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MH-Raft: an efficient and low-latency consensus algorithm for
distributed systems via MOEA /D and hybrid hierarchical
clustering
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Abstract: Raft is a foundational consensus protocol for distributed systems, architected to ensure state machine replication
and data consistency across machine clusters. However, traditional Raft faces significant performance bottlenecks, particu-
larly regarding suboptimal election efficiency and substantial consensus latency in large-scale deployments. To address these
challenges, this study presents MH-Raft, an enhanced consensus variant designed for high efficiency and minimal latency.
We propose a hierarchical node management and election framework to optimize network coordination. Specifically, a leader
election methodology leveraging the multi-objective evolutionary algorithm based on decomposition (MOEA /D) is formulated
to minimize election latency by evaluating multi-dimensional node attributes. To further refine the proposed hierarchical
architecture, a rigorous tightness definition is devised for optimal mediator node selection, which is integrated into a hybrid
clustering algorithm that adaptively partitions the network and optimizes the mapping between mediator nodes and follower
nodes. Quantitative evaluations via comprehensive experiments demonstrate that MH-Raft significantly reduces overall election

latency and lowers consensus latency by 14.87%-34.45%, while enhancing average throughput by 30.43% compared to the

conventional Raft implementation.
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1 Introduction

In 2008, Satoshi Nakamoto introduced Bitcoin, which sub-
sequently generated significant scholarly interest in blockchain
technology among researchers. The foundational technol-
ogy underlying Bitcoin is distributed ledger technology, with
blockchain serving as one of its principal implementations. Em-
ploying cryptographic algorithms, consensus mechanisms, and
smart contracts, blockchain ensures immutability, traceability,
and decentralized storage of data (Ji et al., 2023; Laatikainen
et al., 2023; Shi CC et al., 2023; Cheng et al., 2024; Zhao
JJ et al., 2024; Eichelberger et al., 2025; Hu and Li, 2025).
Blockchain exhibits substantial potential for application across
diverse sectors, including privacy protection (Jia et al., 2018),

= Tianyi ZANG, tianyi.zang@hit.edu.cn
Fei ZHAO, https://orcid.org/0009-0009-1555-1829
Tianyi ZANG, https://orcid.org/0000-0003-0195-8731
CLC number: TP393.02

Received: Sept. 19, 2025; Revision accepted: Mar. 22, 2026;
Crosschecked: Apr. 7, 2026; Published online May 8, 2026

(© The Authors 2026. Published by Zhejiang University Press Co., Ltd.
This is an open access article distributed under the terms of the CC BY-
NC-ND license (https://creativecommons.org/licenses/by-nc-nd/4.0/)

copyright management (Jing et al., 2021), finance (Treleaven
et al., 2017), and healthcare (Attaran, 2022), thereby fun-
damentally transforming conventional information technology
frameworks and business models.

There are a variety of blockchain consensus algorithms,
which can be divided into two categories according to the type
of storage: blockchain consensus algorithms based on the chain
structure (Jakobsson and Juels, 1999; Ongaro and Ousterhout,
2014; Gilad et al., 2017) and blockchain consensus algorithms
based on the block structure (Bagaria et al., 2019; Kovalchuk
et al., 2022; Gadiraju et al., 2023; Chen YF et al., 2024). The
blockchain consensus algorithm based on the chain structure is
a general form of blockchain, where each block stores the hash
value of the previous block header to create a link, forming
a traceable and immutable chain. In a blockchain consensus
algorithm based on the block structure, a transaction can refer
to multiple predecessor transactions and can be referenced by
multiple subsequent transactions. Blockchain consensus algo-
rithms based on the chain structure can be further divided
into five categories, namely, proof class (Escobar et al., 2022;
Lasla et al., 2022; Chatterjee et al., 2023; Zhao WB, 2023),
election class (Ongaro and Ousterhout, 2014; Liu YR and Shi,
2023; Yang SJ et al., 2024), rotation class (Ben Othmen et al.,
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2023; Zhai et al., 2023), random class (Gilad et al., 2017; Ab-
basihafshejani et al., 2023), and mixed class (Bentov et al.,
2014; Coelho et al., 2020). In a blockchain framework, the
consensus mechanism (Castro and Liskov, 1999; Eyal et al.,
2016; Chen L et al., 2017; Yang F et al., 2019; Yin et al.,
2019; Keidar et al., 2021) serves as a fundamental element
that facilitates agreement among all nodes regarding the au-
thenticity of transactions, the validity of blocks, and the co-
herence of the ledger state. This mechanism allows numerous
nodes globally to collaboratively uphold a unified, trustwor-
thy, and continuously-updated distributed ledger without re-
liance on centralized authorities for validation. An effective
consensus mechanism must not only guarantee the rapid and
accurate generation and verification of blocks during standard
operations but also ensure the system’s stability and secu-
rity against malicious attacks, network latencies, node failures,
and other adverse circumstances. Consequently, the consensus
mechanism is pivotal for the practical application and reliable
functioning of blockchain technology.

The Raft algorithm (Ongaro and Ousterhout, 2014; Yang
SJ et al., 2024; Shi HR et al.,, 2025; Sun et al., 2025) is a
consensus algorithm used in distributed systems. The classic
Raft algorithm belongs to the election consensus algorithm.
Some algorithms combine the Raft algorithm with other con-
sensus algorithms, which belong to the mixed consensus al-
gorithm (Ulukdk et al., 2025). The election algorithm selects
a proposer by voting, which has the advantages of low com-
puting resource requirements and high scalability (Lamport,
2019). Its disadvantages are also obvious; accounting nodes
may block on multiple fork chains simultaneously. From a
security perspective, the election consensus algorithm may be
attacked by a malicious node to produce forged voting results.
In consortium and private chains, the nodes in the network
are usually known and trusted, so there is no need to rely
on resource-intensive consensus mechanisms like those in pub-
lic blockchains. The Raft algorithm can serve as an efficient
consensus mechanism to ensure that all nodes agree on the se-
quence and state of transactions. In the blockchain system, the
consistency of data is of vital importance. The Raft algorithm
ensures data consistency across all nodes through leader elec-
tion and log replication mechanisms. When new transactions
or blocks are created, Raft guarantees that they are recorded
and processed in an identical order on every node, thereby
avoiding the problem of data inconsistency. Raft still has lim-
itations, particularly regarding the efficiency of leader node
election and the capacity for handling high loads. This study
presents enhancements to the Raft algorithm through the in-
troduction of the MH-Raft algorithm, which demonstrates su-
perior performance relative to the original Raft algorithm in
key metrics such as election latency, consensus latency, and
throughput. The primary contributions of this study are as
follows:

1. We introduce a leader node election methodology
grounded in the multi-objective evolutionary algorithm based
on decomposition (MOEA /D) optimization algorithm (Zhang
and Li, 2007), which significantly decreases election latency.

