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Abstract

LEO satellite networks have grown into critical communi-
cations infrastructure serving rapidly increasing volumes
of Internet traffic. Selecting which ground station (GS) each
satellite uses has thus become a key traffic engineering prob-
lem. Existing systems decide using present-time conditions,
with each satellite picking the best GS currently in view and
holding it for the connection window. This overloads the few
stations near densely populated regions, and choices made
at decision time can fail as demand shifts within the win-
dow. We present INSITE, which addresses these problems by
combining two complementary ideas: planning satellite-GS
assignments jointly across the constellation and planning
against demand predicted over each window rather than
demand observed at decision time. In preliminary results,
INSITE reduces the load imbalance factor by 51%, overflow
traffic detoured to distant stations by 74%, and packet loss
under application latency budgets by over 3x.
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1 Introduction

Satellite networks are becoming a core part of modern com-
munications infrastructure. Over the past two years, Star-
link’s subscriber count has doubled to over 12 million [7],
and the network increasingly supports critical and latency-
sensitive applications [41, 44, 47, 51]. As these networks carry
more traffic, they run into congestion. The root cause of this
congestion is structural: user demand follows the highly
uneven geography of population, concentrating traffic wher-
ever people cluster. This is already visible operationally. Since
2024, Starlink has levied one-time, demand-based surcharges
of up to $1,500 in dense regions [16]. Operators are respond-
ing with capacity expansion, proposing to deploy another
100,000 satellites [5] and upgrade ground stations (GSs) [22].
However, adding capacity does not by itself resolve conges-
tion because GSs remain expensive and difficult to site in
dense regions, making GS selection a core traffic-engineering
(TE) problem for these networks.

GS selection in current LEO constellations is driven by
present-time conditions. Historically, a satellite offloaded to
the nearest GS in its footprint, and traffic was then tunneled
through the user’s nearest point of presence [19, 28]. Recent
measurements of Starlink indicate a more adaptive variant:
selection also considers link availability, reliability, and ca-
pacity, so traffic is sometimes routed to a farther station
based on the observed conditions [19].

This design suffers from two drawbacks. First, selection is
greedy in space. Current routing logic prioritizes proximity
to minimize latency. Because user demand is highly concen-
trated, multiple satellites simultaneously converge on the
handful of GSs nearest to population centers. In our trace-
driven analysis (§2), the busiest 25% of GSs carry 50% of the
traffic, and the imbalance persists over time. Second, selec-
tion ignores future demand. A satellite’s offered load keeps
shifting as it sweeps across regions of varying population,
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Figure 1: Packet traversal in a LEO satellite network.

yet each station assignment must hold for some interval,
from 15 seconds up to several minutes [39]. Demand ob-
served at decision time does not represent demand over that
window: 71.3% of satellites see their load shift by more than
50% within a 3-minute window (Figure 4).

Therefore, we propose INSITE, a predictive, jointly planned
GS selection framework. To avoid greedy selection, INSITE
assigns each satellite to a station while accounting for the
load that all other satellites will place on that station. To in-
corporate future demand, it plans using the predicted load of
every satellite over the upcoming connection window rather
than the load observed at commit time. Thus, INSITE can
balance load across GSs, minimizing inter-satellite link (ISL)
usage and reducing congestion-induced queueing. Achieving
this requires solving three challenges:

The demand a satellite will serve is hard to predict
from its own history. By the time a satellite must choose
a station, it has moved over new geography that its recent
traffic does not reflect. INSITE builds on a key observation:
although a satellite’s demand appears to fluctuate arbitrar-
ily, it is spiral-cyclostationary—Earth’s rotation shifts each
successive orbit from the last, so coverage spirals across the
globe rather than repeating a fixed path. Because all satel-
lites follow this structure, INSITE predicts a region’s demand
from these accumulated cross-satellite observations, orga-
nized as a location-indexed demand map, rather than from
any single satellite’s history.

