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ABSTRACT

Communication within system-on-chip (SoC) architectures has evolved signif-
icantly to keep pace with the growing complexity of modern applications. To
overcome the limitations of traditional interconnects, network-on-chip (NoC)
has emerged as a scalable and efficient communication solution. Although
early NoC designs relied heavily on 2D architectures, their physical and per-
formance constraints have led to the rise of 3D NoC architectures, which offer
better spatial integration and improved performance. In order to automate the
NoC design process, a number of electronic design automation (EDA) tools and
optimization algorithms are employed to help designers achieve efficient and
high-performance designs. Within this EDA framework, one of the most critical
stages is the core placement or application mapping phase, where computational
tasks are allocated to the processing elements of the architecture. This step is
very hard due to its combinatorial nature, and its optimization is essential since
it directly impacts communication cost, energy consumption, and overall system
performance. To address this challenge, numerous heuristic and metaheuristic
algorithms have been explored for both 2D and 3D NoCs. In this paper, we pro-
pose an adaptation of the bat algorithm to solve the mapping problem in both
2D and 3D NoC architectures, with the objective of minimizing communication
cost. The proposed approach is evaluated and compared against other optimiza-
tion methods to assess its effectiveness in enhancing NoC performance within
the EDA framework.
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1. INTRODUCTION
As the demand for high-performance computing systems continues to grow, network-on-chip (NoC)

architectures have emerged as a promising solution to address communication bottlenecks in complex system-
on-chip (SoC) designs [1]. Similar in concept to traditional computer networks, a NoC provides scalable
and structured communication among multiple processing elements. However, due to stringent constraints in
area, power, and performance, NoC designs must be carefully optimized to meet the specific requirements of
their target applications. In NoC-based systems, applications are typically divided into several computational
tasks, each encapsulated in an intellectual property (IP) block. These IPs must be integrated into the NoC
infrastructure in a manner that maximizes performance while minimizing energy consumption and latency [2].
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A typical NoC consists of four key components [3]: i) IP cores, which include processors, memory
units, and custom controllers; ii) network interfaces (NIs), which serve as a bridge between the IP cores and
NoC communication; iii) routers, which handle packet forwarding and arbitration; and iv) physical intercon-
nects, which define the paths for data transmission. Each tile consists of an IP, a network interface (NI), and a
router. The topology of a NoC determines how tiles are connected [4]. Among the available configurations, the
2D mesh topology is the most widely adopted due to its regular structure, simplicity, and scalability. With the
increasing complexity and integration density of modern SoCs, 2D NoC architectures face growing limitations
in terms of bandwidth, latency, and energy efficiency. To address these challenges, three-dimensional (3D)
NoC architectures have been proposed [2]. By vertically stacking multiple 2D layers and employing through-
silicon via (TSV) technology [2], 3D NoCs significantly reduce the average communication distance, enhance
bandwidth, and improve performance. In a 3D mesh topology, each router connects to up to six neighboring
routers [5], four in the same layer and two in adjacent vertical layers. This configuration enables both intra-
layer and inter-layer communication, leading to better parallelism, reduced latency, and higher throughput.
Figure 1 shows 2D and 3D mesh NoC topologies. The design of a NoC-based system generally follows three
main stages [6]: i) task assignment, which involves assigning application tasks to a predefined library of IP
blocks; ii) IP mapping, where these IP blocks are mapped to physical nodes (routers) within the NoC; and iii)
static routing, which determines the communication paths between the mapped IPs. Each of these stages is sup-
ported by EDA tools, which explore the design space to generate optimized hardware/software configurations.
Figure 2 illustrates a standard embedded system design flow for NoC platforms. This paper introduces a novel
model for solving the IP mapping problem in both 2D and 3D NoCs. After modeling the problem, defining the
main objective of the study, and formulating the cost function, the Bat algorith is employed for the first time as
a new method to address the application mapping problem.

(a) 2D (b) 3D

Figure 1. Mesh-based NoC

Figure 2. Typical embedded system design flow for NoC platform.

The structure of this paper is as follows. Section 2 introduces the NoC generalities. Section 3 provides
a review of prior research related to mapping in NoC architectures. In section 4, we present the modeling of
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the mapping problem prior to applying a metaheuristic approach. The bat algorithm, used as the core mapping
strategy, is described in section 5. Section 6 analyzes the results obtained from the simulation experiments.
Finally, section 7 presents the conclusion of the study along with directions for future work.