2. We enhance the approach for defining tightness values,
thereby facilitating the selection of superior mid-layer nodes,
which are defined as mediator nodes in this study. We employ a

hybrid clustering algorithm to adaptively ascertain the number
of hierarchical nodes, while improving the matching process
between the mediators and follower clusters.

3. We simulate multiple nodes participating in a network
environment by listening to different ports on the same device
and conduct experiments on synthetic node data. Results show
that election latency is significantly reduced, consensus latency
is reduced by 14.87%-34.45%, and throughput is increased by
an average of 30.43%.

2 Related works

2.1 Research on consensus algorithms

To ensure the efficiency and security of the blockchain,
consensus algorithms play a crucial role. A public chain is a
permissionless chain that is open to everyone, and any node
can join the blockchain network. The data on the public
chain are completely transparent and accessible. Proof of work
(PoW) (Jakobsson and Juels, 1999), proof of stake (PoS), and
Bitcoin-next generation (Bitcoin-NG) (Eyal et al., 2016) are
mainstream consensus algorithms for public chains. A consor-
tium chain is a permissioned chain. Consortium chains require
permission management and verification. Compared with pub-
lic chains, they have a lower degree of openness and decentral-
ization. Typical consensus algorithms of consortium chains
include the proof of activity (PoA) (Bentov et al., 2014), prac-
tical Byzantine fault tolerance (PBFT) (Castro and Liskov,
1999), and delegated Byzantine fault tolerance (DBFT) (Wang
et al., 2020). A private blockchain is a permissioned blockchain
with a high degree of control and privacy. Nodes that have not
been authenticated and authorized cannot join. This restric-
tion makes the resource consumption cost of private blockchain
systems relatively low. In private blockchains, the Raft con-
sensus algorithm (Ongaro and Ousterhout, 2014) is the main-
stream consensus algorithm.

2.2 Raft algorithm

In 2014, in response to the poor interpretability and dif-
ficulty of implementation of the Paxos algorithm (Lamport,
2019), Ongaro and Ousterhout (2014) proposed the Raft con-
sensus algorithm, which defines the leader node, candidate
nodes, and follower nodes. Follower nodes elect a leader node
through a voting process. During the leader election phase
of the Raft algorithm, when multiple candidate nodes partic-
ipate, no node may receive more than half of the votes from
follower nodes due to node failure or a tie, making it impos-
sible to successfully elect a leader node. Therefore, in the
event of a tie in voting, multiple rounds of voting are required
to successfully select the leader node. When multiple nodes
fail, the leader node cannot be selected. In Paxos, log replica-
tion typically requires negotiation in multiple stages, including
the prepare stage and the commit stage. The submission of
each log entry needs to go through these stages, increasing the
number of communication rounds and time cost. The leader
of Raft directly pushes logs to followers, reducing unnecessary
negotiation steps and improving the efficiency of log replica-
tion. Raft elects leaders through a random timeout mecha-
nism that is simple and effective, reducing the possibility of



electoral conflict. In the event of a leader failure, Raft is able
to elect a new leader with an efficient election process due
to the randomized timeout mechanism, ensuring system avail-
ability. Raft ensures that logs are consistent across all nodes,
providing a strong consistency guarantee. Raft is widely used
in many modern distributed systems, such as Etcd and Consul,
which require efficient configuration management and service
discovery.

2.3 Improved Raft algorithms

In the development of the Raft algorithm, Tang et al.
(2022) proposed a method based on random forest classifica-
tion to enhance fairness among nodes, introducing authorized
nodes to reduce the probability of election failures, thereby de-
creasing the election time. Liu X et al. (2022) introduced a log
backtracking mechanism to reduce log inconsistencies, lower
the overhead of remote procedure call (RPC) communication,
and improve system scalability. Yamashita et al. (2023) pro-
posed a method to increase system throughput through batch
Liu YR and Shi (2023) proposed a SHA256-
based verification mechanism to enhance system security.

Yang SJ et al. (2024) proposed NK-Raft, an improved
method based on the non-dominated sorting genetic algo-
rithm IT (NSGA-II) and K-means++ algorithm. The NK-
Raft algorithm directly specifies the leader node using a multi-

transmission.

objective optimization approach, which shortens the leader
election time of the original algorithm and results in better
node stability. Additionally, a density value is designed to
hierarchically organize the network during the log replication
phase, reducing the load on the leader node and providing
better scalability.

2.4 Limitations of existing approaches

Although various Raft variants have addressed specific
bottlenecks, they typically treat leader election and network
topology as decoupled problems. This separation leads to two
major limitations: first, election optimizations often priori-
tize speed at the expense of leader stability; second, existing
clustering methods lack the capability to adapt to dynamic
node activity. Consequently, there is a critical need for a
unified framework that integrates multi-objective optimization
to ensure leader quality with low complexity, while simultane-
ously employing dynamic, proximity-aware layering to enhance
scalability.

3 Research method

3.1 Overview

In the Raft algorithm, a system node exists in one of
The leader
node receives requests from clients and replicates the request—
In Raft, a log
refers to an ordered sequence on the server used to record
When logs
are synchronized to most nodes, followers are told to submit

the three states: follower, candidate, or leader.
response pair to the majority of followers.
the operations performed by the state machine.

them. Followers must receive and persist the logs sent by the
leader. The leader is responsible for determining when the logs
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are safely replicated to a majority of nodes and then informs
the followers that the logs are ready to be committed. Upon
receiving this notification, followers can commit the logs and
apply them to their state machines. This process ensures that
logs are consistently replicated across the cluster and maintains
the system’s reliability. A candidate is a temporary role in the
leader election process. Raft requires the system to have at
most one leader at any time, and only the leader and followers
during normal operation.

Followers respond only to requests from other nodes. If
a follower times out and does not receive a message from the
leader, it becomes a candidate and starts a leader election. The
candidate who receives the majority of node votes becomes the
new leader. The Raft algorithm divides time into terms, and
After the
leader is successfully elected, the leader manages all nodes in

the beginning of each term is a leader election.

the cluster for the entire term. If the leader election fails, the
term ends without a leader.