No single demand value safely represents the win-
dow. A satellite’s demand is a trajectory that changes over
the connection window, yet the assignment is a single choice
that must hold throughout. Decide against the current de-
mand, and the choice fails when demand climbs minutes later.
Decide against the worst case, and satellites refuse stations
that could have served them, pushing load elsewhere and
recreating the very imbalance we set out to remove. INSITE
selects against a representative demand value chosen so the
assignment holds across the entire window.

Perfect predictions do not make choices indepen-
dent. Knowing every satellite’s demand does not by itself
prevent conflict, because choices interact. The station that
looks best to one satellite may be exactly the capacity a
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nearby satellite needs moments later. Let each satellite opti-
mize for itself against perfect predictions, and their individ-
ually sensible choices still collide at shared stations. INSITE
therefore plans assignments jointly, selecting each satellite’s
station against the predicted load of all satellites contending
for the same stations over the window.

We evaluate INSITE using trace-driven simulations and
real-world demand data. We simulate satellite orbits and GSs
using CosmicBeats [33], modeling 8,137 satellites and 64 GSs
across the continental US. In preliminary results, INSITE
reduces load imbalance by 51%, overflow traffic that would
otherwise be forced onto detours to distant stations by 74%,
and packet loss under application latency budgets by over
3X.

2 Motivation
2.1 End-to-End Satellite Network

Traditional satellite networks rely on geostationary satel-
lites that relay signals through fixed, pre-configured links to
ground gateways, carrying traffic very different from that
of the broader Internet. Over the last decade, megaconstel-
lations of thousands of LEO satellites have introduced new
challenges of scale and extreme mobility. Each satellite re-
mains within view of a given user or GS for only a few
minutes, moving at roughly 7.5 km/s, far faster than any
user a terrestrial mobile network must track. Yet this mo-
bility is more predictable than that of mobile users, since
satellites follow known orbits. What changes drastically is
the demand a satellite serves, which can shift within minutes
as it sweeps from dense to sparse regions.

Figure 1 shows how traffic traverses a LEO satellite net-
work. A user terminal connects to an overhead satellite,
which relays traffic down to a GS; from there it is tunneled
to a Point of Presence (PoP) and enters the terrestrial In-
ternet [19, 28]. Traffic bound for the user takes the same
path in reverse, entering at a PoP and being forwarded to
the GS that can reach the user’s serving satellite. This user-
bound forward direction carries most of the volume, since
Internet traffic is download-dominant [18], and it is the direc-
tion whose demand we predict. Because forward and return
traffic traverse the same satellite-GS contacts and face the
same choice of GS, a single selection algorithm can serve
both directions. A satellite’s GS thus determines where its
traffic enters and exits. When a nearby GS cannot absorb
the load, the fallback is to carry traffic over ISLs to a dis-
tant station, but ISL capacity is scarce and the detour can
incur substantial latency [19]. Assignments also should not
be re-decided continuously, since each reassignment disrupts
traffic in flight [28]. We call the interval a satellite remains
assigned to a GS the connection window, bounded by the
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few minutes a satellite stays within a station’s 25° elevation
view [39].

Three recent shifts motivate revisiting GS selection. First,
ground segments now offer a choice. Starlink’s US gate-
way network has grown from six gateway applications in
2019 [35] to over 100 sites by 2025 [37], and even the 64 sta-
tions in our simulation leave a satellite a median of 6 stations
in view. Second, constellations are now dense enough that
every location is observed frequently, enabling prediction.
In our September 2025 snapshot of 8,137 satellites, a popu-
lated location is revisited every 42 s at the median (Fig. 6).
The constellation has since grown past 10,000 satellites [34],
so revisits only become more frequent. Third, the demand
keeps growing. Starlink grew from 1 million subscribers in
December 2022 to over 12 million by 2026 [7]. Because users
cluster around population centers, this growth concentrates
on the GSs that serve them.

