

𝑀 , i.e., 𝑦 =
∑𝐶

𝑖
∑𝐶

𝑗 𝐶𝑀𝑖𝑗 . The number of predictions made for a specific class 𝑐 is represented by the sum of the elements in row 𝑐
f the confusion matrix, denoted as 𝐶𝑀𝑐𝑖, where 𝑖 ranges from 1 to the total number of classes 𝐶. However, it is important to note
hat this count differs from the actual frequency of occurrence of class 𝑐. To ensure accurate predictions of thermal comfort, the
nified global model employs the k-fold cross-validation approach. The estimated score is obtained by averaging the predictions, as
11

hown in Table 5, allowing for more reliable and robust predictions of thermal comfort levels.
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Table 1
Configuration of (BiLSTM-CNN) hyper-parameters.
Hyperparameter Details

Bi-LSTM Units 256 (step size = 128, Relu)
Filters Con. L 128 (step size = 32)
Kernel size Con. L 5
Dropout 0.1
Opt. function Adam
Learning rate 0.001 with momentum 0.5
Batch size 128

Table 2
Implementation environment.
System components Description

Operating System Client: Raspberry Pi, Ubuntu 20.04 LTS
Server: Virtual Machine Windows 10 for PC

Primary Memory 4, 8, 32 GB RAM
Processor Intel®Core ™ i9-2130 CPU at 3.40 GHz

Raspberry pi Mode 3, 4 B
Core Programming Language Python
IDE Spyder Professional
Core Libraries Tensorflow, pytorch scikit-learn, pandas, matplotlib

4.3. Model architecture

This section provides further details regarding the model framework employed for assessing the suggested approach. According
o empirical analysis, the optimal configuration for Neural Networks involves utilizing two hidden layers, with each layer consisting
f 64 neurons and implementing the ReLU activation function. However, in the Fed-ANN model, the Softmax activation function
s used in the output layer. The model is optimized using mini-batch stochastic gradient descent with a batch size of 200 and a
earning rate of 0.001. To ensure that the model generalizes well, we employ a ten-fold cross-validation scheme. The grid search
lgorithm enables us to fine-tune the parameters for the proposed biLSTM-CNN model as well, and the details of these optimized
arameters can be found in Table 1. This approach ensures that the employed model generalize well and effectively capture the
nderlying patterns and relationships in data. In terms of the model architecture, the developed model combines the strengths of
NN and BiLSTM into a single model. While the effectiveness of BiLSTM in thermal comfort prediction has been demonstrated,
he combination of the two allows us to assess their adaptability to each other. The major strength of this developed model lies in
ts ability to efficiently extract relevant information from thermal comfort data through the utilization of convolutional layers. The
utput is then fed into a BiLSTM model, enabling the bidirectional preservation of chronological relationships within the data.

.4. Implementation environment

The experimental evaluation is performed on embedded devices (Raspberry-pi) model 3 and 4 B, as edge nodes and a virtual
achine with Intel Core i9-2130 CPU, 3.40 GHz processor with 64 GB ram as server. Both the client and server machines run Ubuntu

erver 20.04 LTS operating system. Python and TensorFlow are used as core programming languages with inbuilt libraries and
ackages. The detailed implementation and development environment is presented in Table 2. The proposed model’s performance
s evaluated using a number of quality indicators as describe previously. The experimental results are obtained after 20 server rounds
ith 5 local epochs each and a total of 100 iterations.

.4.1. Development of intelligent digital-twin platform for CPWA-FL
Our proposed CPWA-FL system features a Digital-Twin (DT) that leverages the virtualization property of digital twins to enable

he dynamic registration and participation of edge nodes. In this approach, every device in the network has a corresponding virtual
bject in the DT environment that replicates all the properties of the physical node. The developed platform provides real-time
onitoring and control of the FL process via an interactive web application. This application visualizes prediction outcomes and
erformance as demonstrated in Figs. 7 and 8. HTTP is utilised for the purpose of transferring control instructions and monitoring
ata. The developed system furnishes a reliable and efficient mechanism for decentralized collaborative model training in distributed
nd heterogeneous environments.

While each node is equipped with an assistance application for data transfer that is operational on its respective local
nternet Protocol (IP) address and registered port. The DT assistance application comprises two distinct modules, specifically the
ender/receiver and model training. Furthermore, it can be utilized for the purpose of device supervision and management through
he transmission of control directives from the digital replica. The operational workflow of the developed system can be summarized
n five steps. First, the DT is initiated and the nodes are registered using their respective IP addresses and ports. Second, the DT
ssistance application is deployed and launched on each node. Third, the initial configuration for FL is established. Fourth, the
erver and nodes are started from the DT. Finally, the FL process commences.
12
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Fig. 7. Layered architecture of Digital-Twin for CPWA-FL.