Although the MH-Raft algorithm also has three similar
states, there are differences in the state transition. The MH-
Raft algorithm has at most one leader at any time, and there
are leaders, followers, and mediators during normal operation.
The mediator functions as a transfer station. After receiving
a request from a client, the leader synchronizes the request log
to mediators. Each mediator synchronizes the request log to
some followers. When logs are synchronized to most nodes,
followers are told to submit logs. In Raft, the leader needs to
communicate directly with all followers. The larger the net-
work scale, the heavier the load on the leader. In MH-Raft, the
leader only needs to communicate with the second-layer nodes
(mediators), which greatly reduces the communication volume.
Each mediator is responsible for a subset of the grouped nodes.
It collects the confirmation information of the nodes within the
group and reports it uniformly to the leader after more than
half of the nodes have confirmed. In this way, the leader only
needs to wait for the confirmation of mediators, avoiding the
need to wait for responses from dozens or even hundreds of
nodes. For scalability, the system can horizontally scale more
nodes without affecting the performance of the leader. Newly
added nodes only need to join a certain subset group, which
is managed by the mediator and will not directly increase the
burden on the leader.

Let the total number of nodes in the network be n. Let the
number of mediators be k and k € [nmin, Nmax), where nmin and
Nmax are hyperparameters to avoid extreme situations, such as
all nodes being specified as mediators. There is no dependency
between k and n. Instead, the specific value of k is determined
through a hybrid clustering algorithm that will be discussed in
detail later. During each log replication round:

1. The leader broadcasts AppendEntries to n—1 followers:
n — 1 messages.

2. The leader waits for at least [(n — 1)/2] acknowledg-
ments (ACKs): [(n —1)/2] messages.

Hence, in the Raft algorithm, the total number of mes-
sages per round is calculated as

TRaﬁ(n):an[";ﬂ :o@n), (1)

where [-] denotes the ceiling function, which rounds a number

up to the nearest integer. O(:) describes how an algorithm’s
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runtime grows as the input size increases. It usually expresses
the upper bound of growth.
The remaining nodes are partitioned among k& mediators,

so each sub-cluster C; (i = 0,1, ...,k — 1) contains m; ordinary
k—1

followers, where Z m; =n — k — 1. Each round involves:

i=0
1. The leader broadcasts to k mediators: k messages.
k—1

2. Each mediator broadcasts to its sub-cluster: Zmi

=0
messages.

3. Each mediator aggregates ACKs and replies to the
leader: k messages.
The total number of messages in MH-Raft is defined as

k—1
Tunran(n) =k+Y mi+k=n+k-1=0(n). (2)
=0

Since k < n, the total communication overhead of MH-
Raft remains relatively small. The leader-side communica-
tion complexities of Raft and MH-Raft, denoted as Lgras and
Ly -Ratt, respectively, are shown as follows:

Lrag (n) = O(n), (3)
n) = O(k) = O(L). (4)

Ly ra

If a subset group is particularly large and its m; is very
large, it will only increase the load of the mediator. For the
leader, it still handles 2k messages and remains unaffected by
m;. Regardless of whether k is fixed or varies with n, and re-
gardless of whether followers are uniformly distributed or not,
MH-Raft reduces the communication complexity on the leader
side from O(n) to O(k). Aslong as k < n, a leader load reduc-
tion can be achieved. The network-wide complexity remains
O(n), yet the leader-side communication overhead decreases

Times out

from linear to constant, yielding an order-of-magnitude reduc-
tion as n increases, which fully demonstrates the advantage
of the mediator mechanism. Briefly, the role of the mediator
The state
transition diagrams for the Raft and MH-Raft algorithms are

node is to share the pressure of the leader node.

shown in Fig. 1.

We illustrate the specific steps of MH-Raft in Fig. 2. We
list the methods used and the participants involved in each
step, and provide a visual representation of all steps. In the
MH-Raft algorithm, in the first step, we use a multi-objective
optimization method based on MOEA /D (Zhang and Li, 2007)
to elect the leader node. In the second step, we design an
improved definition of tightness value, which is combined with
a hybrid clustering algorithm designed by us to determine the
number of mediator nodes. We provide a formulaic definition
in the following subsection. In the third step, we design an
adaptive clustering algorithm to cluster the remaining follower
nodes. In the fourth step, follower node groups and mediator
nodes are matched to complete the log synchronization process.
We provide a detailed description of each step along with some
theoretical derivation.

3.2 Leader election based on MOEA /D

Previous research on the selection of the leader node us-
ing multi-objective optimization techniques has predominantly
employed the NSGA-II algorithm, which typically selects only
2-3 attributes of a node. However, such low-dimensional rep-
resentations may inadequately capture the characteristics of
nodes. It is posited that a more comprehensive representation
of nodes can be achieved through the inclusion of additional
data attributes, thereby enhancing the stability of the selected
leader node. In this study, we identify six attributes to consti-
tute the node data: node load level, frequency of downtimes,

Receive votes from the majority of servers

Start election /\

Start up
Follower Candidate Leader
Times out,
new election
Raft w
Discover the current leader or the new term
Discover a server with a higher term
Multi-objective optimization with MOEA/D
Choose a mediator by the improved tightness values
Start up
Follower Mediator Leader
\—/
MH-Raft

Discover the current leader or the new term

Discover a server with a higher term

Fig. 1 State transition diagrams for Raft and MH-Raft
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Fig. 2 Flow of the MH-Raft algorithm

online hours, communication costs, storage resource utiliza-
The first three attributes are used
For the last three
attributes, nodes with lower communication costs, higher stor-

tion, and creation time.
in NK-Raft and remain unchanged here.

age resource utilization, and shorter creation times are more
suitable to be the leader node.

As the dimensionality of data and the number of nodes
increase, NSGA-II’s convergence rate tends to diminish signif-
icantly. Consequently, we opt to employ the MOEA /D opti-
mization algorithm for the selection of the leader node. We
compare the complexity of the two algorithms and define N
as the number of individuals, D as the dimension, G as the
number of iterations, P. as the crossover probability, P as the
mutation probability, H as the number of sub-problems, and
T as the neighborhood size. The individual evaluation com-
plexity of both NSGA-II and MOEA /D is O(ND). The cross-
mutation complexity of NSGA-II is O(GN(P.D + PnD)) and
the reproductive complexity of MOEA/D is O(GHD). When
the number of nodes is large, P. N 4+ Py, [N is much larger than
H. Therefore, as N and D increase, the gap in complexity be-
tween the two algorithms will gradually widen. The fast non-
dominated sorting complexity of NSGA-IT is O(GN?), which
is quadratic with respect to N, whereas the complexities of the
decomposition process and neighborhood update in MOEA /D
are O(GNHM + GHT M), which is polynomial related to N.
Obviously, the complexity of MOEA /D increases more slowly
as N increases. This implies that when we select more node
attributes, the MOEA /D algorithm is more suitable for the
multi-objective optimization process in the election stage than
the NSGA-II algorithm.

