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Abstract. Clustered Federated Learning (CFL) based on the edge com-
puting (EC) environment has great potential to promote the realization 
of artificial intelligence at the network edge. However, due to the large 
network area and the limited energy of edge devices, excessive energy 
consumption may occur if all devices participate in parameter transmis-
sion after training. This can result in insufficient energy for some devices, 
making it difficult to complete the training tasks. In this paper, we 
aim to reduce client energy consumption and total transmission energy 
consumption by the model partition technique and the adjustment of 
transmission modes among clients. Firstly, we establish the mathemat-
ical model, and show that the transmission energy consumption can be 
effectively reduced by optimizing the transmission distance. Secondly, we 
design the Distance Best K-Means (DBKM) algorithm to obtain the opti-
mal transmission distance among clients. Finally, we propose a method to 
dynamically adjust the client training mode based on the client’s energy. 
Simulation results show that compared with the other three methods, our 
algorithm can reduce the transmission energy consumption by 27%–82%. 

Keywords: Clustered federated learning · Model partition · Limited 
energy 

1 Introduction 

Federated Learning (FL) is a novel distributed deep learning framework [ 1]. 
The main idea of FL is to use a server to aggregate local model parameters 
from participating clients to obtain a global model [ 2, 3]. This approach can not 
only make full use of the computing resources of clients, but also better protect 
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the privacy of each client’s data during the training process [ 4, 5]. Nowadays 
researchers have done lots of work on FL. For example, in [ 6, 7], authors proposed 
a FL framework that can effectively reduce communication energy consumption. 
In [ 8], authors developed a federated optimization method named Cooperative 
Edge-Based Federated Average, which can greatly reduce the training time once 
the target model accuracy is achieved. In [ 9,10], authors optimized the problem 
of decreasing training accuracy due to limited resources. 

However, in the actual training environment, since clients usually have the 
characteristics of heterogeneity, using the traditional FL training method directly 
may result in poor training outcomes. In order to solve this problem, the Clus-
tered Federated Learning (CFL) framework is proposed [ 11]. To be specific, the 
main idea of CFL is to gather clients into different clusters by their hetero-
geneity characteristics, and train different in-cluster models within each cluster. 
The CFL framework can improve the accuracy of each in-cluster model and the 
training efficiency, and solve the problem of data heterogeneity in FL. Appar-
ently the clustering method is the key point in CFL framework [ 12– 14], and many 
researchers have focused their work on this point. For example, in [ 15,16], authors 
proposed a CFL framework, which can improve the performance and efficiency 
compared to the conventional CFL. In [ 17], authors proposed a collaborative 
clustering algorithm for energy and distribution in CFL, which can achieve the 
expected accuracy with the lowest energy consumption. In [ 18], authors proposed 
an iterative solution that can enable accurate learning with low energy cost. 
In [ 19], authors proposed a more flexible dynamic adaptive CFL scheme, which 
provided the most reasonable cluster partitioning results in all cases. In [ 20], 
authors proposed a new clustering method, FL with soft clustering, combin-
ing the advantages of soft clustering and iterative federated clustering. In [ 21], 
authors proposed a Variational AutoEncoder Gaussian Mixture Model Cluster-
ing Vertical Federated Learning Model, and its clustering results are better than 
those of other clustering methods in precision and other metrics. In [ 22], authors 
proposed an energy-efficiency clustering method using parallel Gibbs sampling 
to find the optimal client base, achieving improved accuracy. 

CFL solves the problem of data heterogeneity in FL, but in the FL environ-
ment, clients are often small devices which are energy limited. To reduce energy 
consumption, some researchers propose to use the model partition technique [ 23]. 
By using the model partition technique, layers of the deep learning model are 
divided into two or more parts and deployed in different clients or servers for 
training [ 24]. For example, in [ 25], authors formulated a joint optimization prob-
lem of device scheduling and resource allocation by using the model partition 
technique. 