2. NOCS GENERALITIE
NoC draws its inspiration from communication networks originally designed for supercomputers and

is formed by interconnected on-chip components that communicate through packet-based transmission over a
scalable interconnection architecture. NoC offers numerous benefits, including energy efficiency, reliability,
bandwidth scalability in comparison to traditional bus architectures, and reusability [6]. A NoC’s topology
refers to the arrangement of its components within the on-chip interconnect, which can be structured as a ring,
torus, or 2D mesh. It is also characterized by other aspects such as the communication mode, flow control
mechanisms to prevent deadlocks, and buffering policies. Several steps are required in the design of a NoC
based system. Initially, the application is decomposed into a set of parallel communication tasks. Then, each
task is assigned to a selected processing core, which is scheduled according to the system requirements. Finally,
the processing cores are mapped onto the NoC architecture [5]. This paper focuses on the application mapping
stage, which remains an open research problem. An optimal mapping can achieve up to 51.7% communication
energy savings compared to an ad hoc implementation [7]. To achieve high performance, an optimal mapping
must be determined. Given m tasks mapped onto a NoC with n cores, where m ≤ n, the number of possible
mappings is n!/(nm)!. As an NP-hard combinatorial optimization problem, application mapping is generally
addressed using heuristic algorithms to obtain suboptimal solutions. In conventional 2D NoCs, each IP is
connected to a router via a network interface, and these routers are arranged in a planar grid with wired links.
Communication takes place using packet-switched data transfer, where messages are broken into packets and
routed through the NoC [8]. Compared to traditional bus-based systems, 2D NoCs offer several advantages:
higher communication bandwidth, reduced latency, improved scalability, and lower power consumption [9].
However, as more IPs are integrated into a single chip, the average number of hops (routers traversed by a
packet) increases, leading to greater communication energy and degraded performance. This issue becomes
increasingly problematic as system size grows [7]. The 3D NoC paradigm addresses these issues by enabling
vertical communication through TSVs. This approach reduces the average hop count and significantly lowers
latency and energy consumption. Additionally, it enhances area utilization, making it suitable for large-scale
multicore systems. Consequently, 3D NoCs have gained significant interest in both academia and industry as
a compelling solution for future high-performance computing platforms. This work focuses on optimizing the
mapping phases of NoC design, aiming to minimize communication energy while maintaining high system
performance.

In a 3D NoC, the IP mapping problem consists of assigning each IP core to a specific node within
the 3D topology. This phase is critical, as efficient mapping can greatly reduce communication cost, energy
usage, and latency [10]. Due to its combinatorial nature, the IP mapping problem is considered NP-hard and is
closely related to the quadratic assignment problem (QAP). This complexity makes exact solutions impractical
for large systems, especially within limited design time. As 3D NoCs enable the integration of a greater number
of IPs across multiple layers using TSVs, efficient and scalable mapping algorithms are becoming increasingly
important. To this end, heuristic and metaheuristic approaches offer a viable alternative, providing near-optimal
solutions within reasonable time frames.

3. RELATED WORK
Several approaches have been proposed to the mapping in NoCs. These mapping techniques can

be classified into three principal categories: exact approaches and heuristic (or approximate) techniques [11].
We show in this paper the most cited who take into a count single objective. Exact mapping methods, such
as exhaustive search, linear programming, and branch-and-bound algorithms, rely on mathematical rigor to
guarantee globally optimal solutions. An integer linear programming (ILP) formulation for the IP mapping
problem is presented in [12]. This approach models both objectives and constraints as linear functions, with
the additional requirement that decision variables take integer values. The ILP model is solved using the
optimization tool, enabling precise solution computation within a mathematically defined space. Despite their
accuracy, exact methods suffer from high computational complexity and significant runtime requirements. As
a result, they are typically feasible only for small-scale mapping scenarios involving a limited number of IP
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cores, where the size of the solution space remains manageable under current computing capabilities.
The second category encompasses heuristic-based approaches, which aim to provide efficient and

