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Abstract—The ultra-dense low earth orbit (UD-LEO) satellite
network is being vigorously developed due to its great potential in
providing global coverage and services. For the sake of improved
network performance in resource-constrained satellite networks,
multipath schemes are being explored. However, state-of-the-art
multipath routing algorithms face the challenge when dealing
with highly dynamic satellite network features (i.e., frequent
traffic variation, link failures) and fail to exploit the simple
grid topology to design fast yet efficient traffic engineering (TE)
approaches. In this paper, we propose a novel distributed TE
scheme called Flexible Satellite Traffic Engineering (FlexSATE),
which leverages global path computation coupled with distributed
local routing decisions to improve the overall load balancing per-
formance for ultra-dense LEO satellite networks. By constructing
a minimum-hop binary tree (MHBT), we propose an MHBT-
based k-segment Routing algorithm, which is capable of promptly
discovering routing paths with low latency, high diversity, and
good load balancing. To further enhance network transmission
performance, we employ supervised learning into dynamic rate
adaption, where FlexSATE employs centralized offline learning
to derive insights from the globally optimal routing strategy and
utilizes distributed deployment to predict the optimal distribution
of traffic in real time. Our simulation results on a real-world
typical Walker-delta type LEO constellation with 720 satellites
show that FlexSATE outperforms some existing approaches with
superior robustness and flexibility.

Index Terms—LEQ satellite network, multipath routing algo-
rithm, rate adaptation, traffic engineering, supervised learning.

I. INTRODUCTION

DUE to its great potential in providing services of low
latency, high reliability, and ubiquitous connectivity, the UD-
LEO satellite network is promoted to be a nontrivial infrastruc-
ture in constructing future space-terrestrial integrated networks
[1]. Considering its high mobility, resource-constrained and
fault-prone nature, which is fundamentally different from
terrestrial networks, how to implement effective network man-
agement and control in LEO satellite networks becomes an
open issue. In traditional terrestrial networks, Internet Ser-
vice Providers use a significant network operation of traffic
engineering to enhance network performance and optimize re-

source utilization by configuring routing paths and controlling
traffic distribution. Considering more limited resources, such
as link bandwidth, compared to terrestrial networks, applying
TE techniques to LEO satellite networks becomes particularly
valuable to achieve efficient flow management and resource
utilization. However, most previous studies only design TE
systems in traditional terrestrial networks [2], which cannot
be directly applied to LEO satellite networks.

Due to dynamic network states such as frequent traffic
fluctuations and intermittent transmission links in the context
of LEO satellite networks [3], new challenges are brought
to TE system design in terms of path selection and rate
adaptation. In UD-LEO satellite networks, it is a relatively
slow and costly operation of updating end-to-end forwarding
paths, which should be executed infrequently, such as when
topology changes occur. Hence, the key challenge is how to
compute a set of candidate paths for each satellite pair in the
first phase, capable of flexibly adjusting to different traffic
scenarios. Otherwise, regardless of the traffic distribution so-
lutions used, the network performance and resource utilization
may significantly deviate from the optimal value, leading to
suboptimal results. The rate adaptation phase involves utilizing
information about current demands and failures to schedule
incoming traffic onto candidate paths, aiming to optimize net-
work performance. Since updating path weights is a relatively
fast operation, rate adaptation can be performed continuously
to accommodate changes in states. Centralized schemes [4],
[5] typically employ periodic routing to achieve load balancing
on links by formulating and solving optimization problems.
However, these approaches encounter challenges in terms of
scalability and timeliness, especially when dealing with large-
scale networks. As an alternative solution, distributed schemes
[6] is introduced to the control scalability issue, however,
they can only obtain locally optimal but globally suboptimal
solutions. Therefore, the key challenge is how to effectively
optimize the global TE objective in a distributed TE problem,
where each satellite in the network independently determines
its own local routing strategy.
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Motivated by the aforementioned challenges, this paper
aims to develop a Flexible and Distributed Traffic Engineering
approach for improving the network performance and resource
utilization of LEO satellite networks. Our main contributions
can be summarized as follows:

o We propose a new TE system called FlexSATE for large-
scale LEO satellite networks, which aims to achieve
efficient network management and control. The central-
ized controller computes forwarding paths considering
cumulative path occupation from a global view. The rate
adaptation is performed distributedly in each LEO satel-
lite, which enables more flexible adaptation to dynamic
network state changes.

