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Abstract: Low-Earth-Orbit (LEO) satellite networks offer a promising avenue for achiev-
ing global connectivity, despite certain technical and economic challenges such as high
implementation costs and the complexity of network management. Nonetheless, real-time
routing remains challenging because of rapid topology changes and strict energy constraints.
This paper proposes a GPU-accelerated Eclipse-Aware Routing (EAR) method that simulta-
neously minimizes hop count and balances energy consumption for real-time routing on an
onboard computer (OBC). The approach first employs a Breadth-First Search (BFS)–based
K-Shortest Paths (KSP) algorithm to generate candidate routes and then evaluates battery
usage to select the most efficient path. In large-scale networks, the computational load of
the KSP search increases substantially. Therefore, CUDA-based parallel processing was in-
tegrated to enhance performance, resulting in a speedup of approximately 3.081 times over
the conventional CPU-based method. The practical applicability of the proposed method is
further validated by successfully updating routing tables in a SpaceWire network.

Keywords: LEO-SN; routing; K-Shortest Path; energy; GPU; OnBoard computer; SpaceWire

1. Introduction
As the global demand for fast and stable communication networks continues to rise,

satellite-based networks are gaining attention as a complementary solution to traditional
communication infrastructure. In particular, LEO satellite networks, which can effectively
cover the entire globe while providing low latency, are emerging as a key technology
for next-generation satellite communications [1,2]. LEO satellite networks enable high-
speed internet services even in regions with underdeveloped terrestrial infrastructure.
Additionally, large-scale satellite deployments, such as mega-constellations, can connect
the world into a single network, while advancements in laser communication technology
facilitate high-speed data transmission. Due to these advantages, LEO satellites are being
utilized across various fields, including disaster relief, logistics tracking, and maritime and
aviation communications [3].

Routing algorithms are as essential in LEO satellite networks as they are in terrestrial
networks. However, the unique characteristics of LEO satellites make it challenging to
directly apply conventional routing algorithms. Compared to Medium-Earth-Orbit (MEO)
and Geostationary-Earth-Orbit (GEO) satellites, LEO satellites are positioned closer to
the Earth’s surface, resulting in reduced latency and lower path loss [4,5]. While these
attributes offer advantages, they also introduce significant challenges. To achieve global
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coverage, LEO satellite networks require the deployment of hundreds or even thousands
of satellites. Furthermore, the high mobility of LEO satellites leads to a highly dynamic
network topology, posing a critical challenge in satellite routing research. Due to their
continuous movement relative to the Earth, inter-satellite links frequently change, creating
a dynamic topology that must be efficiently managed [6–8]. As a result, extensive research
is being conducted to develop routing strategies that account for the specific characteristics
of LEO satellite networks.

Energy constraints are also a critical factor in LEO satellite networks. When a satellite
is exposed to sunlight, it generates energy through solar panels, which is used for data pro-
cessing and communication while simultaneously charging its onboard battery. However,
when the satellite enters the Earth’s shadow region, known as an eclipse, it can no longer
receive solar energy and must rely solely on stored battery power to maintain its operations.
During this period, the number of charge and discharge cycles of the battery is limited, a
phenomenon referred to as the Depth of Discharge (DoD) cycle. As DoD increases, the
maximum number of charge-discharge cycles decreases, leading to a reduction in the
battery’s overall lifespan. Therefore, to maintain a low DoD level and prolong battery life,
excessive energy consumption must be avoided during eclipse periods [9–11].

This paper proposes an Eclipse-Aware Routing (EAR) approach based on the
K-Shortest Path (KSP) algorithm, which incorporates satellite battery status and eclipse
conditions into the routing decision process. Unlike conventional shortest path algorithms
that determine only a single optimal route, the KSP algorithm identifies a set of K shortest
path candidates. This feature is particularly beneficial in LEO satellite networks, where
frequent disruptions in inter-satellite links are likely due to high mobility.

The primary goal of this work is to enhance the robustness and energy efficiency
of routing under realistic LEO conditions, where dynamic topology changes and energy
constraints coexist. The KSP algorithm was selected to support this goal by enabling
proactive route planning with multiple alternatives, allowing the system to adapt quickly
to link failures and reduce the need for repeated full-route recalculations.

By preemptively securing multiple alternative routes, network disconnections can be
effectively mitigated [12]. Subsequently, the routing algorithm selects the optimal path by
considering the battery levels of the satellites and their eclipse states. The proposed routing
algorithm ensures both accuracy and efficiency while balancing energy consumption across
the network. By accounting for eclipse conditions, it helps distribute energy usage more
evenly, thereby extending the network’s operational lifespan and improving the overall
efficiency of satellite operations.