practical solutions to the application mapping problem on NoC architectures. The NMAP algorithm [13] is
a widely used heuristic that maps application cores to tiles iteratively. At each step, a core is selected and
assigned to a tile, repeating the process until all cores are mapped. While NMAP includes an iterative improve-
ment mechanism, the quality of the final solutions often remains constrained by the initial mapping. BMAP
[14] introduces a binomial mapping approach based on iterative two-way merging, taking into account the
traffic load between cores to optimize communication. CastNet [15] enhances solution diversity by leveraging
the symmetric characteristics of mesh topologies. It selects multiple initial tiles and generates several mapping
options, ultimately choosing the best one based on the number of free neighboring tiles for each core. CHMAP
[16] calculates a priority value for each core based on its communication requirements and its position within
a communication spanning tree. The algorithm then determines the mapping order and assigns cores to appro-
priate tiles according to these computed priorities. Onyx [17], proposed in 2009, introduces a lozenge-shaped
mapping path and defines four movement patterns to assign priorities to tiles. This method has shown improved
communication cost compared to earlier heuristics. Spiral [18] starts by mapping the highest-priority task at the
center of the mesh, then progressively maps remaining tasks outward in a spiral pattern from already mapped
cores. To address hierarchical communication, Dageleh and Jamali [19] proposed V-CastNet3D, a clustering-
based mapping algorithm. Cores are grouped into clusters to reduce inter-cluster communication, and the
CastNet heuristic is then applied within each cluster for mapping onto a 2D NoC mesh. For 3D meshes, certain
techniques developed for 2D meshes have been adapted. For example, NMAP 3D, ILP3D, and PSMAP3D.
Furthermore, CastNet3D, also proposed by Nalci et al. [12], extends this approach to 3D NoC architectures by
optimizing the utilization of vertical links, thereby improving communication efficiency and reducing energy
consumption.

Given the high computational cost of exact methods and the limitations of current processing capabil-
ities, metaheuristic techniques have emerged as practical and scalable alternatives for solving the IP mapping
problem in NoC architectures. Drawing inspiration from natural and biological phenomena, these approaches
aim to efficiently explore large solution spaces and produce near-optimal solutions within reasonable compu-
tational time. In the context of 2D NoC architectures, several metaheuristic techniques have been proposed: In
[20], CGMAP, a genetic algorithm-based approach, replaces the traditional random initialization with a chaotic
mapping operator, enhancing the exploration capabilities of the algorithm. GBMAP [21] employs an evolu-
tionary algorithm to efficiently map processing cores onto NoC tiles. Swarm intelligence-based approaches
have also been explored. For example, a discrete multi-objective particle swarm optimization (PSO) method is
proposed in [22], utilizing deterministic initial solutions to improve performance. In [23], a hybrid approach
combining PSO and genetic algorithms further enhances solution quality. Ant colony optimization (ACO) al-
gorithm is used to minimize bandwidth requirements, while a hybrid ACO-GA method is proposed in [24] to
reduce communication costs. An artificial bee colony (ABC) algorithm is presented, where genetic operators
are introduced with ABC in [25] to improve the communication-aware mapping efficiency. Cat swarm opti-
mization (CSO) [26] is applied to map IPs onto 2D NoCs with notable results. Differential evolution (DE) is
employed in [27] to address communication cost optimization in 2D NoC mapping problems.

While these techniques are primarily applied to 2D NoCs, recent research has extended metaheuristic
strategies to 3D NoC architectures: In [28], a PSO-based algorithm is developed for mapping IPs onto a
partially vertically-connected 3D mesh NoC. A PSO based mapping method is introduced in [22] to improve
communication costs by applying bandwidth limitation. A similar approach is adopted in [29], but with the
objective of minimizing energy consumption. Hang et al. in [28] apply quantum particle swarm optimization
(QPSO) to the 3D NoC mapping problem, thereby reducing power consumption. An adaptive genetic algorithm
based on logistic functions (LFAGA) is proposed in [30] to optimize the energy consumption of the network.
Finally, a method based on fuzzy logic is proposed in [31]. An ABC-based method for 3D NoC mapping is
introduced in [32], demonstrating improved results in communication optimization. A thermal-aware mapping
technique is proposed in [33], which integrates genetic algorithms with fuzzy logic to minimize the peak
temperature in 3D NoC systems. Finally, in [34], simulated annealing is employed to enhance communication
efficiency in 3D NoC mappings.