e We develop a simple yet efficient multipath routing
algorithm for the grid topology of Walker-delta type
LEO satellite networks to obtain forwarding paths of
low latency, high diversity, and good load balancing. By
constructing a MHBT, we propose an MHBT-based k-
segment Routing algorithm, which flexibly restricts the
path search to the minimum hop path (MHP) region and
is capable of promptly discovering multiple paths.

« We propose a customized supervised learning (SL) ap-
proach coupled with Graph Neural Network (GNN) ar-
chitecture that predicts the optimal multipath traffic dis-
tribution for each satellite. To achieve global optimal per-
formance, FlexSATE utilizes offline centralized learning
guided by optimal multipath traffic split ratios obtained
from a modified Multi-Commodity Flow (MCF) problem.
Each LEO satellite deploys a well-trained model to make
local routing decisions in a distributed manner, enabling
near-optimal TE performance with low computation and
communication overhead.

The rest part is organized as follows. Section II describes
the system model. Section III and IV give the design of routing
selection and rate adaptation, respectively. Simulation results
are provided in Section V. Section VI concludes the paper.

II. SYSTEM MODEL

Most of the LEO constellation networks adopt the Walker-
type constellation, where all satellites have the same altitude
h and inclination «. M orbit planes are evenly distributed
along the equator and NV satellites are evenly distributed in
each plane. Satellites are connected through inter-satellite links
(ISLs) to form communication network. We model the LEO
constellation networks as a graph G = (V| E), where V
denotes the set of satellite nodes and F denotes the set of
ISLs. Each satellite establishes 4 links, two for intra-orbit
links and two for inter-orbit links. For Walker-delta type LEO
constellation, a mesh-like network topology with a relatively
stable ISL connection relationship can be formed, unless there
is an unpredictable link outage. Furthermore, we consider
scenarios with many traffic demands. In this context, a traffic
demand represents the aggregate traffic entering the network
from an entry satellite and exiting the network from an exit
satellite. A traffic matrix (TM) encompasses the collection
of demands between all possible pairs of different satellites,
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Fig. 1: Overview of FlexSATE’s system design.

with the traffic volume for each demand varying over time.
The objective of TE is to efficiently deliver these dynamic
traffic demands, aiming to optimize a specific objective, such
as minimizing the maximum link utilization (MLU).

As shown in Fig. 1, the proposed FlexSATE consists of
two main building blocks: path selection and rate adaption.
We deploy the relatively slow and costly operation of path
selection in the centralized controller (e.g., MEO satellite,
terrestrial server) in order to select robust forwarding paths for
all possible satellite pairs from a global perspective. By con-
structing a minimum-hop binary tree (MHBT), we propose an
MHBT-based k-segment Routing algorithm, which is capable
of promptly discovering routing paths with low latency, high
diversity, and good load balancing, as later shown in Section
IV. Due to the relatively fast operation of rate adaptation, it
can be performed continuously as network conditions evolve.
The system has the capability to update weights to rebalance
the load when traffic demands change. We focus on tackling
the distributed TE problem, where each satellite in the network
independently makes local routing decisions while optimizing
the global TE objective. To effectively solve it, we employ a
data-driven approach rather than relying on a model-based one.
Satellites in the network measure the local traffic demand and
flood the information over the network. A GNN-based model,
denoted as an agent, is distributed on each satellite in the
network. The global optimal routing solutions are obtained by
solving a variation of MCF as the training target. Each satellite
agent maintains a GNN that approximates the mapping from
network status inputs to routing decisions outputs. In essence,
routing decisions determine the allocation of traffic demands
across multiple forwarding paths that connect the ingress
satellite to the egress satellite.