3.2.1 Multi-objective optimization and MOEA /D

The constrained multi-objective optimization problem
can be expressed as follows:

min F(z) = [f1(2), fo(@), ..., fx (z)]
st. gi(e)>0,i=1,2,..., M,
hi(@)=0, j=1,2,...,L, (5)

where @ denotes the decision vector, which represents the vari-
ables to be optimized in multi-objective optimization problems.
In our scenario, it represents the node selection outcome. F'
denotes the multi-objective optimization function, f; signifies
the 7" objective optimization function, g and h represent the
constraints associated with the optimization problem, K rep-
resents the number of objective functions, M represents the
number of inequality constraints, and L represents the num-
ber of equality constraints. During the election phase of the
MH-Raft algorithm, each node is characterized by six distinct
attributes, which can be translated into their respective objec-
tive functions. The selected attributes are independent of one
another, resulting in a multi-objective optimization problem
with six objective functions (i.e., K = 6). Constraints are es-
tablished and articulated based on the characteristics of each
attribute, thereby framing the problem as a multi-objective
optimization scenario as outlined in Eq. (5).

The MOEA /D algorithm reformulates multi-objective op-
timization challenges into several scalar subproblems by using
a divide-and-conquer strategy. In the optimization of these
subproblems, each one leverages information from its neigh-
boring counterparts, which contributes to a reduction in the
computational complexity during each generation when com-
pared to NSGA-II, particularly in scenarios involving a large
number of objective functions. The solution selection process
within MOEA /D is predicated on a decomposition approach,
which identifies superior solutions for the weight vectors based
on the aggregated values of the objective functions. Given that
our optimization functions are relatively straightforward and
consist entirely of convex functions, we opt for a weighted sum
method, as delineated in Eq. (6):

K
min F(z|X) = > \ifi(), (6)
i=1
where A = [A1, A2, -+, Ax]" is the weight vector, satisfy-
K

ing A; > 0 and Z)\i = 1. Since the node attributes are

i=1
used directly as the objective function, each single-objective
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optimization function is characterized as a convex function.
This approach is capable of identifying all Pareto optimal so-
lutions, thereby facilitating the identification of the optimal
leader node.

3.2.2 Leader election

The election phase of the MH-Raft algorithm is illustrated
in Fig. 3. Initially, an objective function is formulated based
on node attributes, incorporating relevant constraints. Sub-
sequently, the MOEA /D algorithm is employed to obtain the
optimal node, designated as the leader node, with the second-
best node serving as a backup. If the optimal node fails, the
second-best node is elevated to the position of leader to ensure
the continuity of normal operations.

Start election

Multi-objective optimization

Select the node properties

Build the objective functions and constraints

Optimization and selection

Select the optimal node as the leader node by
MOEA/D

Select the suboptimal node as the standby
leader node by MOEA/D

End election

Fig. 3 Leader election of MH-Raft

3.3 Improved tightness values

The definition of the tightness value presented in prior
research is characterized by its simplicity and, as a result, is
incapable of adequately capturing the intricate interrelation-
ships among nodes. This study aims to improve the definition
of the tightness value to more accurately represent the rela-
tionship between follower nodes and the leader node, thereby
facilitating the selection of more optimal mediator nodes. The
application of the Manhattan distance metric, derived from
latitude and longitude, is insufficiently precise for measur-
ing geographical distance DN;. Therefore, the Haversine for-
mula is employed to accurately compute the true geographical
distance d;, as captured by the corresponding mathematical

expressions:
DN, = —d;, )
d; = 2R arcsin \/sin (%) 2 + cos ¢o cos ¢; sin (%) 27
(3)
A¢i = ¢i — ¢o, (9)
Avyi = v — "o, (10)

where ¢o and o denote the latitude and longitude of the leader
node, while ¢; and 7; denote the latitude and longitude of the

it" follower node, respectively. R is the radius of the Earth. As
the spatial separation between follower nodes and the leader
node expands, the latency associated with data transmission
escalates, resulting in increased communication latency among
nodes and a heightened packet loss rate. These factors con-
tribute to the diminished suitability of geographically distant
nodes as mediators. The negative coefficient in Eq. (7) serves
to calibrate the variable in relation to the tightness value, in-
dicating that a shorter geographical distance correlates with
a higher tightness value. Node activeness serves as a critical
determinant influencing consensus latency. Nodes exhibiting
elevated levels of activity are more apt to function as media-
tors. Consequently, we maintain the node activeness variable,
which is defined as

AN, = oT;

= ST, (11)

where AN;, OT;, and ST; denote the activeness, online dura-
tion, and the duration since being added to the blockchain of
the i node, respectively. We seek nodes with local centrality
and reliability, which directly determine the communication
success rate of the hierarchical structure. The initial definition
of the tightness value was established as a linear combination of
the Manhattan distance, derived from latitude and longitude,
and the online duration ratio. It is important to note that
these two variables incorporated in this formula are not nor-
malized, which could result in one attribute, presumably the
distance, exerting an excessively large influence on the over-
all calculation. Consequently, this study proposes a revised
definition of the tightness value as follows:

TNZ' = W1 7DN7;

k—1
> DN;
j=0

AN;

k—1 :
> AN,
z=0

=+ w2 (12)

Incorporating normalization techniques to equilibrate
these two influencing factors enhances the sensitivity of the
independent variable’s effect on the dependent variable to the
weights w1 and ws. Typically, these weights are initialized
at a value of 0.5; however, they can be adjusted according to

specific scenarios.
3.4 Hybrid clustering algorithm for node grouping

In accordance with methodologies established in prior re-
search (Yang SJ et al., 2024), the n nodes exhibiting the highest
tightness values are designated as mediator nodes. The remain-
ing follower nodes are subsequently organized into n groups,
where each group is managed by a single mediator. The pa-
rameter n is regarded as a hyperparameter, conventionally set
to 4. However, as the total number of nodes increases, the
efficacy of maintaining only four mediator nodes in the second
layer may diminish. Consequently, the determination of the
appropriate number of mediator nodes emerges as a pertinent
issue. This study proposes a hybrid clustering approach to
ascertain the number of groups, which subsequently informs
the selection of the number of mediator nodes. Ultimately, we
identify a suitable clustering algorithm to facilitate the cluster-
ing of the mediator node count. A flowchart illustrating this
process is presented in Fig. 4.
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Cluster the remaining follower

Calculate the tightness values
nodes by cluster algorithms

Determine the node number n
of layer 2 by the hybrid

hierarchical clustering algorithm Match the nodes in layer 2 with

groups in layer 3

Select n nodes with the largest

tightness values as nodes in layer 2 End grouping

Fig. 4 Flowchart of node grouping

3.4.1 Determination of group numbers

We design a hybrid clustering algorithm to determine the
number of mediator nodes, specifically to determine the num-
ber of groups for other follower nodes. The specific algorithm
process is as follows:

1. Set the minimum group number ki, and the maximum
group number Kmax;

2. Apply the agglomerative hierarchical clustering method
(Sokal and Michener, 1958) to all follower nodes based on
geographical location, and obtain the number of groups ko
when the algorithm stops;

3. Apply the divisive hierarchical clustering method
(Ward, 1963) to all follower nodes based on geographical loca-
tion, and obtain the number of groups k1 when the algorithm
stops;

4. The number of final groups is defined as k =
G (kmin, kmax, ko, k1).

The function G is represented as

G= %(max(kmin7 ko) + min(kmax, k1)). (13)

Setting minimum and maximum cluster bounds ensures
that the final cluster count remains within a reasonable range.
Otherwise, when the number of mediator node clusters is too
large or too small, the MH-Raft algorithm may degenerate
into the Raft algorithm. After obtaining the final number of
clusters n, the n nodes with the highest tightness values are
selected as mediator nodes, while the remaining nodes serve as
follower nodes.