Similarly, clients’ energy limitations are an important problem in CFL. So the 
trade-off between client clustering and energy consumption has become a new 
hot research topic. In [ 26], authors investigated the training of machine learning 
models on a resource-constrained cluster of devices via a swarm of unmanned 
aerial vehicles. Hierarchical nested personalized federated learning is utilized 
to achieve improvements in machine learning performance, network resource
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savings, and group trajectory efficiency. In [ 27], authors proposed a joint problem 
of resource allocation and device clustering. It can solve the problem of training 
performance degradation and optimize the system utility. In [ 28], authors intro-
duced node collaboration via AirComp to hierarchical federated learning to solve 
the problem of limited communication and storage costs. In [ 29], authors pro-
posed a dynamic federated optimization strategy to solve the problem of using 
federated deep reinforcement learning to adjust cache consumption in cloud-
edge. In [ 30], authors proposed a decentralized FL scheme: federated learning 
empowered overlapped clustering for decentralized aggregation. This scheme can 
enable direct model transmission between clusters and reduces the energy con-
sumption of the equipment. 

Previous researchers have done a great deal of work on CFL from energy con-
sumption and clustering. However, in CFL, few researchers have applied model 
partition technique to reduce client energy consumption and optimize transmis-
sion energy consumption by adjusting the clustering. Also, in many CFL sce-
narios, the non-independent and identically distributed (non-IID) data among 
clients affects the training accuracy. Additionally, the range of clients is wide, 
clients’ energy is limited, and clients take on a lot of training tasks. To solve 
the above problems in the mentioned scenarios, we will apply model partition 
techniques in CFL to reduce the energy consumption of clients and decrease 
the total transmission energy consumption by adjusting the transmission path 
between clients. The main contributions of our work are summarized as follows. 

1) In this paper, we design an energy dynamic balance method that comprehen-
sively considers the clustering of non-IID data on the clients and the clustering 
based on physical distance. In each iteration, we will re-cluster and reselect 
client heads (CHs) based on physical distance to maintain the overall energy 
balance. 

2) We propose a dynamic model partition method to ensure the energy balance. 
For any client whose energy is lower than the energy threshold . E′, the  CH  
of the cluster to which this client belongs will undertake all the backward 
propagation training processes. Otherwise, the backward propagation process 
is performed by both the CH and the client. 

3) We have simulated the proposed scheme and compared it with other schemes. 
Simulation results show that our scheme can achieve a reduction in transmis-
sion energy consumption compared to other schemes. 

The rest of this paper is organized as follows. In Sec.2, we present  the system  
model and define the problem. In Sec.3, we analyze the problem and give our 
algorithm. In Sec.4, we give the simulation results and analyze them. In Sec.5, 
we summarize this paper. 

2 System Model and Problem Formulation 

In this section, we first introduce the system model, and then give the problem 
definition. Consider a CFL scenario with one parameter server and many clients. 
Suppose the data in different clients is non-IID, and the clients’ distribution
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area is physically large while each client is limited in energy. Based on these two 
assumptions, we will process the clustering in two steps. For the first step, we 
group these clients into different clusters based on their data characteristics. For 
the second step, in each cluster, we group clients into some sub-clusters based 
on their physical distances. After finishing clustering, the whole system will try 
to train learning models for all clusters. Notice that in this scenario, each cluster 
(not each sub-cluster) has one training model. Since clients have limited energy, 
we use a model partition technique to help balance the clients’ energy. We will 
identify some CHs to train part of the models. Considering that CHs are in sub-
clusters, and client energy is constantly changing throughout the entire training 
period, which means that how to set sub-clusters and how to select CHs are 
important and difficult. Our goal is to complete the entire training process with 
minimal transmission energy consumption without depleting the energy of any 
client. 