Since our paper explores the application of the Bat algorithm (BA), it is important to highlight its
prior use in the NoC design domain. In [35], the algorithm was applied to the routing phase, which follows
the generation of an optimized mapping. In [36], the Bat algorithm was employed for the first time in a 3D
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NoC architecture, but the study was restricted to small-scale real benchmarks with a limited number of cores.
Similarly, in [37], BA was applied solely to the mapping problem in 2D NoC systems. In [38], BA was
applied to the dynamic mapping problem in 2D NoC systems, where several faulty cores were introduced as a
simulation scenario.

In contrast, the present work proposes a comprehensive Bat algorithm–based mapping strategy for
both 2D and 3D NoC architectures. Extensive experiments were performed using real benchmarks and syn-
thetic applications generated via TGFF, enabling a thorough analysis of the algorithm’s scalability and perfor-
mance as the number of cores increases. The obtained results clearly demonstrate the efficiency and robustness
of the proposed approach when compared to other state-of-the-art optimization algorithms.

4. APPLICATION MAPPING PROBLEM
In the context of mapping problem in NoC, the application is typically modeled as an IP core graph,

while the NoC infrastructure is represented as a topology graph. The IP mapping problem consists of assigning
logical IP cores defined by specific communication relationships and bandwidth demands within the IP core
graph to physical resource nodes in the NoC topology graph [8].

4.1. NoC topology graph
The topology of a NoC is abstracted as a directed graph T (R,L), where: R is the set of nodes, with

each node rk ∈ R representing a tile in the NoC. L is the set of directed edges, where each edge lk,l ∈ L
represents a physical communication link between tiles rk and rl [26].

4.2. IP core graph
Similarly to NoC topology, the IP core graph is a high-level abstraction that represents the behavior

of an application. It is denoted as a directed graph G(C,A), where: C is the set of nodes, each node ci ∈ C
representing an IP core, and A is the set of directed edges, where each edge ai,j ∈ A represents communication
from IP source core cj to destination core ci [23]. Each edge ai,j ∈ A is associated with a weight wi,j , which
denotes the bandwidth requirement between the IPs cj and ci.

4.3. Mapping function in NoC
The mapping function defines the mapping of IP cores from the IP core graph G(C,A) to nodes in the

NoC topology graph T (R,L), with the objective of minimizing communication energy [27]. For each IP core
ci ∈ C, there exists a corresponding node rk ∈ R in the NoC topology such that: map: V → T map(ci) =
rk,∀ci ∈ C ∃rj ∈ R Furthermore, each IP core must be mapped to one node, ensuring that for any two IPs ci
and cj : map(ci) ̸= map(cj)

To satisfy this constraint, the number of nodes in the NoC topology graph must be greater than or
equal to the number of nodes in the IP core graph. If necessary, dummy nodes can be added to the IP core
graph to equalize the sizes of both graphs [25]. These dummy nodes are non-communicating placeholders and
do not participate in any data exchanges.

4.4. Solution representation
The mapping solution is represented as a sequence with a permutation of the integers from 1 to n,

where n is the number of nodes in the NoC topology graph [26]. Each sequence position represents a node in
the NoC topology, and its value denotes the ID of the assigned IP core. An example mapping solution is shown
in Table 1.

Table 1. Solution example
core number 1 2 3 4 5 6 7 8 9
node place 8 3 2 1 9 5 6 7 4

4.5. Communication cost
The main objective of this paper is to reduce communication cost by minimizing the number of hops

for each communication when two tasks are mapped onto the NoC. The total communication cost is calculated
using (1) [34].

commcost =
∑
i

∑
j

wi,j ∗ nbhops(rk, rl), (1)
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where ci = source, cj = distination, map(ci) = rk, map(cj) = rl, ci ̸= cj , and rk ̸= rl. nbhops() is the
number of hops between the source and destination, calculated using the Manhattan distance, defined by the
following function:

Hops(rk, rl) = |Xk −Xl|+ |Yk − Yl|+ |Zk − Zl| (2)

where (Xk, Yk, Zk) and (Xl, Yl, Zl) represent the coordinates of the nodes rk and rl within a 3D mesh NoC,
respectively. For a 2D mesh NoC, Zk and Zl are equal to 0.