2.2 Failure Modes of Current GS Selection

We quantify two failure modes using a simulation of 8,137
satellites and 64 GSs, with each satellite’s offered demand
derived from population density (see §4). Deployed operators
do not disclose their selection logic, but measured behavior is
consistent with a capacity-aware, proximity-first policy [19,
28]: traffic goes to the closest station with spare capacity,
spilling to the next closest otherwise. All variants of this
class select against presently observed conditions, reacting
to current demand rather than future demand.
Greedy in space. Figure 2 plots the cumulative share of
offered load under two present-time selection policies over a
two-hour trace. Under Nearest, where each satellite offloads
to the closest visible station, the top 7 stations absorb 50%
of all traffic, while ~25% of the stations carry essentially no
load. This is either because they are far from concentrated
demand or because they are rarely the nearest one. Making
satellites capacity-aware offers only a minor improvement.
Under Capacity-Aware Nearest, where each satellite picks
the closest station whose remaining capacity can cover its
demand, the top 17 stations still carry 50% of load.

Figure 3 shows this skew is not transient. Across the
trace, even the capacity-aware policy holds a median load
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imbalance factor, the busiest GS’s load divided by the 10th-
percentile GS’s, of 18.3. This concentration indicates the
achievable ground-segment capacity is determined by a few
hot GSs rather than aggregate capacity. It also shows why
capacity expansion alone is unlikely to help. New capacity
deployed uniformly inherits the skew, as demand grows with
the subscriber base it attracts, so the imbalance persists at
scale.

Blind in time. Even a well-chosen station becomes subopti-
mal within a single connection window. Figure 4 plots the
fraction of windows whose demand changes by more than a
given amount within 3 minutes. 71.3% of windows see offered
load shift by more than 50%. A lightly loaded satellite offloads
to the station with the most spare capacity in view. Moments
later, another satellite sweeps the same region under heavy
load, and with that capacity partly consumed, no station in
view can absorb it, forcing an ISL detour to a distant sta-
tion. The first choice was capacity-aware at commit time,
yet still created congestion minutes later, because nothing
in it accounted for the demand about to arrive.

2.3 Spiral-Cyclostationary Demand

A satellite’s orbit fixes its ground track, and Earth’s rotation
shifts that track westward by roughly 22° per orbit, so cov-
erage spirals around the globe rather than retracing a fixed
path. The demand at every location beneath it follows a recur-
ring daily pattern. Each pass sweeps geography the last pass
did not see, so the demand a satellite experiences does not
reflect these typical patterns. Figure 5 shows that successive
orbits are barely correlated (Pearson correlation [46]).

This demand, however, can be reconstructed from the con-
stellation’s view. Demand observed at nearby points is simi-
lar, differing by less than 10% at the median within roughly
0.5° (~50 km). As shown in Figure 6, some satellite passes
within that radius of a given populated area every 42 sec-
onds at the median, generating frequent demand observa-
tions. Pooling these observations at a fixed location over an
eight-hour trace recovers a smooth signal (Figure 7) with
the same diurnal, recurring shape that real cellular demand
exhibits [4]. We call this structure, a recurring demand field
resampled by a spiraling constellation, the spiral cyclostation-
arity of LEO demand. We use the term descriptively: INSITE
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performs no cyclostationary signal analysis, but builds its de-
sign directly on this structure, in the form of a constellation-
pooled, location-indexed demand map that any satellite can
read and every satellite writes.

3 Design

INSITE has two components: a demand predictor that esti-
mates the traffic each satellite will serve over an upcoming
interval, and a constellation-aware GS selector that assigns
satellites to GSs using those estimates. We first formalize
the GS-selection problem, then present the observation that
motivates the predictor and selector, and their design details.