2.1 System Model 

Consider a CFL scenario consisting of a server and . n clients in a two-dimensional 
region, as shown in Fig. 1. Assume the server is located at the center of this area. 
Define .D as the set of clients and .di(di ∈ D, 1 ≤ i ≤ n) as one client. Suppose 
that the number of clusters after the first step of clustering is . Q. Define that 
each client has a certain energy .Ei(1 ≤ i ≤ n). Define the energy threshold as 
. E′, which means that by using the model partition technique, if the energy of 
the client exceeds . E′, the CH can transmit backward propagation parameters 
to the client during the training process, and the training parameters are finally 
stored on the client. Otherwise, the backward propagation is carried out on the 
CH, and the training parameters are ultimately stored on the CH. Apparently, 
in each sub-cluster, the client with the highest energy is selected as the CH. To 
simplify the problem, we suppose that in each training round, the total number 
of sub-clusters will not change (and denote it as . m), and for a cluster, the number 
of sub-clusters will not change either, but the grouped clients may be different. 
Define .C as the set of CHs and .cj(cj ∈ C, 1 ≤ j ≤ m) as one CH. Suppose the 
trained DNN model has . V layers and denote .lr(r = 1...V ) as one layer. By using 
the model partition technique, some layers will be trained on clients, while others 
will be trained on the CH. To simplify the problem, we assume that the model 
partition point is .lv(1 ≤ v ≤ V ) for all clients. This means that each task will 
first train the initial .lv layers on the client. Then, the intermediate parameters 
are transmitted to the CH of the sub-cluster where the client belongs, and the 
training of the subsequent layers will be completed on the CH. 

Since all model partition points are on the same layer, we suppose the size of 
transferred parameters between clients and CHs is the same. Denote the trans-
ferred data between .di and .cj as . γ. The data transfer size between each CH and 
the server is also same, and denote it as . α. Denote the channel bandwidth as 
. B. Denote the channel transmission power as . P . Denote the reference distance 
as .D0. Denote the transmission distance between .di and .cj as .Dij . Denote the
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total transmission energy consumption of a round of global iteration as .Ecomm
t , 

and denote the total transmission distance as .Dcomm
t . 

Fig. 1. Clustered federated learning with model partition. 

In the .t-th round of training, we assume the parameter in the CH is .wj,t, and  
the parameter in the client is .wi,t. The trained model parameters are aggregated 
in the CH, and the parameters of multiple aggregated sub-clusters are sent to 
the server for classification aggregation. The aggregation parameter of the server 
is .Wq,t(1 ≤ q ≤ Q). In the global iteration of round . t, the specific steps for .wj,t, 
.wi,t and .Wq,t are as follows. 

1) The server broadcasts the global model parameter .Wq,t to each CH, and then 
CHs broadcast .Wq,t to clients in sub-clusters. 

2) After receiving .Wq,t, clients and CHs cooperate to conduct local training 
of . e rounds according to the model partition technique. By using the model 
partition technique, clients will decide whether to perform the backward prop-
agation process based on their energy. 

3) After completing the local model training, clients in each sub-cluster send 
parameter .wi,t to their CHs for updating .wj,t with the CH parameter aggre-
gation algorithm. Then, CHs send .wj,t to the server for classification aggre-
gation and update .Wq,t. 

We hope to design a scheme to minimize the total transmission energy con-
sumption in one iteration, while ensuring the accuracy of the training.
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2.2 Problem Formulation 

Denote .Ecomm
t as the total transmission energy consumption in one global iter-

ation. .Ecomm
t consists of the transmission energy consumption of clients to the 

CH (denoted as .Ecomm
t,i,j ), and the transmission energy consumption of the CH 

to the server (denoted as .Ecomm
t,j,s ). Denote .T as the total number of training 

iterations. Then we have(Table 1) 

Table 1. Notations 

Variables Meaning 
.di One of the client .i ∈ {1, 2, 3, ..., n}; 
.Q The number of clusters after the first step of clustering; 
.Ei One of the energy of client .i ∈ {1, 2, 3, ..., n}; 
.E′ The energy threshold; 
.cj One of the CH .j ∈ {1, 2, 3, ..., m}; 
.lr One of the layer of the training model .i ∈ {1, 2, 3, ..., V }; 
.lv The model partition point; 
.γ The size of the parameter transmitted by the client to the CH; 
.α The size of the parameter transmitted by the CH to the server; 
.B The channel bandwidth; 
.P The channel transmission power; 
.D0 The reference distance; 
.Di,j The transmission distance between client . i and CH . j; 
.Ecomm

t The total transmission energy consumption in round . t training .t ∈ {1, 2, 3, ..., T}; 
.Dcomm

t The total transmission distance in round . t training .t ∈ {1, 2, 3, ..., T}; 
.wj,t The training parameters of CH . j in round . t; 
.wi,t The training parameters of client . i in round . t; 
.Wq,t The aggregation parameters of cluster .Q in round . t; 

.Ecomm
t =

m∑

j=1

n∑

i=1

(ai,j · Ecomm
t,i,j + Ecomm

t,j,s ), (1) 

where .ai,j represents the number of propagations of client .di in cluster . j during 
one global iteration. We have 

.ai,j =

{
2e :Ei > E′;
e :Ei < E′.