We employ a hybrid hierarchical clustering algorithm to
determine the number of mediator nodes, so the number of
clusters cannot be predetermined as a stopping criterion. The
hierarchical clustering algorithms used in this study all employ
dynamic stopping criteria. Taking the agglomerative hierar-
chical clustering algorithm as an example, the merging process
stops when the similarity after merging two clusters falls be-
low a certain threshold. The pseudo-codes for the agglomera-
tive hierarchical clustering algorithm and divisive hierarchical
clustering algorithm used in our algorithm are shown in Algo-
rithms 1 and 2, respectively.

Through the above process, we are able to determine the
number of mediator nodes, as well as the number of groups
after grouping follower nodes in the third layer. In the next
section, we will adaptively select a clustering algorithm and
group follower nodes in the third layer based on the process of
determining the number of mediator nodes in the second layer.
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Algorithm 1 Agglomerative hierarchical clustering algorithm

Input: Dataset D = {21,22,...,2Zm} (z; denotes the i*" node
participating in the clustering algorithm, m is the total number
of participating nodes) and similarity threshold e
Output: Groups G = {G1,Ga2,...,Gi}
1: Initialize each node as a separate group:
G —{{z1}, {w2} .., {om}}
2: for all G;,G; € G,i # j do

3: distymin < 00 /* distpin represents the minimum Euclidean
distance */

4 for all z, € G;, p=1,2,...,|G;| do

5 for all z4 € G;, ¢ =1,2,...,|G,| do

6 dist < d(xp,xq) /* dist is the Euclidean distance */

7 if dist < disty,ij, then

8 distin < dist

9 end if

10: end for

11: end for

12: M;j + distmin

13: end for

14: while True do

15: Find the pair of groups (Ga, Gp) with the highest similarity:
maxq,,G;ed,izj Mij /* M;; indicates the minimum distance
between node sets G; and G; */

16: if max M;; < € then

17: break

18: else

19: Merge G, and Gp: Gnew +— Gq UGy
20: Update G: G + (G \ {Ga,Gp}) U{Gnew}
21: for all G; € G \ {Gnew} do

22: distyin < 0o

23: for all z, € Ghew do

24: for all z4 € G; do

25: dist + d(zp,xq)

26: if dist < distyjn, then

27: distynin < dist

28: end if

29: end for

30: end for

31: Minew + distmin

32: end for

33: end if

34: end while
35: return G

Quantitatively, the traditional Raft algorithm imposes a
linear communication overhead of Crag = O(n) on the leader,
creating a significant processing bottleneck as the network size
n expands. In contrast, MH-Raft’s layered architecture miti-
gates this limitation by restricting the leader’s direct interac-
tion to k proxy nodes, effectively reducing the leader’s load
to CMH ~ O(k)
burden to proxy nodes that operate in parallel with a local
complexity of O(n/k), and given that k < n, MH-Raft funda-
mentally transforms the log replication process from a linear

By distributing the remaining replication

to a sub-linear growth model, providing a rigorous theoreti-
cal justification for the enhanced scalability and throughput
observed in our experiments.

3.4.2 Adaptive clustering algorithm

We use clustering algorithms to cluster the remaining fol-
lower nodes into groups, with the number of groups equal to the
number of mediator nodes in the second layer (Algorithm 3).
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Algorithm 2 Divisive hierarchical clustering algorithm

Input: Dataset D = {z1,z2,...,Zm} and similarity threshold e
Output: Groups G = {G1,G2,...,Gi}

1: Initialize all nodes as a single group: G < D

2: for all G € G do

3: distmax < 0 /* distmax represents the maximum Euclidean

distance */

4 for all z;, € G do

5 for all z4 € G, x4 # zp do

6: dist + d(zp,xq)

7 if dist > distmax then

8: distmax < dist

9: end if

10: end for

11: end for

12: similarity (G) < distmax

13: end for

14: while True do

15: Find the group Ggpiiy with the lowest internal similarity

16: Let Smin be the minimum internal similarity of Ggpiit
17: if Siin > € then

18: break

19: else

20: Split Ggpli¢ into two new groups Gpew1 and Gpew2
21 Update G: G < (G \ {Gspiit}) U {Gnew1; Gnew2}
22: for Ghew € {Gnew1, Gnew2} do

23: distmax + 0

24: for all ), € Gpew do

25: for all z4 € Grew, ¢ # xp do

26: dist < d(zp, zq)

27: if dist > distmax then

28: distmax + dist

29: end if

30: end for

31: end for

32: similarity (Gnew) < diStmax

33: end for

34: end if
35: end while
36: return G

Algorithm 3 Adaptive clustering algorithm

Input: kyin, kmax, ko, and k1
Output: Selected clustering algorithm
1: if max(ko, k1) = ko and ko € (kmin, kmax) then
2: Use the agglomerative hierarchical clustering algorithm as
the final clustering algorithm
3: else if max(ko, k1) = k1 and k1 € (kmin, kmax) then

4: Use the divisive hierarchical clustering algorithm as the final
clustering algorithm
5: else

6: Use the K-means++ clustering algorithm as the final clus-
tering algorithm

7: end if

8: return the selected clustering algorithm

The definitive number of clusters is determined by the hybrid
algorithm, which is subsequently used to classify other nodes.
Specifically, if the agglomerative hierarchical clustering algo-
rithm yields the highest number of groups, this algorithm is
applied to cluster the remaining follower nodes.

Conversely, if the divisive hierarchical clustering algo-
rithm produces the greatest number of groups, it is selected
for the clustering of the other follower nodes. In instances
where the number of groups from both methods falls outside

the predetermined minimum and maximum thresholds, the K-
means+-+ algorithm is implemented for clustering purposes.