3.1 Problem formulation

Setup. We consider a LEO constellation serving a geographic
region through bent-pipe egress, with a set S of satellites
and G of GSs. Operators reconfigure egress at discrete in-
tervals; within one interval [¢, t+W], demand shifts as satel-
lites move, so we discretize the interval into steps 7 € 7 =
{t,t+A, ..., t+W}. Each satellite s € S serves a downlink-
dominated demand ds(7) > 0 at step 7, determined by the
users in its footprint. Because egress is bent-pipe, s can of-
fload only to GSs in view, which orbital geometry determines
per step, R(s, 7) C G.Each GS g has finite capacity C4, bound-
ing the traffic it can absorb at each step.

Decision. At the start of each interval, the operator’s con-
troller chooses an assignment a : S — G, held fixed over
the interval, mapping each satellite to a single GS in view.
We model one active GS per satellite per interval, abstracting
the two gateway-facing antennas of current hardware as a
single active link (see §6). Each satellite’s demand lands on
its assigned GS, so the load on GS g at step 7, £;(7), is simply
the total demand of the satellites assigned to it.

Objective. Because user demand mirrors uneven population
density, load concentrates on the GSs near dense regions
while distant capacity sits underused. INSITE chooses the as-
signment a that balances load across the interval, minimizing
the peak utilization any GS reaches: min, U(a), where U(a)
maxyeg, re7 {y(7; @) /Cy. Demand beyond its assigned GS’s
capacity must detour over an inter-satellite link to a farther
GS, a higher-latency path. We call this forced overflow, and
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we aim to minimize its total across all GSs and steps. Keeping
peak utilization below one eliminates overflow, and when
overflow is unavoidable, the min-max objective bounds the
excess at the most overloaded GS.

Challenge. The difficulty is temporal. The assignment for
[t, t+W] is committed at time ¢, but the demand d(7) for
7 > t has not yet materialized. A present-time policy substi-
tutes the instantaneous demand d;(t) for the future demand
and optimizes for a snapshot that may no longer hold by the
end of the interval. An assignment that fits at commit time
can produce congestion minutes later, once a satellite has
swept into a denser region. INSITE instead plans against a
predicted demand CZ(T) over the whole interval, estimated
from observations available up to t. The problem is there-
fore online, requiring a fresh assignment each interval from
past observations only, and it decomposes into two subprob-
lems. INSITE must first estimate (:i; (z) for every satellite and
step in the interval (§3.3), and then choose the assignment
minimizing the peak utilization under the predicted demand
(§3.4). The subproblems are coupled, since any prediction
error can harm the resulting assignment.

3.2 Limits of per-satellite history

Estimating (i(r) is hard because the satellite’s motion over
the rotating Earth denies it a usable history, in two ways.
First, a satellite samples any given location sparsely due
to the spiral-cyclostationary nature of the orbit (§2.3). Sec-
ond, a satellite’s own demand series rarely repeats. Even if
the satellite passes over the same geography, it may do so
at a different time of day, so its load may show little self-
similarity across orbits. A satellite’s spiral-cyclostationary
orbit makes it difficult to predict future demand from its own
past demand.

However, the demand a satellite is about to serve has
usually been observed already by other satellites. As ma-
jor constellations such as Starlink now cover nearly every
populated region [36], each such region is passed over by
many different satellites over time. Whichever satellite last
passed over a region has already sampled its recent demand.
INSITE therefore predicts by location rather than by satellite.
Pooling every satellite’s observations of a geographic region
turns many sparse, non-repeating per-satellite series into
one dense per-location series, and that series is predictable
because demand typically recurs on a daily cycle (e.g., diur-
nal patterns). A satellite entering a region can thus inherit a
full history without collecting it itself.

3.3 The demand predictor

Representation. INSITE maintains a single location-indexed
view of demand, used by all satellites. The serving region’s
surface is discretized into cells, and each cell accumulates the
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demand observations made by satellites whose coordinates
fall within the cell’s range. A satellite about to enter a cell
can use that cell’s pooled observations to predict its demand.