(2) 

The . e represents the number of local iterations. 
.Ecomm

t,i,j , .Ecomm
t,j,s can be represented as follows. 

.Ecomm
t,i,j = Pτt,i,j , (3)
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.Ecomm
t,j,s = Pτt,j,s, (4) 

where .P represents the initial power transmitted by the client to the CH and 
by the CH to the server. .τt,i,j and .τt,j,s are their respective transmission times. 
The specific calculation formula is as follows. 

.τt,i,j =
γ

B log2
(
1 + Pht,i,j

BN0

) , (5) 

.τt,j,s =
α

B log2
(
1 + Pht,j,s

BN0

) , (6) 

where .ht,i,j and .ht,j,s represent the power gain from the client to the CH and 
from the CH to the server respectively. We have 

.ht,i,j = h0ρ

(
D0

Dt,i,j

)v

, (7) 

.ht,j,s = h0ρ

(
D0

Dt,j,s

)v

, (8) 

where . v represents the channel loss factor, .D0 represents the reference distance, 
.Dt,i,j and .Dt,j,s represent the distance from the client to the CH and the CH to 
the server in the . t iteration, respectively. 

The optimization problem is expressed as follows. 

.

min Ecomm
t ,

s.t.(2)(3)(4)(5)(6)(7)(8). (9) 

In (9), .ai,j is the variable, while all other notations are constants or pre-
determined values. By combining (3), (4), (5), (6), (7), and (8), we can derive 
the specific expression for . Ecomm

t =
∑m

j=1

∑n
i=1(ai,j · Pγ

B log2

⎛
⎝1+

P h0ρ

(
D0

Dt,i,j

)v

BN0

⎞
⎠

+

Pα

B log2

⎛
⎝1+

P h0ρ

(
D0

Dt,j,s

)v
,

BN0

⎞
⎠

). From this expression, it can be seen that when all 

other variables are constant, .Ecomm
t is linearly related to the transmission dis-

tance .Dcomm
t . Therefore, we can transform the problem of optimizing transmis-

sion energy consumption into the problem of optimizing transmission distance. 

2.3 Problem Deformation 

As discussed in the last section, we can convert the original problem for minimiz-
ing the total transmission energy consumption into the problem for minimizing 
the total transmission distance. Denote .Dtotal

t as the total transmission distance 
in the . t iteration. Denote .Dtotal

t,i,j as the transmission distance from .di to .cj during
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the . t iteration, and denote .Dtotal
t,j,s as the transmission distance from .cj to the 

server during the . t iteration. We have 

.Dtotal
t = min

i∈n,j∈m
{Dtotal

t,i,j + Dtotal
t,j,s }. (10) 

For .Dtotal
t,i,j , we have  

.Dtotal
t,i,j =

m∑

j=1

n∑

i=1

(ai,j · Dt,i,j). (11) 

For .Dtotal
t,j,s , we have  

.Dtotal
t,j,s =

m∑

j=1

Dt,j,s. (12) 

Then the optimization problem can be expressed as follows. 

.

min Dtotal
t .

s.t.(10)(11)(12)
0 ≤ Dt,i,j ≤ d;

0 ≤ Dt,j,s ≤
√

2
2

d.

(13) 

In (13), . d represents the length of the region side, which is a determined value. 
So there is only one variable. However, in different networks, the distribution of 
clients is often variable and complex, which makes the original problem complex 
and difficult to solve directly. Therefore, we need to further design algorithm to 
obtain the minimum transmission energy consumption under various distribution 
scenarios. 