5. APPLICATION MAPPING WITH BAT ALGORITHM
5.1. Bat in nature

Microbats, a subgroup of bats, are the only mammals capable of sustained, active flight. They possess
an extraordinary ability known as echolocation, which enables them to navigate and hunt efficiently in complete
darkness. To detect and locate their prey, microbats emit high frequency ultrasonic pulses typically ranging
from 25 to 150 kHz [39]. Each short pulse, lasting approximately 5 to 20 milliseconds, generates an echo upon
striking an object or prey. By analyzing these echoes, the bat can precisely determine the distance, direction,
and even the size of the target.

During the initial search phase, a bat emits an average of 10 to 20 pulses per second. However, as it
closes in on its prey, it dramatically increases the pulse rate up to 200 pulses per second—while simultaneously
reducing the intensity of its emitted signals [40]. This adaptive strategy helps avoid echo overlap and enhances
localization accuracy. The bat’s flight path adjusts continuously in response to real time acoustic feedback,
allowing for agile and precise movements.

This remarkable natural behavior—balancing global exploration when the prey is distant with fine
tuned exploitation as it nears the target has inspired the development of a nature-inspired optimization tech-
nique known as the Bat algorithm (BA). Initially proposed to address complex global optimization problems,
the BA mimics key aspects of echolocation: frequency variation, loudness modulation, and dynamic search
adaptation[41]. BA has demonstrated strong performance across various technical domains, including multi
objective optimization, machine learning, and scheduling problems. Its strength lies in its ability to seam-
lessly combine broad exploration of the solution space with intensive local refinement, mirroring the intelligent
hunting strategies of bats in the wild[42].

5.2. Bat algorithm steps
The Bat algorithm, a nature inspired optimization method, was proposed by Yang in 2010 [39]. It

is based on the echolocation behavior of microbats, which use high-frequency sound pulses to locate prey
and avoid obstacles especially during twilight hours. This natural mechanism was mathematically modeled to
create a novel and efficient optimization technique that simulates the dynamic and adaptive flight patterns of
bats in the wild. This section presents the steps of the Bat algorithm, inspired by the real-life behavior of bats
in nature. To define the algorithm, Yang introduced six key steps, which are outlined below [40].

a. Step 1: Initialization of Bat population and problem parameters
Consider a d-dimensional search space represented by a population of bats. The total number of

bats (flock size) is denoted by N . The position of each bat i at iteration t is expressed as a vector in this
d-dimensional space [41].

Xt
i = [xi,1, xi,2, xi,3 . . . xi,d] (3)

The Bat algorithm begins by randomly initializing a population of virtual bats and setting the parameters re-
quired for the optimization problem. The objective is to evaluate the quality of each candidate solution x by
computing the objective function f(x), as defined in the problem.

b. Step 2: Bat population memory initialization
Each bat i is equipped with a memory that stores the location of its personal best position mi. At

iteration t, this corresponds to the best position found by bat i while exploring the search space. During the
initialization stage, the position of each bat is randomly generated. Once generated, all solution vectors are
stored in the bat memory [40]. At this point, the best global solution, denoted as Xbest, is initialized and
corresponds to the best bat position in the memory according to the objective function.
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c. Step 3: Bat movement
In this step, each bat i flies at a speed vi assigned to a randomly generated frequency fi. The new

position of bat i in the search space is updated as follows [41]:

V t+1
i = V t

i + (Xt
i −Xbest)fi (4)

Xt+1
i = Xt

i + V t+1
i (5)

fi = fmin + (fmin − fmax)β (6)

where β ∈ [0..1]. The position of bat i is updated based on its previous position and increased by a relatively
small value. This value is inherited as the distance between the global best position and the parent bat becomes
close to the descendant bat.

d. Step 4: Intensification of the current bat population
This step introduces controlled randomness into the Bat algorithm through a local search mechanism.