To predict future demand, we use two approaches. First,
we use a simple linear regression that fits the observations
within a lookback window, and extrapolates the future de-
mand at each step in the upcoming window. We use the 12
most recent observations as the lookback window, which
represent about 8 minutes of past demand, since a satellite
typically passes through any given cell every 40 seconds (see
§2.3). The linear regression exploits the fact that the total
demand for the cell typically changes gradually, and allows
simple per-cell predictions with minimal overhead.

We also evaluate a more complex prediction approach
based on a gated recurrent unit (GRU) trained across obser-
vations from all cells. The inputs are the cell and the recent
demand observations from the lookback window. Its output
is the predicted demand for each step in the upcoming win-
dow. Training on many cells lets the GRU learn the general
structure of demand dynamics (e.g., diurnal patterns). It is
retrained every 2 weeks by default to account for gradual
changes in demand patterns over time.

3.4 Constellation-aware egress selection

Given predicted demand (z(r) of every satellite, INSITE as-
signs each satellite to a reachable GS to minimize predicted
peak utilization. It does so jointly, making each satellite’s
assignment in view of the demand all others will place on the
same GSs, rather than each satellite individually. Without
joint decisions, a satellite could offload to the nearest GS with
spare capacity, blind to a second satellite that will sweep the
same region moments later. The following satellite finds that
capacity already consumed, and its traffic is forced onto a
farther GS, or worse, cannot find a suitable GS in range. Even
when every station has spare capacity at the moment each
choice is made, such independent choices can collectively
overload the stations near dense regions.

As aresult, INSITE uses a constellation-aware assignment,
building on three decisions. First, it orders satellites by pre-
dicted peak demand, with the heaviest satellites first. For
each satellite in turn, it scores every reachable GS by the
peak utilization that station would reach over the interval
if this satellite’s demand were added to the demand already
placed on it, and assigns the station whose peak is lowest. It
then records the satellite’s predicted demand on the chosen
station, so that every later satellite is scored against it.

Each decision answers one part of the problem. Process-
ing the heaviest satellites first places the hardest-to-place
load while the most capacity is still free, since a large de-
mand fits few stations later in the ordering. Scoring on the
interval peak rather than the commit-instant load keeps the
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assignment viable across the window, since a station that
looks empty at t may be heavily loaded later. And recording
each satellite’s predicted demand before the next is chosen
coordinates the choices: every assignment is made against
the load the rest of the fleet has already claimed, preventing
suboptimal per-satellite decisions.

4 Experimental Evaluation

Setup. We obtain satellite orbits from public Two-Line Ele-
ments (TLEs) as of September 2025 (8,137 satellites) [9] and
the locations of 64 US ground stations [38]. We feed both into
CosmicBeats [33] for orbital and visibility simulation. We
restrict user demand and GSs to the continental US; satellites
outside it carry no load. Similarly to prior work [48], we place
our users according to population density. Each satellite’s of-
fered demand combines the census population [43] under its
footprint, a diurnal modulation [27], and a per-user demand
rate [3]. Each GS has a capacity of 320 Gbps, matching the
maximum antenna count in FCC filings [12] at 8 Gbps per
antenna [40]. We calibrate the per-user rate so that aggregate
demand sits at 60% of total GS capacity. In this regime, GSs
experience congestion without load balancing, but headroom
remains to relocate traffic. The final dataset comprises 8,137
satellites, 64 ground stations, and eight hours of simulated
demand. Our motivation experiments (§2) use a representa-
tive two-hour segment. To validate our predictors, we also
use one week of real-world cellular demand from Milan [4].
We do not model inter-satellite links. Satellites offload
only to GSs in view, so every policy, including ours, must
absorb demand within that geometry. Demand exceeding the
capacity of every visible GS counts as overflow, the traffic a
deployed system would carry over ISLs to farther stations.
Baselines. We compare INSITE against the present-time
selection policies detailed in §2: Nearest and Capacity-Aware
Nearest, as defined there. We further evaluate three vari-
ants of INSITE, which differ only in how they determine
demand. INSITE-Present runs our joint selection algorithm
against currently observed demand, isolating the algorithm’s
contribution without any prediction. INSITE-Predict is the
full design, selecting against demand forecast by our map-
based predictor. INSITE-Oracle replaces the predictor with
ground-truth future demand, an upper bound that isolates
the impact of prediction error. The gap between Predict and
Oracle measures the headroom our preliminary predictor
leaves unexploited, while the gap between Present and Ora-
cle measures the potential benefit of including predictions.
Prediction accuracy. INSITE uses two constellation-pooled
predictors: a location-indexed demand map using per-cell
linear regression (LR), or a single learned GRU, shared across
all locations. We validate each separately, first on the real
Milan data, shown in Figure 8. The GRU trained on 8,000
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Milan cells, evaluated on 2,000 unseen cells and days, yields
8.8% median per-cell error, a minor improvement over Linear
Regression, which has 9.9% median error. Figure 9 compares
our accuracy in simulation against predicting from each
satellite’s own history. We predict over 2,422 held-out (satel-
lite, window) instances over a 300-second window. We show
only linear regression (Map + LR), since the two predictors
perform similarly on the Milan data and LR has lower over-
head. Map + LR yields 17% median error, against 39% for
Own-history (GRU) and 85% for Own-history (LR). This gap
shows the effectiveness of using the aggregated demand map
for handling spiral-cyclostationary demand.