3 Algorithm 

In this section, we will introduce the proposed algorithm for solving the above 
optimization problem. Firstly, in order to solve the problem where the distance 
between clients in the clusters is too far after the initial clustering, we propose 
the Distance Best K-Means (DBKM) algorithm. The core idea of the DBKM 
algorithm is to partition each cluster into multiple sub-clusters, thereby reducing 
the transmission distance from the client to the CH. Secondly, within each sub-
cluster, we train the model using the model partition technique, while selecting 
the client with the highest energy in each sub-cluster as the CH. Finally, in 
order to reduce transmission energy consumption by decreasing the number of 
parameter transfers between the client and the CH, we propose an algorithm to 
dynamically adjust the client training mode according to the client’s energy.
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3.1 Problem Analysis 
In this subsection, we will analyze the specific optimization algorithm. We found 
that data heterogeneity in CFL affects the training accuracy. Data heterogeneity 
is usually manifested as a non-IID data distribution, which means that different 
clients have data with significant statistical differences. These differences often 
lead to the global model and local model objectives being inconsistent, causing 
the client model to deviate from the ideal global optimization point. This results 
in the model performing well on local data but having poor generalization ability 
on global data, leading to overfitting. At the same time, updates from different 
client models may also conflict with each other, causing instability in the training 
process, which in turn affects the training accuracy. So all clients are divided 
into several clusters by hierarchical clustering based on data similarity. This 
ensures the accuracy of training. In a large-area scenario, the physical distance 
between clients in a cluster is relatively large after the hierarchical clustering. 
This consumes a lot of energy during parameter transfer. To reduce transmission 
energy consumption, we propose the DBKM algorithm to divide each cluster 
into multiple sub-clusters. The purpose is to divide clients that are far apart 
into different sub-clusters and reduce the transmission distance from the client 
to the CH, thus reducing the total transmission energy consumption. Suppose 
we have .m sub-clusters. The specific DBKM algorithm is shown in Algorithm 1. 

Algorithm 1. DBKM Algorithm 
Input: The distribution of .Q clusters after hierarchical clustering; 
Output: The distribution of .m sub-clusters; 
1: for cluster . q from . 1 to .Q do 
2: Use .k-.means for intra-cluster clustering to get .m sub-clusters, .m >. Q; 
3: Select the client with the highest energy in the sub-cluster as CH; 
4: repeat 
5: for cluster . j from . 1 to .m do 
6: Find the client .di that is farthest away from CH .cj in sub-cluster .j and 

calculate its distance .Di,j from . cj ; 
7: The distance between .di and CH(.cj1,.cj2,...) is calculated and expressed as 

.Di,j1,.Di,j2, .Di,j3..., the condition of CHs is that the data in the CH and 
the client .di are IID, assuming that the minimum distance is .Di,j1; 

8: if Distance .Di,j1 <.Di,j then 
9: Remove client . i from sub-cluster . j and add client . i to the sub-cluster .j1; 

10: else 
11: Don’t make any changes; 
12: end if 
13: Reselect the CH in sub-cluster . j; 
14: end for 
15: until the members of each sub-cluster no longer change; 
16: end for 

By observing the pseudo-code, we can see that the DBKM algorithm consists 
of three key steps. Firstly, after using hierarchical clustering, there are Q clusters.
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In each cluster, multiple sub-clusters are divided based on physical distance. 
The client with the highest energy in each sub-cluster is selected as the CH. 
Secondly, after the first iteration of the DBKM algorithm, there will be .m initial 
distribution sub-clusters. For the sub-cluster . j, select the client . i farthest from 
CH . cj , and calculate its distance .Di,j to CH .cj and its distances .Di,j1, .Di,j2, etc., 
to CHs .cj1, .cj2, etc., which have the same data similarity as CH . cj . Compare 
.Di,j , .Di,j1, .Di,j2, etc., and add client . i to the sub-cluster with the smallest 
distance. The client member within each sub-cluster is updated in each DBKM 
iteration with the goal of minimizing .DTotal

t , until the members of each sub-
cluster no longer change. Finally, after each subsequent DBKM iteration, the 
CH for each sub-cluster is updated once. Clients whose data distribution is IID 
may be distributed across multiple sub-clusters, but the data distribution of all 
clients within a sub-cluster must be IID. 