Fig. 8. Intelligent Digital-Twin based collaborative training process.

The proposed framework requires the DT user to design the model, register nodes, and configure the FL training process. Once the
FL process starts, the DT generates FL configurations that are transmitted to the registered nodes. The nodes accept the configurations
and initiate the training process under the server’s guidance. To streamline this process, nodes use the DT assistant application to
regularly transmit their status and performance updates to the server. The server assigns a unique identifier to each node and
dynamically allocates a distinct port to prevent port conflicts. Next, the server conducts a search for accessible ports and assigns
one to each node, then transmits the configuration file to every node via their registered IP address and port number. By specifying
the input and output dimensions, the digital twin’s model management generates a model for local data. The initial model undergoes
13
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Table 3
Accuracy comparison of Fed-Avg-DL models with Fed-CPWA on test data.

Approach C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

Fed-Avg (ANN) 64.88 ± 2.93 48.60 ± 2.10 57.71 ± 1.11 43.54 ± 0.67 63.03 ± 1.97 46.01 ± 1.24 69.10 ± 2.32 46.90 ± 1.79 64.56 ± 2.64 41.77 ± 1.95
Fed-Avg (DNN) 66.76 ± 1.12 51.82 ± 1.76 65.12 ± 1.45 50.99 ± 1.92 65.57 ± 1.86 50.44 ± 0.90 73.96 ± 1.56 54.14 ± 0.32 71.25 ± 1.74 45.18 ± 1.35
Fed-Avg (BiLSTM-CNN) 67.24 ± 1.99 53.21 ± 1.89 48.01 ± 1.69 60.34 ± 1.74 63.89 ± 1.62 61.01 ± 1.38 64.01 ± 1.01 61.01 ± 1.91 60.01 ± 1.77 59.01 ± 1.70
Fed-CPWA (BiLSTM-CNN) 85.25 ± 1.75 83.10 ± 1.00 77.60 ± 3.30 79.40 ± 3.90 87.50 ± 1.20 81.85 ± 2.20 83.50 ± 1.50 82.60 ± 2.80 81.25 ± 2.75 86.35 ± 1.40

Table 4
F1 score comparison of FedAvg-DL models with FedCPWA on test data.

Approach C1 C2 C3 C4 C5 C6 C7 C8 C9 C10

Fed-Avg (ANN) 63.82 ± 1.43 47.23 ± 1.53 56.43 ± 1.76 41.98 ± 1.53 61.79 ± 1.36 45.30 ± 2.33 67.45 ± 1.66 44.20 ± 1.47 63.92 ± 1.63 39.35 ± 1.74
Fed-Avg (DNN) 64.21 ± 1.02 49.69 ± 1.65 61.63 ± 1.12 47.69 ± 1.70 63.68 ± 1.53 47.63 ± 1.28 69.47 ± 1.53 51.98 ± 1.47 68.63 ± 1.11 44.85 ± 1.82
Fed-Avg-(BiLSTM-CNN) 64.51 ± 1.79 50.73 ± 1.62 45.28 ± 1.34 59.83 ± 1.62 60.90 ± 1.74 58.84 ± 1.92 62.41 ± 1.66 57.65 ± 39.98 54.24 ± 1.48 58.59 ± 1.93
Fed-CPWA(BiLSTM-CNN) 83.89 ± 0.65 84.53 ± 1.29 76.63 ± 1.89 78.52 ± 1.01 85.78 ± 1.25 80.99 ± 1.56 81.80 ± 1.46 80.93 ± 1.17 61.52 ± 1.82 58.15 ± 1.20

Table 5
Average results comparison of Fed-Avg and Fed-CPWA on ASHRAE thermal comfort
data-set.

Approach Accuracy Precision F1 score

Fed-Avg 60.07 ± 3.94 58.93 ± 3.03 57.98 ± 3.22
Fed-CPWA 82.85 ± 3.13 80.65 ± 2.95 79.54 ± 2.40

training for a specified number of epochs, and the resulting weights and performance are sent to the server for further processing.
Configuration options for decentralized training include details of the data to be used, the IP address and port number of the server,
learning algorithm, the number of server rounds, and the count of local epochs.