III. SIMPLE YET EFFICIENT MULTIPATH ROUTING
A. Minimum-hop Path Region

Using the four-ISL pattern, the LEO satellite network estab-
lishes a resilient Mesh-like topology that can be maintained
even as the distances between ISLs vary. When considering
two satellite nodes, A and B, packets traveling along the
minimum hop path from A to B have up to two alternative
directions at each node. The minimum hops, denoted as
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Hy g, between A and B are determined by the sum of
inter-plane hops (H,) and intra-plane hops (H,), such that
Hyrpr = Hy + Hy. Multiple minimum hop paths may exist
between A and B, forming a region known as the MHP region.

In a bidirectional Manhattan street network (MSN), the
minimum hop count can be obtained by comparing the orbit
numbers and satellite numbers of the two satellites. Specifi-
cally, when the satellite ID U that ranges from 0 to M /N —1 is
known, the orbit number and satellite number can be obtained
by (U/N,U mod N). From the source (s, sy) to the destina-
tion (dy,dy), we have H, = min{|s, — dy|, M — |s; — dz|},
where, when |s, — d,| < X, if d, > s,, the path direction of
H, is ﬁx = +ux, i.e., the positive direction of x-axis; if d, <
Sz, the path direction of H, is ﬁw = —ux, i.e., the negative
direction of x-axis. When |s, — d,| > %, if d; > s, the path
direction of H, is ﬁz = —ux; if d, < s,, the path direction of
H, is H, = +x. We have H, = {|s, — dy|, N — |s, — d|},
where, when |s, —d,| < %, if d, > s,, the path direction
of Hy is ﬁy = 4y, i.e., the positive direction of y-axis; if
d, < sy, the path direction of H, is ﬁy = —y, i.e., the
negative direction of x-axis. When |s, — d, | > %, ifd, > sy,
the path direction of H, is H, = —y; if d, < s,, the path
direction of H,, is ﬁy = +y.

_QJP ,J\ ,J\ A4 C
2-seTment rthting 4
Ve

& 3-seTment thing N
_(‘ D

\/ \‘{v4

W/
Vary

Pe 3

N 2N\
P
V) Vs

- I e
I 7-segment routi
¥4 )Y {
Entryl V, T Kljvl b

Fig. 2: k-segment routing in LEO satellite network.

B. k-segment Routing

In the MHP region, we present a k-segment routing scheme,
which allows flexible and prompt discovery of multiple for-
warding paths of low latency, high diversity, and good load
balancing. A segment routing path with k segment paths will
be referred to as a k-segment routing path. In the grid topology
of LEO satellite networks, we define a k-segment routing path
as a minimum hop path in the MHP region and consisting of k
linear segments. Each linear segment must be vertical to each
other in a different direction. As shown in Fig. 2, we give
examples of constructing 2-segment routing paths, 3-segment
routing paths and 7-segment routing paths. According to the
above definition, for a MHP region with minimum hop H, the
maximum segment number of k-segment routing paths is H.
As the size of the LEO satellite network becomes larger, if
all k-segment routing paths are to be enumerated, the storage
and calculation overhead will become very large. Therefore,
in the context of k-segment routing, we specifically focus on

considering only [-segment (1 < [ < k) routing paths as
candidate paths between the entry and exit satellites.

C. Minimum-hop Binary Tree

In order to search for k-segment routing paths conveniently
and promptly in the MHP region, we construct a MHBT
to characterize the connectivity between LEO satellites. In
particular, as shown in Fig. 3, there exists a unique root node
that represents the source satellite, along with several leaf
nodes that represent the destination satellites. The leaf node
number is equivalent to the number of paths connecting the
source to the destination. In MHBT, each node’s left branch
corresponds to movement along the x-axis, indicating that
the left child-node can be reached after a single hop along
the x-axis. Similarly, the right branch indicates that the right
child-node can be reached after a single hop along the y-axis.
Moreover, the level Hr of destination node can be obtained
by Hr = Hyg + 1.

MHP region MHBT

Fig. 3: Minimum-hop binary tree.