To simulate the operation in an actual satellite environment, the routing algorithm
was implemented on an OnBoard Computer (OBC). While it efficiently determined rout-
ing paths at relatively small node scales, real-time applications became challenging for
large-scale nodes due to computationally intensive operations. To address this, parallel
processing was performed using a GPU to enable real-time routing. Rather than redesign-
ing the routing algorithm for reduced complexity, a parallel acceleration strategy was
adopted due to the high computational cost of path search. GPU-based execution allows
massive parallelism with predictable memory access and minimal synchronization, making
it suitable for onboard environments with strict timing requirements and limited CPU re-
sources. In satellite environments, real-time data processing is crucial, and relying solely on
traditional CPU-based computation may not ensure high performance [13,14]. This paper
enhances real-time routing performance by leveraging GPU-based parallel computation to
mitigate bottlenecks in the algorithm, thereby improving the overall performance of the
satellite network.
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Finally, an experiment was conducted by integrating the routing algorithm with the
SpaceWire Brick Mk4, a SpaceWire [15] device for spacecraft communication networks. The
experiment involved modifying the routing tables of remote devices according to the paths
derived from the algorithm’s results [16]. This demonstrated the feasibility of networking
in a more realistic satellite environment. The main contributions of this work are as follows:

• Proposing an Eclipse-Aware Routing (EAR) algorithm that considers both satel-
lite battery levels and eclipse conditions for energy-efficient path selection in LEO
satellite networks.

• Implementing a BFS-based K-Shortest Path (KSP) algorithm optimized for GPU-based
parallel processing to enable real-time routing.

• Demonstrating the feasibility of the proposed method through integration with a
SpaceWire-based onboard system and dynamic routing table updates.

2. Problem Description
2.1. Routing Problem in the LEO Network

As mentioned earlier, LEO satellite networks operate in a dynamic topology envi-
ronment, where inter-satellite connections continuously change over time. Specifically,
previously established links may be disconnected, while new links are formed as time pro-
gresses. Due to this characteristic, conventional routing techniques used in static networks
cannot be directly applied. Instead, a routing approach that can dynamically reflect the
real-time connectivity status between satellites is required.

In this paper, routing is performed based on the KSP algorithm. Unlike traditional
shortest path algorithms that identify only a single shortest route, the KSP algorithm
generates a set of K shortest path candidates and selects the optimal route from them.
This approach is particularly advantageous in LEO satellite networks, where inter-satellite
connections are highly dynamic and may suddenly become unavailable. By precomputing
multiple alternative paths, network stability can be ensured [17,18]. There are various
methods for implementing the K-Shortest Path (KSP) algorithm, with Yen’s algorithm and
Eppstein’s algorithm being among the most widely used [19,20]. Beyond these classical
approaches, advanced variations have been proposed to improve computational efficiency
or enrich path diversity. For example, Katoh et al. introduced a technique that accelerates
path enumeration by leveraging advanced data structures, significantly reducing the
overhead in listing top-k paths [21]. In a different direction, Liu et al. proposed a generalized
framework called K-Shortest Paths with Diversity (KSPD), which incorporates similarity
constraints between paths to generate more diverse and meaningful alternatives [22].
These approaches highlight the ongoing efforts to optimize KSP computation for different
practical needs.

A BFS-based KSP algorithm was chosen in this study, primarily for its compatibility
with GPU-based parallel processing. While algorithms like Yen’s and Eppstein’s offer
theoretical efficiency, they often involve recursive or heap-intensive structures, which are
less amenable to parallel execution on architectures such as CUDA. In contrast, the BFS-
based approach allows for flat memory access, minimal branching, and straightforward
path expansion, making it particularly suitable for implementation on resource-constrained
onboard systems.

Future work will explore comparative implementation and benchmarking of these
alternative KSP algorithms, including diversity-aware strategies, to better understand the
trade-offs between computational complexity, parallelizability, and routing quality in LEO
satellite environments.

The BFS-based KSP algorithm implemented in this paper operates by first searching
for K shortest paths to the target node and then selecting the optimal path based on specific
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criteria. In this paper, the initial path selection is based on the number of hops, and an
additional path selection strategy is applied to consider energy consumption.

Additionally, modern onboard networks consist of various elements, each performing
different functions while being interconnected through the onboard network communica-
tion infrastructure. SpaceWire is one of the widely used technologies in this infrastructure
due to its compact structure, efficiency, and ease of understanding and implementation [15].

In particular, SpaceWire-based onboard networks must dynamically reflect changes in
network topology in real time through dynamic routing. In this study, a BFS-based KSP
algorithm was applied to precompute multiple alternative paths and select the most suitable
route for the SpaceWire routing table. By aligning with SpaceWire’s routing mechanism,
this approach enables the construction of optimal data transmission paths, enhancing both
network stability and real-time data transfer performance.