4.5. Results

This section presents a comparative analysis between the Fed-CPWA strategy and Fed-Avg, utilizing three efficient predictive
odels: Artificial Neural Network (ANN), Deep Neural Network (DNN), and BiLSTM-CNN. These models have been chosen for their

trong predictive capabilities.
To ensure unbiased evaluation, uniform data is utilized across all models. Tables 3 and 4 comprehensively evaluate accuracy and

1 scores respectively for the proposed Fed-CPWA technique and the baseline Fed-Avg method. Contrasting the Fed-CPWA approach
sing the BiLSTM-CNN model with the Fed-Avg method, Table 5 displays average results. The identified variations may lead to
iverse precision and F1 scores among nodes, particularly when nodes contain varying class distributions. Consequently, a node with
larger portion of samples from a specific class might outperform others in terms of performance. Notably, the findings underscore
ed-CPWA’s effectiveness in addressing class imbalance and heterogeneity, culminating in improved precision and predictions across
odes.

The comparative analysis presented in Table 5 provides insights into the performance of the proposed scheme. The results
learly reveal Fed-Avg’s shortcomings in non-IID scenarios. This degradation is primarily attributed to class imbalance affecting its
erformance. The skewed data distribution poses considerable challenges for models trained on imbalanced data, potentially leading
o reduced accuracy, precision, and F1 scores in underrepresented classes. Consequently, weighted averaging-based techniques alone
re insufficient to tackle these challenges. Hence, Fed-Avg falls short in creating a globally robust model capable of achieving high
erformance across all classes and accurately representing all nodes.

In contrast, the proposed Fed-CPWA technique demonstrates its effectiveness by achieving an overall accuracy of 82.85%,
utperforming Fed-Avg, which achieved 60.07% accuracy. A noteworthy result of our study is the superiority of the proposed
cheme in accurately classifying thermal states. The performance of biLSTM-CNN model can be attributed to its ability to preserve
igher-order associations and effectively analyze spatial and temporal information in thermal comfort data, which greatly contributes
o its superior performance.

The global accuracy and loss curves depicted in Fig. 9 also lend credence to the idea that the BiLSTM-CNN model can self-correct
nd self-learn when applying the CPWA strategy to deal with model aggregation challenges under non-iidness and class imbalances.
ccuracy, Precision, F1 score, and MCC are all improved by using Fed-CPWA based biLSTM-CNN model for collaborative thermal
omfort prediction. When compared to Fed-Avg, it is clear that Fed-CPWA require significantly less iterations to get the acceptable
evel of accuracy. In this study, the Fed-CPWA algorithm is employed to alleviate the issue of expensive communication overhead.
urthermore, a secondary benchmark is introduced by contrasting it with the baseline Fed-Avg scheme, with a particular emphasis
n communication cost. Fig. 10 provide a communication cost and RCC comparison. The computation of the total communication
ost entails multiplying the per-iteration cost by the total number of iterations required to attain the desired accuracy and precision.
he formulation of the communication cost is provided as follows:

CommCost =
∑𝑛

𝑖=1 𝑅CR𝑖 ×𝐷CR𝑖 ×
∑

𝑗 = 1𝑚𝑁R𝑗 ×𝐷R𝑗 (18)
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Fig. 9. Comparative analysis of global performance for Fed-CPWA and Fed-Avg.

Fig. 10. Communication cost and MCC comparison.

where: 𝑅𝐶𝑅𝑖
denotes the cost per round for the 𝑖th round. 𝐷𝐶𝑅𝑖

represent the number of data points communicated in the 𝑖th round.
𝑁𝑅𝑗

denotes the number of rounds needed to achieve the target accuracy and precision in the 𝑗th client, while 𝐷𝑅𝑗
is the size of

the data set for the 𝑗th client. 𝐴 represents the target accuracy, and 𝑃 is the target precision.
Empirical findings suggest that the primary contributor to the overall communication cost is the transmission of model parameters

by edge nodes during each round, while the size of supplementary data, such as the classification report is almost negligible. In
order to facilitate a meaningful comparison between Fed-CPWA and Fed-Avg, the communication cost are adjusted to have the same
baseline values for comparison purposes. The findings demonstrate that the implementation of CPWA leads to a significant reduction
in communication overhead, while simultaneously achieving a high level of accuracy within a reasonable number of rounds. Fed-
CPWA, in comparison to Fed-Avg, can reduce communication costs by an average of 25%. Our evaluations have demonstrated that
Fed-CPWA approaches exhibit superior performance compared to Fed-Avg, with a high Matthews correlation coefficient (MCC) score
of 0.64. These results highlight the potential of Fed-CPWA as a promising FL approach for thermal state prediction, and suggest that
it could also be useful in other scenarios where model performance needs to be enhanced in a similar way.
15
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Fig. 11. Accuracy comparison with varied model architectures.