We propose an MHBT-based k-segment Routing algorithm,
the details of which are summarized in Algorithm 1. The
MHBT is constructed level by level, including the Hp levels
in total. In the given scenario, the source node s is positioned
at the top of the tree as the root, while the destination node
d is located at the bottom as a leaf. Due to the nature of
minimum-hop paths having an equal hop count, the level of
the destination node remains consistent across all possible
paths. Each intermediate node has extensions of left and
right subtrees, which respectively correspond to the x and y
directions in the grid topology. We first find the nodes set V H,
at the hth level. V}, ; is the ith node of the hth level and vy, ;
is the coordinate of node V3 ; in MHBT. Then, we record -
segment (1 <! < k) routing paths Ps’f 4 from the source node
to each intermediate node, where k represents the maximum
number of linear segments the path contains. By executing
the algorithm once, we can find [-segment (1 < | < k)
routing paths from the source node to each node in the MHP
region. Finally, by filtering these enumerated paths, we can
select multiple paths with low latency, high diversity and good
load balancing for each node pair. Specifically, the minimum-
hop path can guarantee the low-latency property. Diversity
requirements can be achieved by choosing as many paths
as disjoint as possible. The cumulative usage of that edge
contained in the selected path is factored into the path cost,
ensuring good load balancing.
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Algorithm 1: MHBT-based k-segment Routing.

Input: M, N, Hy g, H,, Hy, H,, Hy, 5, d, k.
Output: [-segment (1 < < k) routing paths Pf a
1: Imitialization: M HBT =0, V, 1 = {1,s, H,, H,,0},
VH1 — V171, MHBT + VHl, HT = H]\/]H + 1.
2: for h =2 to Ht do

32 VH,=0,7=0

4:  for each V;,_1,; € VH,_ do

5: if H;y,_,, > 0 then

6: j=j+1

T Uh,j = g(xvhm + M+ ﬁT/|ﬁT|)%M7 y”h—l,i)
8: Vhi = U0 Hawp oy — 1aHy,vn71,mUh—1,i}
9: VHp < Vyj

10: end if

11: if H, ,,_,, >0 then

12: j=j+1

13: Uh,j = Pop_1,4s (yvh—l,z‘ + N+ ﬁu/lﬁyl)%N)
14: Vh’j =1h, Vh,j5 HI,'Uh—l,i7Hyyvh,—1,i -1, Uhfl,i}
15: VH; + Vh)j

16: end if

17:  end for

18:  for each V,; € VHj do

19: for each p € P, ,, ., do

20: P VUn,;

21: if p’s segment < k then

22: Py, , < p

23: end if

24: end for

25:  end for

26:  Eliminate the duplicate nodes in V Hj,

27: MHBT + VH,

28: end for

IV. FLEXIBLE AND DISTRIBUTED TRAFFIC
ENGINEERING WITH SUPERVISED LEARNING

A. Customized SL Approach Coupled with GNN Architecture

We propose a customized SL approach coupled with GNN
architecture that predicts the optimal multipath traffic dis-
tribution for each satellite to perform local rate adaptation
distributedly. Graph representation learning techniques and
message passing frameworks [7], as provided by GNNs [7],
are utilized to perceive topology changes and model message
exchange procedures. Fig. 4 shows the model architecture.
FlexSATE consists of a encoder that performs node-wise
message exchange, and a decoder interprets desired multipath
traffic distribution from updated and encoded node features.
In our approach, we develop a dedicated encoder designed
to model and encode both network topology and traffic in-
formation. The encoder takes two inputs into consideration:
node features and a node adjacency matrix. The node features
represent a series of demands originating from each network
node, while the adjacency matrix provides information about
the neighbors of each node. The encoder employs a shared
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Fig. 4: GNN based supervised learning model of FlexSATE.
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feed-forward layer to compute an initial node embedding.
Subsequently, each node’s embedding is updated through
message exchange with its neighboring nodes. The embedding
update module, inspired by the transformer model introduced
in [8], consists of a stack of H identical attention layers. Once
message exchange phases are done, we need to concatenate
all node embeddings outputted by the encoder to form a
graph embedding h¢, because each node’s embedding h,, only
includes partial information of the whole network. As shown in
Fig. 4, a decoder consists of one readout function R, which is
used to decode the corresponding multipath traffic distribution
from the graph embedding. For a given network node v, R
interprets the graph embedding as multipath traffic split ratio
obd.d € Dy,p € P"?, where D, is the destination node set
of node v, P"? is the preconfigured path set of pair < v,d >,
satisfying Zpe pu.d agvd = 1. It is worth noting that in our
approach, each node can share and reuse the encoder and de-
coder model, thereby significantly simplifying the complexity
and substantially reducing training and inference time.