Furthermore, while small-scale SpaceWire networks are relatively simple to design and
operate, as the network size increases, traffic management and routing optimization become
critical challenges. Therefore, performing thorough simulations before deploying the actual
network is essential for verifying network performance and implementing effective routing
strategies compatible with the SpaceWire protocol.

2.2. Energy Efficiency Problem in the LEO Network

In LEO satellite networks, satellites recharge their batteries using solar energy. How-
ever, when entering an eclipse region, they can no longer receive solar energy, leading
to a gradual depletion of battery reserves. These energy constraints significantly impact
network stability and operational lifespan. If a specific satellite excessively consumes its
battery power, it can degrade the overall network performance.

Conventional routing algorithms primarily consider the shortest path or minimum la-
tency; however, they do not account for the energy consumption of individual satellites. As
a result, certain satellites may be repeatedly included in routing paths, leading to an imbal-
ance in battery depletion. This imbalance can cause some satellites to drain their batteries
prematurely, and in the worst-case scenario, it may result in network disconnection [23].

To address this issue, this paper proposes the EAR approach, which distributes energy
consumption more evenly across satellites. This method determines the optimal data
transmission path by considering each satellite’s eclipse duration, expected transmission
load, and energy consumption rate.

Algorithm 1 illustrates the computational flow of the EAR approach. This algorithm
selects a routing path that ensures stable data transmission while minimizing energy con-
sumption in LEO satellite networks. First, the algorithm initializes the energy consumption
values for transmission, reception, and baseline operations. Then, it searches for K shortest
paths available at the given time and calculates the energy consumption for satellites in-
cluded in each path. To account for eclipse conditions, the algorithm determines whether
each satellite is in eclipse and, if so, computes the eclipse duration. It then estimates the
expected number of data transmissions during this period. Based on this estimation, the
algorithm calculates the total energy consumption by summing the baseline operation
energy and transmission/reception energy. Although the Depth of Discharge (DoD) is not
explicitly computed, it is indirectly reflected in this energy model—satellites remaining in
eclipse for extended periods with high communication load are considered at higher risk
of battery depletion. For each path, the satellite with the highest estimated energy usage is
identified, and the maximum value among all paths is used as a routing metric. The path
with the lowest such value is selected to prevent overuse of energy-critical satellites, thus
maintaining balanced energy consumption and avoiding early battery degradation. This
approach is similar to previous studies that indirectly estimate DoD based solely on eclipse
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duration or reduce DoD risk by excluding or penalizing energy-critical satellites without
direct DoD computation [9,10].

Algorithm 1. Eclipse Aware Routing—Pseudo-code representing the Eclipse Aware
Routing method.

Input

eclipseMatrix[time][nodes]
KShortestPaths[]
sampleTime
NoE, TxE, RxE
nTimeStep

Output minPath
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.

Initialize Constants: NoE, TxE, RxE
Initialize Data Structures: expectedConsumedEnergy[][] <= 0;

For pathIndex = 0 ~ topPath
testingPath <= shortestPaths[pathIndex];
For satIndex = 0 ~ num_sats_in_path

testingSat <= testingPath[satIndex];

If eclipseMatrix[timeIndex, testing Sat] == 1
Determine eclipseStartIndex and eclipseEndIndex;
eclipseTime = (eclipseEndIndex − eclipseStartIndex) * sampleTime;
expectedTxNum = round(eclipseTime * randi(10, 1, 1) * 0.01);

Compute Energy Consumption:
NominalE = eclipseTime * NoE;
CommunicationE = (expectedNum + 1) * (TxE + RxE)
ExpectedConsumedEnergy[pathIndex, satIndex] = NominalE +

CommunicationE;
End if

End for
End for

Compute Maximum Energy Consumtion per Path:
For pathIndex = 0 ~ topPath

maxEnergy[pathIndex] = max(ExpectedConsumedEnergy[pathInex]);
End for

Select Optimal Path:
minPath <= pathIndex with min(maxEnergy);

Return minPath;

2.3. Overall Structure of the Algorithm and the Need for Parallelization

In this paper, a BFS-based KSP algorithm is combined with EAR to implement an
efficient routing method for LEO satellite networks. The overall flow of the implemented
algorithm is illustrated in Figure 1 and consists of three main stages: graph initialization,
KSP search, and energy consumption calculation.

First, to perform routing, the algorithm initializes a graph that represents the con-
nectivity of the satellite network. The input data is stored in a text file (.txt) format and



Aerospace 2025, 12, 422 6 of 20

includes the total number of satellites, the source node, the destination node, the number
of paths to search (K), and inter-satellite connection information. Based on this data, the
algorithm updates the node and edge information to construct the graph, preparing it for
the subsequent KSP search.
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Figure 1. Block diagram of a conventional Eclipse-Aware Routing algorithm.