With a certain probability defined by the pulse rate Ri, each bat may perform a local random walk around
the best-known solution in the population. A historically good solution mi is selected from the current best
individuals, and the new position of bat i is updated as follows [43]:

Xt+1
i =

{
mi + ϵAt if rand > Ri

Xt
i + V t+1

i otherwise
(7)

here, ϵ is a random number drawn from a uniform distribution [−1..1], and At represents the average loudness
of all bats in the population at iteration t. This strategy allows bats to exploit promising areas of the search
space while still maintaining some degree of randomness.

e. Step 5: Updating the bat population memory
For each bat in the population memory (BM), the newly generated solution x

′

i, x
′

j may replace the
current solution xi, xj under the following conditions [44]:{

f(Xt+1
i ) < f(Xbest)

Rand(0..1) < At
i

(8)

Similar to natural behavior, the loudness Ai and the pulse emission rate Ri are updated dynamically
during the optimization process. As the iterations progress, Ai gradually decreases, whereas Ri increases
according to [41]:

At+1
i = αAt

i (9)

Rt+1
i = R0

i (1− e(−σ×t)) (10)

where Rt
i → R0

i , At
i → 0, and t → ∞. R0

i is the maximum pulse emission rate. α ∈ [0..1] is the
loudness damping factor, σ > 0 is the pulse rate increment factor, and t is the current iteration number. The
parameter α is comparable to the cooling factor in simulated annealing.

f. Step 6: Termination criterion
The Bat algorithm repeats steps 3 through 5 until a termination condition is satisfied. Common stop-

ping criteria include:

− Reaching a maximum number of generations,
− Exceeding a computational time limit,
− A fixed number of non-improving iterations,
− Achieving a desired objective value (solution quality threshold).
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Once the termination condition is met, the algorithm halts and returns the best solution found during
the search process. The details of the algorithm steps are presented in algorithm 1.

Algorithm 1. The Bat Algorithm
Generate the population of bats
Evaluate each bat using the objective function
Initialize the memory of each bat
Initialize the velocity of each bat
Initialize R0

i and A0
i for each bat

Initialize the frequency fi of each bat using (6)
Save the best global solution
iter← 0
while iter < maximum number of iterations do

for each bat i do
Update velocity and position using (4) and (5)
Generate a random number rand1 for use in (7)
Evaluate the new position of the bat
Generate a random number rand2 for use in (8)
Increase Ri and decrease Ai using (9) and (10)
Update the memory of the bat
Update the best global solution

end for
iter← iter + 1

end while
return the best global solution

5.3. Modeling Bat algorithm for mapping problem
In order to model the Bat algorithm so that it can effectively address the mapping problem, we have

detailed its steps by aligning them with the specific requirements of the problem.

a. Step 1: Initialization of Bat population and problem parameters
At this stage, the parameters required for calibrating the Bat Algorithm are initialized by defining the

optimization problem, objective function, constraints, and key algorithm settings to achieve optimal perfor-
mance.
− N : number of bats (population size).
− maxt iter: maximum number of iterations.
− R0

i : maximum pulse emission rate.
− Ai: loudness of bat i.
− σ and α: constants.
− fmin and fmax: minimum and maximum frequencies used by the bats.

b. Step 2: Initialization of Bat positions and memories
Randomly position N bats in a d-dimensional search space, where each bat represents a feasible

solution to the placement problem according to (3). Each bat stores its best-found position in memory, which
is initially set to its current position at iteration 0.

c. Step 3: Evaluation of initial fitness
For each bat, evaluate the quality of its current position by substituting the corresponding decision

variable values into the objective function and save the global best solution.

d. Step 4: Generation of new positions
Each bat updates its position in the search space using its velocity and the global best solution accord-

ing to (4) and (5). The feasibility of the newly generated position is evaluated based on (8).

e. Step 5: Feasibility checking of new positions
For each bat, the feasibility of the newly generated position is evaluated according to the problem

constraints. If the position is feasible, the bat updates its current position accordingly.

f. Step 6: Parameter updating
In this step, each bat updates its memory and adjusts its parameters by increasing its pulse emission

rate and decreasing its loudness according to (9) and (10).
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g. Step 7: Stopping criterion checking
The loop comprising steps 5 to 6 is repeated until the predefined maximum number of iterations

(itermax) is reached. Once the stopping criterion is satisfied, the best solution stored in memory, in terms of the
objective function value, is returned as the final solution to the optimization problem.