3.4.3 Matching mediator nodes and follower groups

Upon grouping the follower nodes within the third layer, it
becomes imperative to match the mediator nodes of the second
layer with the corresponding groups of the third layer. This
step facilitates communication between the mediator nodes in
the second layer and those within the matched groups of the
third layer. In the context of the NK-Raft algorithm, the Eu-
clidean distance from the mediator nodes in the second layer to
the centroids of the groups in the third layer is computed, with
the node exhibiting the shortest distance being designated as
the match for the respective group. However, if the distri-
bution of follower nodes is asymmetric or contains multiple
aggregation centers, the centroid of the follower groups may
not accurately reflect the true location characteristics. There-
fore, a more representative measure of proximity between the
nodes and the groups can be achieved by calculating the av-
erage distance from the mediator nodes in the second layer to
follower nodes within each group of the third layer.

Although this approach necessitates the computation of a
greater number of distances among nodes, thereby increasing
complexity, the current scale of nodes does not warrant serious
consideration of this complexity. Consequently, to match the
nodes and groups more appropriately, we advocate the adop-
tion of the average distance calculation method (Algorithm 4).
The difference in distance calculation between NK-Raft and
MH-Raft can be shown in Fig. 5. In fact, the matching results
produced by this distance calculation method are almost con-
sistent with the clustering results of selecting the second-layer
nodes. Therefore, given the high computational overhead, we
can use the clustering result directly as a substitute for the ex-
act matching result when determining the number of mediator
nodes.

4 Experiments and analysis

We implement the Raft algorithm and the improved MH-

Raft algorithm using the Go programming language. We

Algorithm 4 Matching algorithm for mediator nodes and
follower groups
Input: Mediator nodes M = {M;]i = 1,2,...,k} and follower
groups G = {{F}|Fr € Gj, j=1,2,...,n, r=1,2,...,|G;|}
Output: Matching result pairs
1: for i <~ 1 to m do
2 for j <+ 1 to n do
3: for Fr € G; do
4 Calculate the Euclidean distance of mediator M; and
follower Fy: D(M;, Fy)
5: end for

6: Calculate the distance of mediator M; and follower group
1
G]'Z D(]\4i7 G7) = [en ZFTEG]' D(Mi7 FT‘)
7 end for
Matching the mediator M; with the follower group that has
the minimum distance (M;, Guyin)
9: G+—g \ {Gmin}
10: end for
11: return (M, Q)
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Fig. 5 Difference in distance calculation between NK-Raft and MH-Raft

simulate multiple nodes participating in a network environ-
ment by listening on different ports on the same device, and
we test the election latency, consensus latency, and throughput
of the algorithms. The experimental environment of MH-Raft
is shown in Table 1.

Table 1 Experimental environment of MH-Raft

Configuration Detail

Operating system Windows 11, 64-bit

CPU 13" Gen Intel® Core™ i9-13905H@2.60 GHz
RAM 32.0 GB
Disk 1.86 TB

Go version 1.24.1

Please note that our experimental data are artificially
generated rather than real-world data. The attributes of each
node are generated by random numbers. We conduct 10 exper-
iments on each algorithm and present the statistical results.

Although we simulate multiple nodes by listening to dif-
ferent ports on a single machine through the Go programming
language, which is indeed different from a wide area network
(WAN), this setup is one of the standard practices for verifying
the logical efficiency of protocols in consensus algorithm re-
search. Isolating algorithm logic consumption: single-machine
experiment eliminates uncontrollable physical link jitter, en-
abling us to measure more purely the performance changes
brought by the MH-Raft algorithm itself compared to tradi-
tional Raft. Relative performance effectiveness: our core claim
is that MH-Raft reduces the message complexity and elec-
tion rounds compared to Raft and NK-Raft. Whether in a
local area network or a WAN, a reduction in the number of
communications will inevitably lead to a decrease in latency.
Therefore, although the absolute value may differ from the
real WAN;, the trend and ratio of performance improvement
are externally valid.

The experimental settings are shown in Table 2. As
the number of nodes increases, the population size of either
MOEA /D or NSGA-II should also increase accordingly. There-

fore, we directly set the population size to the number of nodes.
The two weight hyperparameters w; and ws are selected to
reflect the effect of the MH-Raft algorithm’s normalization
operation when the tightness value is improved; that is, the
influence of each variable on the tightness value is only con-
trolled by the coefficient. The selection of kmin is designed
according to the minimum number of nodes, which is 5 in
our experiments, meaning that four nodes are remaining after
all nodes elect a leader node. The setting of kmax takes into
account the extreme situation where each follower group has
only one node. Since it is a boundary hyperparameter, the
range can be widened. The similarity threshold parameter is
involved in the hierarchical clustering algorithm, and its set-
ting is related to the data points. We hope that under the set
threshold, the number of clustering groups generated by the
hierarchical clustering algorithm is as close as possible to the
range between kmin and kmax. The values 0.15 and 0.25 are
thresholds suitable for our simulated data.

Table 2 Experimental settings

Hyperparameter Value
Number of generations 50
w1 0.50
w2 0.50
kmin 4
Finax 15+
€1 0.15
€2 0.25

Metric method Euclidean distance

|-] represents the floor function

4.1 Leader election latency

In the Raft consensus algorithm, a new election needs
The time taken for the
re-election is referred to as the election latency:

to be held when a leader node fails.

Telection = tleader — tmal, (14)
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where Telection, tleader, and tma1 denote the election latency, the
moment when a new leader node is elected, and the moment
when the old leader node fails, respectively. In this section, we
conduct experiments with 5-30 nodes, comparing the election
latency of Raft, NK-Raft, and MH-Raft. The results are shown
in Fig. 6.

251 =e= Raft
NK-Raft
=&= \|H-Raft
201
[72)
£
>
2 151
[}
=
s
7 107
@
|
5_
0 — /—-.-/.

5 10 15 20 25 30
Number of nodes
Fig. 6 Leader election latency of Raft, NK-Raft, and
MH-Raft

It can be seen that as the number of nodes increases, the
election latency of both Raft and MH-Raft rises.
the election latency of MH-Raft is consistently lower than that
of the Raft algorithm. MH-Raft conducts elections through
a multi-objective optimization algorithm. When the number

However,

of nodes increases, the time cost required by the MOEA /D
algorithm does not increase significantly. Experimental results
show that the election latency of both MH-Raft and NK-Raft
(which uses the NSGA-II algorithm as the optimization algo-
rithm) remains at a consistently low level. However, due to
the slightly higher time cost of the NSGA-II algorithm in high
dimensions than the MOEA /D algorithm, the overall perfor-
mance shows that the election latency of NK-Raft is slightly
higher than that of MH-Raft.