In the next step, the algorithm performs the KSP search based on BFS to find K shortest
paths. Starting from the source node, the BFS search expands along the paths, and each
candidate path is managed as a list. When a path reaches the destination node, it is sorted
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based on the path cost, and the top K paths are selected. Finally, the K candidate paths are
returned, and the optimal path is determined through energy consumption analysis.

Finally, to select the most energy-efficient path among the K shortest paths, the algo-
rithm analyzes the energy consumption of each satellite, as previously described. First, the
eclipseMatrix file is loaded to determine whether each satellite is in an eclipse state at a
given time. Then, the expected energy consumption of each satellite is calculated based on
the energy required for transmission, reception, and baseline operations. In particular, the
battery depletion is predicted by considering the duration of the eclipse. The algorithm
evaluates the maximum energy consumption for each path and ultimately selects the path
that minimizes energy usage.

The performance evaluation results of applying this algorithm to an OBC simulating
a LEO satellite network environment are presented in Figure 2. To analyze the execution
time of the code, the number of satellites was set to 150, and the number of shortest paths
to search (K) was set to 15 for profiling. The analysis revealed that the KSP search process
accounted for 92.53% of the total execution time. In contrast, the graph initialization and
energy consumption calculation processes incurred relatively lower computational costs.
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Therefore, this paper identifies the KSP search process as the primary bottleneck
determining the overall algorithm’s performance. To optimize this process, a GPU-based
parallelization approach is proposed. By leveraging the parallel computing capabilities
of the GPU, tasks such as path expansion and candidate path management can be exe-
cuted more efficiently. This optimization enhances the path search speed compared to
conventional computation methods.

3. Proposed Method
3.1. BFS-Based K-Shortest Path Algorithm

To perform efficient path search in a LEO satellite network environment, a BFS-based
KSP algorithm was applied. BFS operates by expanding adjacent nodes step by step from
the source node, making it suitable for finding K shortest paths. The algorithm implemented
in this paper searches for K shortest paths from the source node to the destination node,
and Algorithm 2 illustrates the overall computational flow of this process.

First, an initial candidate path list is created, including only the source node, while
the list of discovered paths reaching the destination is initialized as empty. Then, as long
as the candidate path list is not empty and the number of discovered paths reaching the
destination remains below K, the algorithm performs BFS-based exploration. During the
search, the algorithm expands paths based on the last node of the currently explored
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path, identifying adjacent nodes. To prevent cycles, nodes already included in the path
are excluded. If an expanded path reaches the destination, it is added to the discovered
path list; otherwise, it is stored in the next candidate path list for further expansion in the
subsequent iteration. Once the search concludes, as shown in line 22, the candidate path
list is updated with the next candidate paths, and this process repeats until the optimal
paths are found. Finally, the paths that reach the destination are stored in the discovered
path list. After the search is complete, the paths are sorted based on their costs, and the K
paths with the lowest costs are selected and returned.

To provide a clearer explanation of the BFS-based KSP search process, Figure 3 is used
to analyze the path exploration procedure, representing a portion of the actual graph used
in this study’s experiments. The gray node represents the starting node where the search
begins, assigned as level 0, while the blue nodes indicate adjacent nodes expanded in the
first step, corresponding to level 1. The yellow nodes represent nodes further expanded in
the second step, forming candidate paths to the destination, with the numbers in the upper
right corner of each node denoting the order in which they were explored. In BFS-based
search, the exploration expands level by level from the starting node, forming paths while
preventing cycles to ensure optimal route selection. Due to the nature of BFS, all possible
paths are explored while expansion occurs based on the shortest distance, making it an
efficient method for finding the K shortest paths.
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However, the BFS-based KSP algorithm has inherent limitations due to its sequen-
tial processing nature. Since it expands paths step by step, the search time can become
significantly longer when executed sequentially. This issue becomes more pronounced in
large-scale satellite networks with a high number of nodes and an increased number of
paths to explore, leading to a rapid increase in computational time. As the BFS search pro-
cess requires managing and expanding all candidate paths, the computational complexity
grows exponentially, potentially affecting system performance. To address this bottleneck,
this paper proposes a GPU-based parallel computing approach to accelerate the BFS-based
KSP search. The details of this approach are discussed in the following section.
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Algorithm 2. BFS-based K-Shortest Path Algorithm in CPU—Pseudo-code
representing the BFS-based K-Shortest Path algorithm in CPU.

Input
graph_adj[]
src, dst, k
num_nodes

Output k_paths[]
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.