B. Offline Training

To learn from an optimal multipath traffic scheduling policy,
we address a modified MCF problem to obtain the ground
truth optimal path traffic split ratios. Leveraging the multipath
routing algorithms proposed earlier, we can readily obtain the
optimal traffic distribution in response to varying traffic and
connectivity conditions. The modified MCF problem can be
formulated as follows: Given a network G(V, E) with a set
of traffic demands and preconfigured paths for each satellite
pair, our goal is to determine the explicit path traffic split
ratios that optimize the traffic flow, aiming to minimize the
MLU. Upon solving the aforementioned problem using LP
solvers (e.g., Gurobi [5]), the optimal explicit path traffic split
ratios for each flow can be obtained. Then, for distributed TE
to reach a global optimal performance, the offline centralized
learning of FlexSATE can be guided by the global optimal
routing solutions accordingly.

We generate a dataset of training samples that includes
different input network states and their corresponding tar-
get output distributions. Each training sample includes the
network-wide traffic matrix and the adjacency matrix as input.
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The output comprises the target traffic distribution which is
determined by calculating the global optimal path traffic split
ratios based on the given inputs. Due to the symmetrical and
uniform characteristics of the constellation configuration, each
satellite plays an equivalent role in constructing the network
topology. That is, the network-wide traffic demand distribution
and topology connectivity seen from any satellite at one time
may be seen by any other satellite at other times. Inspired
by the above findings, we can design and modify the input
and output of the neural network from the perspective of
satellite observation and decision-making, respectively. Com-
pared with the scheme of outputting the network-wide traffic
distribution solutions, we can only predict the distribution of
traffic demands originated from the current node based on the
satellite homogeneity, which can greatly simplify the design
of the neural network model, reduce its size and improve the
efficiency of model training. What’s more, model distributed
deployment and real-time routing decisions are also more
practical and feasible. Each satellite generates the traffic matrix
and adjacency matrix from its own view. For building new
views, the current satellite label is O by default, and the
other satellite labels are changed to new labels based on
the symmetrical and uniform constellation configuration. It is
important to mention that we can periodically conduct the
process of offline training, thereby updating the FlexSATE
model with newly collected samples.

C. Online Agent Plug

Once the offline centralized training is completed,
FlexSATE deploys the trained model in each satellite to
predict the optimal traffic distribution to perform local routing
decision distributedly, so as to achieve near-optimal TE perfor-
mance with low computation/communication overhead. Each
LEO satellite floods traffic demand messages periodically over
the entire network and connectivity messages once the link
interruption/reestablishment occurs. Each satellite inputs the
converted state matrix into FlexSATE to output the predicted
optimal traffic distribution. In this way, each LEO satellite
performs the local routing decision in a distributed manner.

V. NUMERICAL RESULTS AND DISCUSSION

We simulate a LEO satellite network mirroring Starlink shell
2’s orbit parameters—a standard Walker-delta LEO constella-
tion with uniform and symmetric setup. At 570 km altitude,
720 satellites are evenly distributed on 36 orbits at a 70-
degree orbit inclination. Random link failures are introduced
at specific times to simulate dynamic topology changes. For
each TM generation, we randomly select satellite pairs to
generate traffic demand between 10 Mbps and 400 Mbps.
In addition, we set the capacity of inter-satellite laser link to
11 Gbps. The encoder of the prediction model is configured
with an embedding dimension of 128 and attention heads of
4. The feed-forward sub-layer in each attention layer has a
dimension of 256, and the model consists of 4 attention layers
H. The decoder’s readout function R is designed with an

output dimension equal to |V| * |P|. During training, we set
the initial learning rate to 10~* and the batch size to 64.