There are .m sub-clusters with identified members. In each sub-cluster, the 
training is based on model partition technique and the model is partitioned into 
two parts, the client undertakes the training of the bottom part of the model and 
the CH undertakes the training of the top part of the model. Simultaneously, 
based on the client’s energy, the training mode is determined and the energy 
threshold .E′ is set. In order to more evenly utilize each client’s energy to complete 
the training, we set the value of .E′ to the average energy of all clients. If the 
client’s energy exceeds . E′, backward propagation occurs on the client during 
model partition training, and the final parameters are updated on the client. 
If the client’s energy does not exceed . E′, backward propagation is carried out 
entirely at the CH during model partition training, and the final parameters are 
updated on the CH. Meanwhile, considering the varying energy of clients and the 
possibility that some clients may not be able to complete all training rounds due 
to energy issues, we employ dynamic model partitioning technology to achieve 
energy balance among clients. The specific situation is as follows. Clients with 
energy below .E′ perform backward propagation training at the CH, which does 
not consume the client’s energy, clients with energy above .E′ perform backward 
propagation training on the client, which consumes the client’s energy. During 
the training process, clients with high energy will consume more energy than 
those with low energy. Therefore, the gap in energy between clients will gradually 
narrow during the training process, allowing clients with low energy to complete 
more training rounds, achieving a kind of energy balance. 

After the clients in the sub-clusters complete their training, the parameters 
are transmitted to the CH for aggregation. Then, the CH transmits the aggre-
gated parameters to the server. The relationship between energy consumption, 
transmission distance, and the amount of data transmitted can be expressed as 
follows. 

.Ecomm
t,i,j =

Pγ

B log2

(
1 +

Ph0ρ
(

D0
Di,j

)v

BN0

) , (14) 

where .Ecomm
t,i,j is the transmission energy consumption, . γ is the data amount, 

and .Di,j is the transmission distance.
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Based on this, we design the Energy Consumption Optimization(ECO) algo-
rithm to dynamically adjust the transmission path between clients to reduce 
the total transmission distance and minimize the total transmission energy con-
sumption. 

3.2 ECO Algorithm 

According to the analysis in the previous section, the ECO algorithm can be 
summarized as follows. 

1) Firstly, . n clients are divided into multiple clusters using hierarchical cluster-
ing. In each cluster, the clients are distributed across different regions. 

2) In each cluster partitioned in Step 1, the DBKM algorithm is used again to 
further divide each cluster into multiple sub-clusters. 

3) Select the client with the highest energy in each sub-cluster as the CH. 
4) The model partition technique is used to train the client, and the client’s 

energy determines whether it conducts backward propagation training. 

The algorithm is shown in Algorithm 2. 
Time Complexity Analysis: Let the number of iterations of .k-.means and the 

repeated adjustment of each sub-cluster member processes in the DBKM algo-
rithm be .T1 and . T2, respectively. Therefore, the time complexity of the DBKM 
algorithm can be expressed as .O(T1 + T2). Let the total number of iterations be 
. T , the number of local iterations be . e, and the number of iterations for clustering 
. n clients according to data similarity be . T3. The total time complexity of the 
ECO algorithm can be expressed as .O(T (e + T1 + T2 + T3)). 

4 Simulation and Experiment 

In this section, we will introduce experiments and simulations. The DNN model 
used in our experiments is VGG16. The model is trained using the EMNIST 
dataset, which consists of 814255 28. ×28 pixel grayscale images in 62 classes, 
and the framework used is pytorch. We use GPU to simulate the computing 
power of server and use CPUs of different computers as clients. We set the scene 
area size to 10 km .× 10 km. To get the constants in Sect. 2, such as . Ei, .Di,j , 
. γ, . α and so on, we first assign each client a random number between 50 and 
100 as the client’s energy consumption . Ei. Then, we obtain .Di,j by calculating 
the Euclidean distance between clients and CHs. Finally, perform forward and 
backward propagation of the model 50 times, then calculate the average output 
data amount of the partition layers, i.e. the value of . γ. The values of .α are 
obtained by the same way. We set the other parameters in the experiment as 
shown in Table 2.
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Algorithm 2. Energy Consumption Optimization Algorithm 
Input: Number of clients . n, client energy(.E1, .E2....Ei), total number of rounds . T ; 