Initialize candidate_paths with {src}
Initialize destination paths as empty list

While candidate_paths is not empty AND size(destination_paths) < k
Initialize next_candidate_paths as empty list

For each path in candidate_paths
last_node = last node in path
For each neighbor in graph_adj[last_node]

If neighbor is NOT in path (prevent cycles)
new_path = path + neighbor
new_path_cost = path.cost + edge_cost(last_node, neighbor)

If neighbor == dst
Add new_path to destination_paths

Else
Add new_path to next_candidate_paths

End
End

End

candidate_paths = next_candidate_paths
End

Sort destination_paths by cost
Return K paths from destination_paths

3.2. Graph Representation

To enable efficient graph search in a GPU environment, this study applies the Com-
pressed Sparse Row (CSR) transformation technique. While the traditional adjacency list
approach used in CPU-based implementations is intuitive and memory-efficient, it can
lead to performance degradation in GPU-based parallel searches due to non-contiguous
memory access. In contrast, the CSR method converts graph connectivity information
into a continuous array format, making it an optimized graph representation for efficient
execution on GPUs [24].

In CPU implementations, graphs are typically stored using a 2D vector structure,
where each node maintains a variable-sized vector for its adjacency list. However, this
approach can lead to inefficient memory access patterns when performing searches on a
GPU. Specifically, since each node’s adjacency list varies in size, memory fragmentation
occurs, and the parallel search process suffers from random memory access, resulting in
inevitable performance degradation [25]. To address this issue, the CSR (Compressed
Sparse Row) technique is applied, converting the graph into three contiguous arrays,
optimizing it for efficient memory access in a GPU environment.
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In the CSR format, a graph is stored using three arrays, as illustrated in Figure 4. The
h_offsets array stores the starting position of each node’s adjacency list, allowing quick
determination of where a specific node’s adjacency list begins in the h_edges array. The
h_edges array contains all adjacency lists in a contiguous format, storing the destination
nodes of all edges, so scanning from h_offsets[i] to h_offsets[i + 1] enables efficient retrieval
of all adjacent nodes for a given node. The h_weights array, maintaining the same order
as h_edges, stores the edge weights, ensuring quick access to the weight information
corresponding to each adjacent node. By applying CSR transformation, the memory
inefficiencies and challenges of parallel search encountered in the traditional adjacency list
method are resolved, enabling fast and optimized path searching in a GPU environment.
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3.3. Configuration of the CUDA Kernel

To parallelize KSP search, this study proposes a CUDA-based BFS search method.
In conventional CPU-based BFS search, candidate paths must be expanded sequentially,
leading to increased search time as the number of nodes or K grows. In contrast, by
leveraging CUDA, multiple candidate paths can be expanded in parallel, significantly
improving search speed.

CUDA (Compute Unified Device Architecture) is a parallel computing platform and
API developed by NVIDIA, designed to efficiently handle large-scale computations by
utilizing GPUs. Unlike traditional CPU computations, which execute tasks sequentially
across a limited number of cores, GPUs leverage thousands of cores to perform parallel
processing, making them highly effective for graph-based computations such as BFS
search [26]. In this study, CUDA is employed to parallelize KSP search, enabling a more
efficient exploration process compared to conventional CPU-based methods.

The overall workflow of the proposed method can be explained using the block
diagram presented in Figure 5. Similar to the CPU-based approach, the process consists of
three main stages: graph initialization, KSP search, and energy consumption calculation.
First, the CPU reads the graph data, converts it into the CSR format as previously described,
and transfers it to the GPU. In the KSP search stage, instead of performing sequential
expansion, a CUDA kernel is executed, enabling parallel expansion of candidate paths.
Each thread is responsible for handling a single candidate path, checking its adjacent nodes,
and generating new candidate paths. Finally, the eclipse state and energy consumption of
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the satellites are calculated in a similar manner to the CPU-based approach, and the most
optimal path is selected.
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A more detailed execution process follows the pseudo code in Algorithm 3. The
CUDA-based BFS search operates similarly to the CPU-based BFS, but the key difference
is that candidate path expansion is performed in parallel. In CPU-based BFS, as shown
in Figure 3, paths are expanded one at a time, causing the computation time to increase
exponentially as the number of candidate paths grows. In contrast, during CUDA kernel
execution, each candidate path is expanded in parallel across multiple threads. Each thread
locates the adjacent nodes of the last node in its assigned path using the CSR format, then
generates new candidate paths accordingly. The CSR format optimizes memory access
and prevents cycle formation by ensuring that only nodes not already included in the path
are added. Since multiple threads modify the candidate path list simultaneously, atomic
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operations are applied to maintain data consistency. This prevents synchronization issues
when adding new paths, ensuring safe and efficient search execution. Once the search is
complete, the destination list is copied back to the CPU, where the shortest paths are sorted,
and the top K paths are selected and returned.