To demonstrate the advantages of FlexSATE, we consider to
compare the following schemes: (1) Top-K [2]: This heuristic
method selects K flows with the highest demand volume from
a given TM and reroutes these flows by solving the modified
MCEF problem, which is based on the assumption that elephant
flows would have a dominant impact on network performance.
In the experiment, we let the value of K be one quarter of the
demand number. (2) ECMP: evenly distributes traffic among
the available shortest paths. (3) Greedy: The shortest paths
with sufficient capacity are greedily assigned to each flow in
order of arrival and the path traffic split ratios of each flow
are solved by the MCF problem sequentially.

In order to simulate different traffic distributions and pat-
terns, we generate different flow numbers in each experiment.
After extensive experiments, we present the Cumulative Dis-
tribution Function (CDF) of MLU in the satellite network, as
shown in Fig. 5. FlexSATE performs optimally because its
ability to flexibly adapt to different traffic scenarios. Since
the Greedy scheme greedily utilizes network resources, it can
only achieve a local optimal solution and may also be affected
by the arrival order of flows. For the Top-k scheme, it is
affected by the selected flow number K. Increasing the K
value will bring better load balancing performance, but at the
expense of higher computing overhead. Note that if the K
value is equal to the total number of flows, it is the KMCF
scheme. Unsurprisingly, ECMP performs worst because it
implements a static routing policy and is not aware of load
changes. In particular, when 900 flows are injected into the
network, ECMP will cause severe network congestion. Then,
we compare the performance of average end-to-end delay. In
Fig. 6, we can see that with the growth of flow number,
the average end-to-end delay increases. As the number of
flows increases, unbalanced traffic load distribution may lead
to network congestion, resulting in a significant increase in
average end-to-end delay. Fig. 6 shows that the average end-to-
end delays of FlexSATE and Greedy increase more slowly than
ECMP and Top-k, delays of which are affected by network
congestion, with a significant increase in the presence of 900
and 1100 flows, respectively. It means that ECMP and Top-
k cannot adapt well to dynamic traffic changes, especially in
large-scale scenarios with a large amount of flows.

We use the same 4-core Intel 2.4GHz CPU to measure all
the computation overheads, with Gurobi utilized as an LP
solver to calculate the optimal path traffic split ratios. As
shown in Fig. 7, we give the measured computation overheads
for comparison. Since ECMP is a static routing solution, we
do not evaluate the computation overhead for it. With an
inference time of only tens of milliseconds, FlexSATE’s GNN
architecture enables it to promptly predict the optimal traffic
distribution in less than one second. This is reasonable since
we divide the large global routing problem into node-wise
small local routing subproblems that are solved simultaneously
in FlexSATE, thereby enabling better scalability and flexibility.
In contrast, centralized TE schemes such as KMCF, Greedy,
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and Top-k take several minutes to solve global optimal routing
due to the large problem scale. By considering a global view,
KMCEF can achieve near-optimal MLU performance, however,
it faces limitations in accommodating traffic fluctuations in
time as the network size increases. In Greedy, we consider
the total time to give the path traffic split ratio of each flow in
the order of arrival as the solving time, which is smaller than
KMCEF but still much larger than our FlexSATE. The solving
time of Top-k mainly depends on the number of flows selected
for LP problem solving. That is, the fewer flows selected, the
shorter the solving time, but the performance is poorer. When
more flows are selected, better network performance will be
at the expense of large computation overhead. Overall, our
FlexSATE can flexibly accommodate network states changes
in a responsive manner in large-scale LEO satellite networks.

VI. CONCLUSION

In this paper, we have proposed a distributed TE system
called FlexSATE for UD-LEO satellite networks. We have
developed a centralized MHBT-based k-segment Routing al-
gorithm, which is capable of promptly discovering routing
paths with low latency, high diversity, and good load balancing
from a global view. Furthermore, we have integrated SL
into rate adaptation, allowing FlexSATE to learn the global
optimal routing strategy in a centralized offline manner and
employ distributed deployment for real-time prediction of the
optimal traffic distribution. Simulation results have shown
that FlexSATE outperforms existing approaches with superior
robustness and flexibility.
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Fig. 7: Computation overheads.
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