Output: The minimum transmission energy consumption .Ecomm
t ; 

1: for round . t from .1 to .T do 

2: // For Client 

3: // Clustering process 

4: The .n clients are divided into .Q clusters according to data similarity, .n >. Q; 

5: Using DBKM algorithm, .Q clusters are divided into .m sub-clusters; 

6: // Training process 

7: for round .e from .1 to .E do 

8: for . j .∈ .m do 

9: for .di .∈ .j do 

10: Model partition is introduced in the training process; 

11: if .Ei <.E′ then 

12: One last round of backward propagation takes place at CH of the sub-cluster 

where the client resides; 

13: else 

14: Backward propagation to the client; 

15: end if 

16: end for 

17: end for 

18: end for 

19: // For Server 

20: Accept each CH parameter .wj,t(j = 1, 2, ..., m) and classify aggregate; 

21: end for 

In Sect. 4.1, based on the DBKM algorithm, we provide the transmission 
distribution for different numbers of clients, which achieves the minimum trans-
mission distance. In Sect. 4.2, we simulate different numbers of clients to verify 
the proposed system model and algorithm. We use the following algorithms in 
terms of accuracy and transmission energy consumption for comparison with 
our proposed algorithms: 1) Hierarchical Clustering (HC), in which clients 
are clustered based on their data similarity; 2) Federated Learning (FL), in  
which clustering is not performed, and each client transmits parameters directly 
to the server after training; 3) K-Means (KM), in which clients are clustered 
based on their distance. 

4.1 Clustering Effects for Two Special Networks 

Firstly, in the case of the initial client distribution, we cluster according to client 
data similarity. Figure 2(a) represents the initial distribution of clients when the 
number of clients . n is 20 and the number of sub-clusters .m is 8. The dots of 
the same color indicate that the data is IID for the clients. Then according to 
the DBKM algorithm, the clients in each cluster are divided into several sub-
clusters. After clustering, the client with the highest energy in each sub-cluster is 
selected as the CH. Figure 2(b) shows the transmission distribution of the client 
after the CH is selected.
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Table 2. Simulation parameters 

Simulation parameters Values 
Global iteration number .T 80 
Channel bandwidth .B 1 MHZ  
Channel transmission power .P 1 W  
Reference distance .D0 1 m  
Channel loss factor .v 2 
local iteration number .e 5 
Noise power spectral density .N0 .−174 dBm/Hz 
Channel power gain .h0 .−30 dB 
Channel fading factor .ρ . 3

The size of data transferred from client . i to CH . j . γ 9 MB  
The size of data transferred from CH . j to server .α 552 MB 
Model partition point .lr 7 

Graphs with the same color and shape represent clients of the same sub-
cluster. A larger graph of the same color and shape represents the CH. Figure 2(c) 
and Fig. 2(d) represent the initial distribution of clients and the distribution of 
clients after clustering when the number of clients . n is 40 and the number of 
sub-clusters .m is 8. 

Table 3. Comparison of total transmission distances(km) when the number of clients 
is 20 

Scheme The distances before clustering The distances after clustering 
ECO 75.01 42.25 
HC 72.11 106.89 
KM 76.59 47.55 
FL 74.10 74.52 

We conducted distribution experiments with varying numbers of clients and 
statistically compared the transmission distances between clients before and after 
clustering, as shown in Table 3 and Table 4. The data in Table 3 represents the 
distance comparison before and after clustering for various schemes when the 
number of clients is 20. In Table 3, we can see that after clustering, our scheme 
ECO has a transmission distance lower than that of other schemes. The HC 
scheme, however, has the longest transmission distance, as it prioritizes data 
similarity over the geographical locations of the clients. The transmission dis-
tances before clustering for all schemes are essentially the same as those in the 
FL scheme because, before clustering, the clients directly transmit parameters to
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Table 4. Comparison of total transmission distances(km) when the number of clients 
is 40 

Scheme The distances before clustering The distances after clustering 
ECO 146.88 65.54 
HC 149.11 215.73 
KM 153.36 77.66 
FL 149.12 150.91 

the server after training, which is the procedure followed in the FL scheme. The 
data in Table 4 represents the distance comparison before and after clustering 
for various schemes when the number of clients is 40. In Table 4, we can also 
see that our scheme ECO achieves the smallest transmission distance compared 
to other schemes, while the HC scheme has the largest distance. Similarly, the 
transmission distances before clustering for all schemes are the same as the FL 
scheme. The specific reason is the same as mentioned above. 