Algorithm 3. BFS-based K-Shortest Path Algorithm in GPU—Pseudo-code
representing the BFS-based K-Shortest Path algorithm in GPU.

Input
graph_offsets[], graph_edges[]
src, dst, k
num_nodes

Output k_paths[]
1.
2.
3.
4.
5.
6.
7.
8.
9.
10.
11.
12.
13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.
24.
25.
26.
27.
28.
29.
30.
31.
32.
33.
34.
35.
36.
37.
38.
39.

Copy graph data to GPU memory
Initialize device candidate_paths with {src}
Initialize device destination_paths as empty list
Initialize device new_candidates as empty list

While candidate_paths is not empty AND size(destination_paths) < k
Set new_candidate_count = 0

Launch CUDA kernel:
For each path in candidate_paths (Parallelized by threadIdx.x)

last_node = last node in path
start_idx = graph_offsets[last_node]
end_idx = graph_offsets[last_node + 1]

For i = start_idx to end_idx
neighbor = graph_edges[i]

If neighbor is NOT in path (prevent cycles)
new_path = path + neighbor
new_path_cost = path.cost + edge_cost(last_node, neighbor)

If neighbor == dst
AtomicAdd(destination_paths_count)
Store new_path in destination_paths

Else
AtomicAdd(new_candidate_count)
Store new_path in new_candidates

End
End

End
End

End

Swap candidate_paths with new_candidates
End

Copy destination_paths to CPU memory
Sort destination_paths by cost
Return K paths from destination_paths
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Figure 6 clearly illustrates the difference between CPU-based and CUDA-based search
methods. As shown in Figure 3, the conventional CPU-based BFS search expands nodes
sequentially, processing each node one at a time. Specifically, in level 0 (starting node),
nodes in level 1 (e.g., 27, 37, 39) are explored one by one, followed by the expansion of level
2 nodes in the same manner. In contrast, the proposed CUDA-based BFS search expands all
nodes in level 1 simultaneously, followed by a parallel expansion of all level 2 nodes. Since
each level’s exploration is performed in parallel, the search time is significantly reduced,
allowing the K shortest paths to be found much faster. This confirms that CUDA-based
KSP search operates more efficiently, particularly in large-scale graph search problems.
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4. Experimental Results
To ground the simulations in realistic orbital dynamics, real TLE (Two-Line Element)

data were used to model a small-scale LEO network, capturing genuine orbital motion and
link availability patterns. For larger-scale evaluations, where comprehensive public TLE
data are not available, synthetic constellations were generated. In these synthetic scenarios,
each satellite was assigned 3–5 plausible inter-satellite links based on typical orbital spacing
and connectivity patterns, preserving the essential dynamics of real LEO deployments.
This hybrid approach balances empirical realism with scalability for assessing routing
performance across network sizes.

4.1. Experimental Setups

In this paper, experiments on satellite network routing were conducted using CUDA-
based KSP search and the EAR algorithm. The overall structure of the experimental setup
is illustrated in Figure 7, while Figure 8 shows the actual equipment used in the experiment.
The experimental environment consisted of an OBC device with both CPU and GPU, two
SpaceWire Brick Mk4 devices, and a PC utilizing only a CPU.

The OBC with CPU and GPU was responsible for executing the routing algorithm and
measuring performance. Additionally, it was used to modify the routing tables of remote
devices via the SpaceWire network. Detailed experimental results related to SpaceWire
are provided in Section 4.3. The experiment was conducted by first generating candidate
paths through a BFS-based KSP search and then selecting the optimal route using the
EAR algorithm.

The OBC with CPU and GPU employed in this experiment was the Jetson Xavier NX,
which was used to simulate a satellite OBC with limited computational resources. As it
is equipped with an NVIDIA GPU, it enabled parallel processing using CUDA. The PC
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with only a CPU functioned as the receiving device, supplying power to the remote router
and verifying the correctness of routing table modifications through the SpaceWire GUI.
Additionally, the PC was used to validate the accuracy of the EAR algorithm by comparing
its results with those obtained in the OBC environment. Since the accuracy validation in-
volved ensuring that both environments produced the same results, the performance of the
PC was not a critical factor in this experiment, and its specifications are therefore omitted.
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Table 1 summarizes the key specifications of the Jetson Xavier NX. To maximize
performance, the device was configured in 20 W 6-core mode. It is equipped with an
NVIDIA Volta GPU and a Carmel ARM CPU, enabling parallel computation using CUDA.
Additionally, it supports 16 GB of LPDDR4x memory, providing a suitable environment for
large-scale graph search computations.
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Table 1. NVIDIA Jetson Xavier NX 16 GB board technical specification.