6. EXPERIMENT RESULT
To evaluate the performance of a NoC architecture, a variety of benchmarks are commonly utilized

[17]. A benchmark typically consists of a set of interdependent tasks that emulate real application workloads.
These tasks represent computational elements and the communication between them, allowing designers to
evaluate architectural aspects such as energy efficiency and communication cost. In this study, two main cate-
gories of benchmarks are considered:

a. Real-world benchmarks
These benchmarks are derived from actual multimedia applications and are frequently used for eval-

uating the performance of NoC architectures. Figures 3(a) to 3(d) illustrates four widely adopted benchmarks,
video object plane decoder (VOPD), moving picture experts group (MPEG4), picture in picture (PIP), multi-
window display (MWD).

(a) (b) (c) (d)

Figure 3. Benchmarks used in the experiments (a) VOPD – video object plane decoder, (b) MPEG4 – moving
picture, (c) PIP – picture in picture, and (d) MWD – multi-window display experts group

b. Synthetic benchmarks
These benchmarks are automatically generated using the task graphs for free (TGFF) tool [45], which

enables the creation of various task graphs with controlled properties such as task count, communication vol-
ume, and execution time. Synthetic benchmarks play an important role in evaluating the performance of NoC
architectures under diverse scenarios. In this work, five benchmarks generated using TGFF and commonly
adopted in NoC studies [46] are utilized for testing.

6.1. Setting
Before presenting the experimental results, we detail the configuration parameters used to calibrate the

algorithm for optimal performance, as well as the 2D and 3D topologies employed (Tables X and Y). For real-
world benchmarks, VOPD, MPEG4, and MWD were mapped onto a 4×4 2D NoC and a 2×4×2 3D architecture,
while the smaller PIP benchmark was mapped onto a 2×2×2 3D topology. For synthetic benchmarks, TG0,
TG1, and TG2 were mapped onto a 6×6 2D topology and a 3×3×3 3D topology, whereas TG3 and TG4 were
mapped onto an 8×8 2D topology and a 4×4×4 3D topology. Algorithm calibration was performed through
multiple tests, with the population size set to 500 and the maximum number of iterations set to 1500. The
initial loudness Ai was set to 0.25, the pulse emission rate ri to 0.25, and the frequency range was defined
between 0 and 500.

6.2. Result and discussion
The results reported in Table 2 present the performance of the Bat mapping approach applied to both

2D and 3D NoC topologies across Synthetic benchmarks. and The graphical representations in Figure 4 allow
for a comparison of the mapping results achieved by the Bat algorithm in 2D and 3D NoC.
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The data clearly indicate that the 3D NoC configuration consistently outperforms its 2D counterpart,
underscoring the benefits of exploiting the third dimension in task-to-core mapping. These results demonstrate
that incorporating the additional spatial dimension not only optimizes resource allocation but also enables more
efficient handling of complex application graphs, which is often challenging in traditional 2D NoCs.

Table 2. Comparison of obtained results
Benchmarks # Task # Edge Bat 2D Bat 3D

TG0 12 13 30300 18200
TG1 16 16 43600 34400
TG2 27 27 89000 61800
TG3 30 34 109400 109300
TG4 50 59 271700 201700

TG0 TG1 TG2 TG3 TG4

0
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Figure 4. Comparison between 2D and 3D mapping

To thoroughly evaluate the effectiveness of our Bat-based mapping approach, we first compared it with
improved versions of algorithms previously proposed by the same authors for 3D NoC architectures, namely
ABC [25] and simulated annealing [34]. This initial comparison provides a measure of the competitiveness of
our method against already optimized reference techniques. The results presented in Table 3 summarize the
performance of the Bat mapping approach applied to 2D and 3D NoC topologies using synthetic benchmarks.
Furthermore, the graphical illustrations in Figure 5 provide a clear comparison of the mapping outcomes ob-
tained for both 2D and 3D NoCs, enabling a deeper analysis of the differences between the two architectures
in comparison with Bat, SA, and ABC approaches.