4.2 Simulation Results for More Experiments 

To demonstrate the effectiveness of our algorithm, we conducted additional 
experiments. Firstly, in Fig. 3, we increase  the number of clients from 20 to 60 in  
steps of 10. For each type, we conducted 50 sets of experiments. As we can see, 
in Fig. 3(a), among all algorithms, the total transmission energy consumption 
increases with the number of clients. Compared to other algorithms, our algo-
rithm achieves the minimum total transmission energy consumption for every 
number of clients. The experimental results show that compared with the HC 
algorithm, FL algorithm, and KM algorithm, our algorithm reduces the trans-
mission energy consumption by 27%, 61%, and 82% respectively. Figure 3(b), 
Fig. 3(c), and Fig. 3(d) respectively show the changes in total transmission energy 
consumption of each algorithm as the number of clients increases when the num-
ber of sub-clusters is 10, 12, and 14. Secondly, in Fig. 3, we can see that as the 
number of sub-clusters increases, our scheme achieves more significant results 
compared to other schemes. Because as the number of sub-clusters increases, 
more clients can transmit parameters to closer CHs during training. At the 
same time, the total transmission energy consumption of the FL algorithm does 
not vary significantly with different numbers of sub-clusters. Because the FL 
algorithm does not use clustering, clients directly transmit parameters to the 
server after training, so it is not affected by the number of sub-clusters. This 
experiment validates the effectiveness of our algorithm.
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In Fig. 4, we compare the accuracy of the four algorithms. We set the total 
number of iterations .T from 0 to 80 in steps of 10. In Fig. 4(a) and Fig. 4(b), 
we set the number of sub-clusters to the same value of 8, and the number of 
clients to 20 and 40, respectively. We can see that in both cases, the ECO algo-
rithm achieves the highest accuracy, which is comparable to the HC algorithm. 
Because our algorithm takes into account the non-IID nature of the data when 
optimizing transmission energy consumption. The KM scheme and FL scheme 
fail to consider the non-IID during training, resulting in a decrease in accuracy. 

Fig. 2. Distribution results.(a)Initial client distribution when the number of clients is 
20. (b)Clustering client distribution when the number of clients is 20. (c)Initial client 
distribution when the number of clients is 40. (d)Clustering client distribution when 
the number of clients is 40.
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Fig. 3. The variation in total transmission energy consumption with the number of 
clients. (a)The number of sub-clusters is 8. (b)The number of sub-clusters is 10. (c)The 
number of sub-clusters is 12. (d)The number of sub-clusters is 14. 

Fig. 4. Accuracy comparison of different schemes. (a)clients = 20, sub-clusters = 8. 
(b)clients = 40, sub-clusters=8.
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5 Conclusion and Future Work 

In this paper, we study the optimization problem of transmission energy con-
sumption in CFL. Firstly, we establish a mathematical model for transmission 
energy consumption in a CFL scenario and find that the problem of transmis-
sion energy consumption can be transformed into the problem of transmission 
distance. Then, we propose the DBKM algorithm to divide multiple sub-clusters 
within each cluster. Finally, by dynamically adjusting the training mode of the 
clients to reduce the number of transmissions and by partitioning the model to 
lower the client’s energy usage, we ensure that the client has enough energy to 
complete the training. The experimental and simulation results show that the 
transmission energy consumption can be reduced effectively by using model par-
tition, the DBKM algorithm, and dynamically adjusting the training mode of 
the clients. 

This article attempts to reduce transmission energy consumption through 
techniques such as intra-cluster sub-clustering and model partition. In the future, 
we will consider dynamic changes in the partition points of the client model and 
the number of sub-clusters. 
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