MODE 20 W 6CORE

CUDA Version 10.2v

AI Performance 21TOPS

GPU 384-core NVIDIA Volta GPU (48 Tensor Cores)

CPU 6CORE NVIDIA Carmel ARM v8.2 64-bit

Memory 16 GB 128-bit LPDDR4x (59.7 GB/s)

Power consumption 10 W–20 W

In this paper, the computational resources of the Jetson Xavier NX were utilized
to evaluate the performance of CUDA-based KSP search and the EAR algorithm. The
experimental results demonstrated that real-time routing is feasible even in constrained
satellite environments.

4.2. Eclipse-Aware Routing Results

The proposed EAR algorithm was initially implemented in MATLAB 2024a and later
ported to C/C++ for execution in an OBC environment. The implementation was further
optimized using CUDA for GPU acceleration. This section presents a comparison between
the execution results obtained in the PC using only a CPU environment and those from
GPU-based execution on the OBC with both CPU and GPU. This comparison serves to
validate the algorithm’s correctness and analyze its execution time. For the experiments,
the number of nodes was set to 150, and the number of candidate paths K was set to
15. Additionally, the weights between nodes were uniformly set to 1. The reason for
configuring a relatively small-scale network was to facilitate a direct comparison between a
PC with only a CPU and the OBC environment for verification.

Figure 9 presents the experimental results obtained in PC with only CPU and OBC
with CPU and GPU environments. The table on the left shows the results from the PC with
only CPU, while the table on the right displays the results from the OBC with CPU and
GPU. The first path, which has a cost of 6, is identical in both environments. However,
it can be observed that the ordering of paths with a cost of 8 differs between the two
implementations. This discrepancy arises due to implementation-specific factors, but as
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indicated by the arrows in the center of the figure, the candidate paths remain the same,
ensuring correctness. To rigorously verify that both environments yield identical results,
an exhaustive evaluation was conducted for all paths with a cost of 8 using the K-shortest
path (KSP) algorithm. Similarly, for paths with a cost of 10, the ordering difference can
result in a variation in the 15th path. The EAR algorithm is applied after extracting the top
K shortest path candidates through KSP exploration.
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In Figure 9, the nodes highlighted in red indicate eclipse nodes, identified using
the eclipseMatrix. As described in Section 2.2, the EAR algorithm selects eclipse nodes
from each path and estimates their expected power consumption. It then determines the
satellites consuming the highest power along each path. The numbers below the red-
marked nodes represent the estimated power consumption. The satellites with the highest
power consumption in each path are highlighted in blue. Ultimately, the path with the
lowest maximum energy consumption among these blue-highlighted satellites is selected
as the final route. Consequently, the 10th path is selected in PC with only CPU, whereas
the 6th path is chosen in OBC with CPU and GPU. However, as explained earlier, this is
merely a difference in ordering, and both implementations ultimately select the same path.
This approach is designed to reduce the burden on satellites experiencing severe battery
depletion while optimizing the overall energy balance within the network.

Figure 10 compares the total execution time of the GPU-accelerated algorithm using
CUDA and the traditional CPU-based algorithm. To ensure a fair comparison, the execution
time was measured on the same OBC device, evaluating two cases: one using only the
CPU and the other utilizing both the CPU and GPU for parallel execution. The gray bars
represent the execution time when using only the CPU, while the green bars show the
execution time when utilizing the GPU with CUDA. When evaluating networks with
1000 to 4000 nodes, the CUDA-based implementation is observed to be slower than the
CPU-based implementation. This performance degradation is attributed to differences in
the two implementations. In the CUDA implementation, additional steps such as CSR
transformation and data copying introduce overhead. Specifically, CUDA requires data
transfers between the host (CPU) and the device (GPU), which are handled using the
cudaMemcpy function. Since the CPU and GPU operate in separate memory spaces, this
data transfer is essential but incurs significant memory overhead. In smaller network
environments, this overhead can have a substantial impact on performance. However,
when the network size was increased to 5000 nodes, the CUDA-based algorithm achieved
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a 3.081× speedup compared to the CPU-based algorithm. This result demonstrates that
CUDA-based KSP exploration is highly effective in performing parallel computations in
large-scale graph environments.
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4.3. SpaceWire-Based Experiment Results

In this paper, SpaceWire, a high-speed serial data communication protocol developed
by the European Space Agency (ESA), is utilized for satellite and aerospace systems.
SpaceWire is widely adopted due to its low latency, high reliability, and real-time data
transmission capabilities, making it well-suited for inter-satellite communication. For this
study, experiments were conducted using the SpaceWire Brick Mk4 device developed by
STAR-Dundee. The SpaceWire Brick Mk4 is a USB-based SpaceWire interface device that
facilitates data transmission between a PC and a SpaceWire network, making it a valuable
tool for satellite system development and testing. Notably, it supports the Remote Memory
Access Protocol (RMAP), enabling direct access to the memory of remote devices, thereby
allowing dynamic modification of routing tables. Using this capability, the proposed
algorithm was tested by selecting the optimal path and updating the routing tables of
remote devices via the SpaceWire network.