Table 3. Comparison results in synthetic benchmarks
Benchmarks SA 2D ABC 2D Bat 2D SA 3D ABC 3D Bat 3D

TG0 32400 49300 30300 27800 31700 18200
TG1 39700 63400 43600 37200 40600 34400
TG2 94700 115100 89000 78000 73000 61800
TG3 – 179900 109400 – 121100 109300
TG4 – 326400 271700 – 199900 201700

TG0 TG1 TG2 TG3 TG4 TG0 TG1 TG2 TG3 TG4
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Figure 5. Result obtained in the synthetic benchmarks
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The results obtained demonstrate that the Bat algorithm achieves better performance than simulated
annealing (SA) across the three benchmarks considered, except for TG1 where SA delivers a slightly better
outcome. However, when compared with the ABC algorithm, the five results in 2D are generally superior for
ABC. In contrast, within the 3D architecture, the Bat approach outperforms both algorithms in most cases, again
with the exception of TG1 where SA shows a slight advantage. These findings emphasize the competitiveness
of the Bat algorithm in both 2D and 3D NoC environments.

We further extended the analysis by comparing the optimal results obtained with those reported in
the literature from other state-of-the-art approaches. This two-stage evaluation not only demonstrates the effi-
ciency and robustness of the proposed approach but also situates its performance within the current scientific
landscape, thereby confirming its contribution to advancing efficient mapping strategies for 3D NoCs. The vi-
sual representations in Figure 4 enable a comparative analysis of the mapping outcomes achieved by SA in both
2D and 3D NoCs. The results summarized in Table 4 present the performance of the Bat mapping approach
applied to the two topologies 2D and 3D NoC based on the synthetic benchmarks. Moreover, the graphical
illustrations in Figures 6, 7, and 8 provide a clear comparison of the mapping outcomes obtained for both 2D
and 3D NoCs with the VOPD, MPEG4, and MWD benchmarks, whereas for the PIP benchmark the results
remain identical across all methods.

Table 4. Comparison results with other approaches in the 2D and 3D NoC
2D VOPD MWD PIP MPEG4 3D VOPD MWD PIP MPEG4
Bat 4345 1312 640 3735 Bat 4070 1180 640 3717
SA 4119 1184 640 3834 SA 4103 1138 640 3567

PSO 4141 1216 640 3757 NMAP 3D 4119 1184 640 3672
GBMAP 4217 – – 3572 PSMAP 3D 4119 1120 640 3567
ONYX 4242 – – 3612 DPSOMAP3D 4119 1120 640 3567

CGMAP 4300 – – 3600 ILP 3D 4103 1120 640 3567
NMAP 4265 1344 640 3852 TSBM 4103 1120 640 3567

CHMAP 4167 1344 640 3852
ILP 4119 1120 640 3567

Castnet 4135 1280 – 3852
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Figure 6. Result obtained in the VOPD benchmark
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Figure 7. Result obtained in the MPEG4 benchmark

The comparison on real benchmarks shows that the Bat algorithm achieved better results for VOPD in
3D. However, for the other benchmarks, the outcomes reveal certain limitations. These limitations are mainly
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due to the fact that a generalized configuration was applied uniformly across all benchmarks, without adapting
the parameters to the specific requirements of each case. In particular, the number of iterations was fixed
at 1500 for all experiments. This observation suggests that a tailored parameter tuning for each benchmark,
especially in terms of iteration count and population size, could potentially lead to more significant performance
improvements.
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Figure 8. Result obtained in the MWD benchmark

7. CONCLUSION
This work presents an algorithm based on the Bat algorithm for application mapping in NoC architec-

tures, targeting both 2D and 3D mesh topologies. The application mapping problem is known to be NP-hard and
combinatorial in nature. To evaluate our approach, experiments were conducted using both real applications
and synthetic benchmark core graphs, with a mono-objective optimization strategy where communication cost
was the primary evaluation criterion. The experimental results demonstrate that the Bat algorithm achieves
superior performance compared to other standard algorithms when appropriate parameter tuning is applied.
However, for real benchmarks, only the VOPD case yielded the best performance, while the results on other
benchmarks revealed some limitations. This is mainly due to the use of a generalized configuration across all
benchmarks, whereas each benchmark requires its own specific configuration, particularly in terms of iteration
count and parameter tuning. In future research, the proposed algorithm will be further extended to address a
larger number of tasks and more complex optimization scenarios, thereby improving its scalability and robust-
ness. Additionally, hybridization with other advanced metaheuristic techniques will be explored to enhance
convergence accuracy and computational efficiency. Finally, the applicability of the algorithm will be inves-
tigated within wireless metwork-on-chip (WNoC) architectures, considering wireless-specific challenges such
as latency, interference, and energy efficiency.
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