Fig. 7 presents the errors of MH-Raft and NK-Raft, using
the sample standard error (SE) Sy as the error measurement
criterion, which is defined as

S
— 1 S _x)2
S=\ ;:1:()(2 X)?, (16)

where n, is the number of experiments. X; and X represent the
leader election latency obtained from the i*" experiment and
the mean value of all experiments, respectively. Lower election
latency means that the system is able to elect a new leader
more quickly in the event of a leader failure, reducing the time
that the system is leaderless and improving system availability.
This is especially important in high-load and high-concurrency
scenarios, where any latency can cause performance degrada-
tion or even a crash.

In addition, the Raft algorithm’s election process requires
a certain amount of system resources, especially network band-
width and computing resources. The election process based on
the MOEA /D algorithm applied in MH-Raft does not require

MH-Raft
NK-Raft ]:

Election latency (ms)
- N N
o [¢,] o
[ —
—
—
—
—

o
&

5 10 15 20 25 30
Number of nodes

Fig. 7 SEs for the leader election latency of NK-Raft and
MH-Raft

communication between nodes, so it consumes fewer comput-
ing resources and negligible network resources, thus saving
system resources.

4.2 Consensus latency

Consensus latency is the time required for a client to send
a request and receive a response, represented by

(17)

Teonsensus = treceive — tsend7

where Tionsensus, treceive, and tsenq denote the consensus la-
tency, the moment when the client receives the response, and
the moment when the client sends the request, respectively. In
this experiment, the number of transactions contained in each
block is fixed at 1000, and the number of nodes participating
in the consensus ranges from 5 to 30. The average of multiple
experimental data points is taken as the experimental result
for consensus latency when comparing MH-Raft with Raft and
NK-Raft. These results are shown in Fig. 8. As the node
scale increases from 5 to 30, the consensus latency of MH-Raft
increases from 37.2 to 154.3 ms, while the consensus latency of
Raft increases from 43.7 to 235.4 ms. The reduction in latency
is between 14.87% and 34.45%.

From Fig. 8, note that as the number of nodes in-
creases, the consensus latencies of Raft, NK-Raft, and MH-
Raft increase, but the consensus latency of MH-Raft is lower
than that of Raft. The above results indicate that MH-Raft

== Raft
2257 NK-Raft
=#= MH-Raft

N}
=3
2

Consensus latency (ms)
@
o

5 10 15 20 25 30

Number of nodes

Fig. 8 Consensus latencies of Raft, NK-Raft, and MH-Raft



has lower consensus latency compared to Raft, thereby saving
communication time overhead. Fig. 9 presents the errors of
MH-Raft and NK-Raft, using the sample SE S5 as the er-
ror measurement criterion. The adaptive clustering algorithm
keeps the number of mediator nodes within an appropriate
This method reduces the
pressure on the mediator nodes while preventing their number

range instead of fixing it at four.

from being too large. This is the fundamental reason for the
low consensus latency. Combined with the previous experi-
ments, the fundamental reason for the increase in throughput
is the reduction in consensus latency, which shortens the time
required for processing each transaction.

1751 MH-Raft
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Fig. 9 SEs for the consensus latency of NK-Raft and
MH-Raft

Lower consensus latency ensures that log entries are repli-
cated more quickly to most nodes, improving data consistency.
This helps reduce the possibility of data inconsistencies and
ensures that the data are kept synchronized across all nodes.
The lower consensus latency makes the log replication process
faster and more reliable, which helps simplify the maintenance
and troubleshooting process of the system. It is worth noting
that the application of the clustering algorithm may lead to
an increase in the consensus latency, but experimental results
indicate that the increased latency is much smaller than the
reduction achieved by applying mediators because the consen-
sus latency is maintained at a lower level as a whole in the
experiments.

4.3 Throughput

Throughput refers to the number of transactions that can
be processed in a unit time. The higher the throughput, the
better the system’s ability to handle transaction requests. It is
usually calculated by the number of transactions per second,
as shown in Eq. (18):

NTr
At’

where At denotes the duration from the moment a transaction

Rtps - (18)

is packed until the block is confirmed. N1, denotes the number
of transactions packed in the duration. In these experiments,
the number of transactions contained in each block is fixed at
1000 and the number of nodes participating in the consensus
ranges from 5 to 30. The average value of multiple experimen-
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tal data is taken as the throughput result to compare MH-Raft
with Raft. Experimental results are shown in Fig. 10. As the
node scale increases from 5 to 30, the throughput of MH-Ratft is
27218, 13758, 9705, 7805, 7098, and 6785 transactions/s, while
the throughput of Raft is 22955, 12255, 8278, 6239, 4726, and
4262 transactions/s.
30.43%.

The average increase of throughput is

250001
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15 000+

10 000+

Throughput (transaction/s)
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Number of nodes

Fig. 10 Throughput of Raft, NK-Raft, and MH-Raft

Note that both Raft and MH-Raft experience a decrease
in throughput as the number of nodes increases; however, the
throughput of MH-Raft is consistently slightly higher than
that of Raft. Fig. 11 presents the errors of the MH-Raft and
NK-Raft algorithms, using the sample SE, denoted as S,
as the error measurement criterion. High throughput means
that the system can process a large number of requests quickly
and improve resource utilization, thereby enhancing the overall
system performance. At the same time, it can reduce system
pressure under high load, improving the stability of the system.
This helps mitigate the risk of system crashes and ensures
that the system can function under high loads. Experiments
demonstrate that the throughput of the MH-Raft algorithm
is higher than that of the Raft algorithm with different node
numbers, and it is more likely to show advantages in high-load
scenarios.

The overall throughput improvement observed in our eval-
uation is a combined result of two factors. Primarily, the
proposed multi-objective optimization mechanism significantly

I MH-Raft

NK-Raft
25 000 I

@

S 20 0007

b5

(]

12}

S

£15 000 -

:’ x

>

Q.

<

210 000 =

2

F it - B3 I

5000
0 T T T T T T
5 10 15 20 25 30

Number of nodes

Fig. 11 SEs for the throughput of NK-Raft and MH-Raft
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reduces the system’s downtime during leader transitions, allow-
ing the network to resume transaction processing much faster.
Secondarily, the hierarchical topology inherently benefits the
log replication phase. By using mediators for log dissemina-
tion, the direct broadcast burden and network input/output
(I/0O) bottleneck on the main leader are alleviated compared
to the flat structure of standard Raft. While the current exper-
imental setup evaluates the system’s macro-level performance
where these two effects are coupled, conducting a decoupled,
fine-grained analysis to isolate the exact throughput gains from
replication enhancements remains a valuable direction for our
future work.