The experimental scenario is described as follows. Figure 11 illustrates the process of
the experiment. As shown in Figure 9, the EAR algorithm ultimately selects an optimal path.
However, if only the KSP algorithm were applied without EAR, the shortest hop-count
path would be chosen as the optimal route. In this case, assuming the receiving router is at
node 38, the next node for data transmission would be node 39. However, when applying
the EAR algorithm, which considers satellite battery status and eclipse conditions, a more
energy-efficient route can be derived compared to the conventional shortest path approach.
Consequently, instead of forwarding data to node 39, routing through node 37 becomes a
more efficient choice. Based on this observation, the experiment was designed to assume
node 38 as the receiving router and modify the routing table to direct data transmission to
node 37.

Due to the limited availability of only two SpaceWire Brick Mk4 devices, replicating a
fully operational satellite network was not feasible. Therefore, certain assumptions were
made to conduct the experiment, and understanding these constraints is requested.

Figure 11 provides an overview of the internal structure of the SpaceWire Brick Mk4
device. The integrated SpaceWire router features a total of six ports, with port 0 designated
as the configuration port and thus unavailable for use. This leaves five selectable ports for
experimentation. In this study, port 4 was assumed to be connected to node 37, and the
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routing table of the remote device was modified to direct traffic through port 4 according
to the EAR algorithm’s results.

Aerospace 2025, 12, x FOR PEER REVIEW  19  of  21 
 

 

Figure 12 presents the SpaceWire GUI output, captured from a laptop connected to 

the receiving SpaceWire Brick Mk4. The experimental results confirmed that the routing 

table was successfully updated to direct data through port 4, as per the designed scenario, 

ensuring that data was correctly delivered to node 37. These findings demonstrate that 

the proposed accelerated EAR routing method is applicable within SpaceWire networks 

and is capable of dynamically adjusting remote device routing in real time. 

 

Figure 11. SpaceWire Brick Mk4 internal structure and experimental scenarios. 

 

Figure 12. SpaceWire Device Configuration GUI screen viewed from the receiver’s laptop. 

5. Conclusions 

This paper proposed a GPU-accelerated Eclipse-Aware Routing method that mini-

mizes hop count while balancing energy consumption for real-time routing on an onboard 

computer to solve the problems of dynamic topology changes and energy constraints in 

LEO satellite networks. The proposed method finds the most efficient route based on not 

only hop  counts but also  satellite battery  status and  eclipse duration. Furthermore,  to 

solve  the real-time problem  in  the conventional method based on CPUs,  the proposed 

method has been implemented on both a CPU and a GPU for parallel processing, which 

can reduce the computation time significantly. Experimental results showed that the GPU-

based  implementation operates up  to 3.081  times  faster  than  the CPU-based approach 

while maintaining routing accuracy, as confirmed by the consistency of results between 

the PC and OBC environments. Furthermore, an experiment using a SpaceWire-based 

Figure 11. SpaceWire Brick Mk4 internal structure and experimental scenarios.

Figure 12 presents the SpaceWire GUI output, captured from a laptop connected to
the receiving SpaceWire Brick Mk4. The experimental results confirmed that the routing
table was successfully updated to direct data through port 4, as per the designed scenario,
ensuring that data was correctly delivered to node 37. These findings demonstrate that the
proposed accelerated EAR routing method is applicable within SpaceWire networks and is
capable of dynamically adjusting remote device routing in real time.
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5. Conclusions
This paper proposed a GPU-accelerated Eclipse-Aware Routing method that mini-

mizes hop count while balancing energy consumption for real-time routing on an onboard
computer to solve the problems of dynamic topology changes and energy constraints in
LEO satellite networks. The proposed method finds the most efficient route based on not
only hop counts but also satellite battery status and eclipse duration. Furthermore, to solve
the real-time problem in the conventional method based on CPUs, the proposed method
has been implemented on both a CPU and a GPU for parallel processing, which can re-
duce the computation time significantly. Experimental results showed that the GPU-based
implementation operates up to 3.081 times faster than the CPU-based approach while main-
taining routing accuracy, as confirmed by the consistency of results between the PC and
OBC environments. Furthermore, an experiment using a SpaceWire-based communication
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system demonstrated that the proposed algorithm can dynamically update routing tables
in onboard networks, validating its feasibility in realistic satellite communication scenarios.
In future works, research on extending the proposed method to include not only LEO
satellites but also MEO and GEO satellites for more efficient network routing.
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