5. Discussion

5.1. Performance under dissimilar model architectures

In this research, we undertook a comprehensive analysis of various BiLSTM and CNN architectures to gain a deeper understanding
of the underlying rationale for combining these two models. After an exhaustive investigation, we determined that the optimal
model architecture for assessing thermal comfort involves a convolutional layer followed by two BiLSTM layers. To gain further
insights and facilitate direct comparisons, we performed ablation studies by adding and removing BiLSTM and CNN layers within
each architecture. The architectures we evaluated include the following: Fed-CPWA-CNN, which exclusively employs CNN layers;
Fed-CPWA BiLSTM, constructed with a single LSTM layer; Fed-CPWA BiLSTM-CNN (1L), incorporating one CNN layer and one
BiLSTM layer; and Fed-CPWA BiLSTM-CNN (2L), utilizing two BiLSTM layers. Fig. 11 visually depicts the comparative performance
of these models.

Our findings revealed that the CPWA-based federated thermal comfort model, featuring a BiLSTM-CNN architecture comprising
one convolutional layer and two BiLSTM layers, outperforms the rest of all. These results provide evidence for the efficacy of the
proposed BiLSTM-CNN model architecture in accurately predicting thermal comfort, highlighting the importance of incorporating
both temporal and spatial information for enhanced performance. Furthermore, our findings suggest that models with a single hidden
layer exhibit a considerable drop in prediction performance.

5.2. Results across heterogeneous data-sets

The efficacy of federated learning algorithms may exhibit substantial variability across diverse data distributions and modalities.
Accuracy gains during training may be volatile, as shown by the behavior of Fed-Avg and Fed-CPWA. These oscillations are
typically more noticeable in out-of-order (OOD) distributions compared to IID scenarios. In fact, for IID and balanced non-IID
the proposed method can gain significant accuracy improvements, as per findings of one of our ongoing research. Although Fed-
Avg is generally effective for simpler datasets, it tends to struggle in maintaining accuracy gains with statistical heterogeneity. In
contrast, our proposed Fed-CPWA consistently achieves accuracy gains, demonstrating its robustness and effectiveness in addressing
heterogeneity. These results suggest that Fed-CPWA can be a valuable tool for sustainable thermal comfort modeling, particularly
in scenarios with varying data distributions and challenging conditions specifically addressing the prediction of thermal comfort,
our proposed Fed-CPWA model stands out as the most accurate approach. This is particularly evident in scenarios involving class
imbalance and non-IIDness, while maintaining minimal communication overhead. These results suggest that Fed-CPWA can be a
valuable tool for sustainable thermal comfort modeling, particularly in scenarios with varying data distributions.

Future research should investigate the applicability of Fed-CPWA in addressing heterogeneity and class imbalance in various
decentralized learning domains. Additionally, alternative measures for quantifying client contribution, such as evaluating the quality
of local updates or assessing the impact of quality and quantity of client data to the overall model performance, could be investigated
to gain a deeper understanding of the impact of each node’s contribution on the federated learning process. These endeavors have
the potential to offer a more comprehensive understanding of the effectiveness and potential of the Fed-CPWA strategy in sustaining
and improving federated learning.
16
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6. Conclusion

In this study, we proposed a novel class precision centric weight aggregation approach to improve the performance degradation
aused by statistical heterogeneity and class imbalance. We performed real-time assessment of our proposed technique on
esource constrained devices establishing nodes as cross-silo clients using ASHRAE thermal comfort dataset. We performed a
omparative analysis with state-of-the-art Fed-Avg-DL models, and comprehensively discussed the results. Extensive experimental
ork demonstrates that the proposed Fed-CPWA model outperforms the present state-of-the-art algorithms for thermal comfort
rediction by achieving an accuracy of 82.85%. Moreover, the suggested method resolves the challenge of model aggregation
nder imbalance non-IID data. The outcomes of the proposed method validates that the global model generalizes well, especially
ith respect to the minority classes. In addition, the proposed method is not biased in favor of the majority class. Moreover, our
xperimental assessments provide vital insight into the selection of an appropriate learning architecture for accurate modeling of
hermal comfort. According to our findings, the Fed-CPWA algorithm is 25% more efficient than the Fed-Avg method when it comes
o lowering communication overhead. Our research proposes an effective solution that can contribute to the future development
f safer and more efficient federated learning techniques for sustainable development. This could have significant implications for
uilding energy efficiency and carbon emission reduction through optimal indoor control in buildings.
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