4.4 Hybrid clustering algorithm

The selection of the adaptive algorithm is shown in Ta-
ble 3, as recorded in the experiments. Specifically, we record
how the algorithm conducts clustering in each experiment. It
can be seen that when the number of nodes gradually increases,
most of the adaptive clustering algorithms use the agglomer-
ative clustering algorithm as the clustering algorithm. When
the number of nodes is small, the adaptive clustering algo-
rithm adopts the K-means++ algorithm, which is in line with
our expectation. If the K-means+-+ algorithm is not set,
the appropriate clustering algorithm cannot be selected when
the number of nodes is 5, and the two hierarchical cluster-
ing algorithms are not effective when the number of nodes is
10. The adaptive clustering algorithm successfully avoids these
two cases and chooses the K-means+-+ algorithm we set as the
clustering algorithm. The occurrence of this situation shows
that our algorithm is quite robust.

Table 3 Selection of the adaptive algorithm

Number of nodes Most selected algorithm

5 K-means++

10 K-means++

15 K-means++
20 Hierarchical clustering
25 Hierarchical clustering
30 Hierarchical clustering

5 Case study

According to the China Health Statistical Yearbook
(2024), there are over 8700 public hospitals at the secondary
level and above requiring nationwide medical data sharing.
Constructing a unified blockchain for such a massive scale
(8000+ nodes) poses significant challenges to traditional flat
consensus protocols, particularly regarding convergence la-
tency and network instability. To address this, a five-layer
hierarchical networking model is designed to bridge national-
level consensus with provincial and local institution layers.
To verify the scalability of MH-Raft in a representative sub-
scenario of this larger network, we take a 30-node regional
medical consortium chain as an example, using the experimen-
tal data in Section 4 of this study.

The regional medical consortium chain demands “second-

level confirmation, automatic failover, and low cost.” MH-Raft
addresses these requirements by reducing the leader election
latency, ensuring that the core enterprise’s front-end confirma-
tion page remains unnoticeable during planned maintenance.
Moreover, the mediator mechanism reduces the leader-side
communication complexity and monthly cloud-traffic costs,
thereby directly fulfilling the low-cost requirement. The distri-
bution of roles in the scenario is as follows: one core top-tier
hospital, eight secondary hospitals, 12 primary health centers,
six medical insurance/commercial insurance institutions, and
three regional laboratory/imaging centers. The topology is a
two-layer star: layer 1 consists of the leader and mediators and
layer 2 comprises each mediator star-connected to followers.
This single-host, multi-port, two-layer star configuration is de-
signed for algorithm evaluation. Experimental results for the
30-node scenario show that the leader election latency is re-
duced from 24.8 ms (Raft) to 1.9 ms (MH-Raft), the consensus
latency is reduced from 235.4 ms (Raft) to 168.7 ms (MH-Raft),
and the peak throughput is increased from 23 800 transac-
tions/s (Raft) to 32 000 transactions/s (MH-Raft).
while, the 1.9-ms failover enables the planned maintenance of
the original equipment manufacturer to be imperceptible to the

Mean-

front-end rights confirmation. The 0.17-s transaction confir-
mation meets the second-level receipt commitment of medical
consortium institutions. The 32 000 transactions/s margin
can cover the 220 transactions/s demand of a future daily
peak of 800 000 transactions.

regional medical consortium chain, the bandwidth savings for

In the scenario of a 30-node

the leader and the corresponding cloud costs can be conser-
vatively estimated based on the data in Section 4. First, it
can be known from the peak throughput that Raft achieves
23 800 transactions/s and MH-Raft achieves 32 000 transac-
tions/s. Based on the common transaction size of 250 bytes
per transaction in consortium chains, the Raft leader needs
to broadcast directly to all 29 followers, and the uplink peak
bandwidth is 23 800 x 250 = 5.95 MB/s. In contrast, MH-Raft
sends messages to only approximately 8.26 mediators through
the tightness mediator mechanism, reducing redundant infor-
mation and simplifying the node handshake mechanism. The
corresponding theoretical bandwidth reduction ratio is approx-
imately (29 — 8.26)/29 x 100% ~ 71.5%. Accordingly, the
peak uplink bandwidth of the MH-Raft leader is reduced to
5.95 MB/s x (1 —0.715) ~ 1.70 MB/s, saving 4.25 MB/s.

If conservatively estimated based on 24-hour continuous
peak operation, the daily traffic difference is 4.25 MB/s x
86 400 s = 367 GB, and the monthly traffic difference is approx-
imately 11 TB. Based on the public cloud traffic billing rate
of 0.8532 CNY/GB, the leader node can save approximately
9491.85 CNY in cloud costs each month. If a single logistics
node goes offline, the remaining nodes in this subset group can
still meet the confirmation requirements of more than half of
the nodes, and the mediator’s return of the ACK will not be
hindered. If there is a 200 ms latency across regions, since the
consensus latency of MH-Raft has been reduced to 168.7 ms,
it can still be controlled at 169 ms + 200 ms = 369 ms after
amplification, and leader re-election will not be triggered. The
above analysis is based entirely on the publicly available data
in the study, proving that MH-Raft can still achieve practi-
cal value, such as sub-second confirmation, low cost, and easy



operation and maintenance in cross-regional, high-concurrency,
and strongly-supervised regional medical scenarios.

6 Conclusions

In this study, we present an improved Raft consensus al-
gorithm called MH-Raft. First, we address the selection of a
qualified leader as an optimization problem, directly determin-
ing the leader node using the MOEA /D algorithm. Then, we
select follower nodes that are more suitable to serve as me-
diator nodes by improving the definition of tightness values.
Concurrently, we design a hybrid clustering algorithm to de-
termine the number of mediator nodes and perform clustering
through an adaptive clustering algorithm. Finally, we improve
the matching method between mediator nodes and other fol-
lower groups. Experimental results show that the election
latency is significantly reduced, the consensus latency is re-
duced by 14.87%-34.45% from small-scale to large-scale nodes,
and the throughput is increased by an average of 30.43%.
This approach effectively bridges the gap between topological
proximity and node fitness, providing a scalable and resilient
solution for large-scale distributed consensus. These findings
indicate that the MH-Raft algorithm has potential advantages
in real-world scenarios. We believe that such adaptive and
secure mechanisms will be instrumental in the evolution of
next-generation blockchain networks capable of handling com-
plex industrial workloads.

This study demonstrates that integrating intelligent opti-
mization strategies with a structural layer is a viable paradigm
for overcoming the scalability bottlenecks of distributed con-
sensus protocols. To address remaining challenges in ultra-
large-scale deployments, future work will focus on minimiz-
ing structural maintenance overhead and mediator-matching
overhead, exploring lightweight heuristic algorithms to acceler-
ate convergence, and enhancing the system’s resilience against
Byzantine faults.
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