Load balance. Figure 10 plots the load imbalance factor
over time under INSITE and Capacity-Aware Nearest. We
omit Nearest, which has 58.8x median imbalance, to better
show the difference between the other two. INSITE holds the
constellation at a median imbalance of 9.0%, against 18.3X
under Capacity-Aware Nearest. The remaining imbalance is
due to visibility geometry rather than headroom INSITE fails
to use. With no ISLs, demand over dense regions can spread
only across the stations in view, and once those saturate,
further flattening requires capacity no policy can see.
Overflow. Five of the 64 stations face aggregate demand
above their capacity that cannot be offloaded. Since no se-
lection policy can relieve them without ISLs, we omit them
from the figures, but report the results for the full set of
GSs in the text. Figure 11 shows the total overflow per sec-
ond over the two-hour trace. INSITE-Present reduces total
overflow by 70.0% against Capacity-Aware Nearest (2,448
to 734 Tb). INSITE-Predict, using linear regression, cuts it
further to 645 Tb, a 73.7% reduction overall and 12.1% on top
of INSITE-Present. INSITE-Oracle reaches 483 Tb, a further
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34.2% reduction on top of INSITE-Present, showing head-
room for prediction. Across all 64 stations, INSITE-predict
reduces overflow by 27.6%.
Packet Loss Under Application Latency Budgets. We
model each GS as a finite-buffer FIFO queue served at 320 Gbps
and report the fraction of user traffic dropped. We report
packet drops rather than tail latency since the lack of ISLs can
cause unbounded delays at congested GSs. We evaluate the
59 stations that remain unsaturated under INSITE-present
across four queue depths spanning real-time (20 ms) to elastic
(5 s) traffic deadlines [1, 13, 29], shown in Figure 12.
Coordination is the first-order win, and it holds at ev-
ery budget. INSITE-present cuts loss roughly 3x against
Capacity-Aware Nearest, and the gain survives the tightest
real-time budget, where the buffer is too shallow to absorb
sustained contention, yet coordination alone removes two-
thirds of drops. The benefit of prediction grows with the
latency budget. At 20 and 100 ms, INSITE-predict is slightly
worse than INSITE-present (1.14% vs. 1.05%; 1.08% vs. 1.02%)
since our forecast predicts demand per interval and cannot
see small bursts. Prediction instead helps by avoiding sta-
tions that stay overloaded for a long time, and with such
small buffers that benefit is not yet visible. As the buffer
grows, avoiding long-lasting overload matters more. INSITE-
predict overtakes at 1s (0.75% vs. 0.81%) and at 5 s cuts loss
by roughly 30% (0.49% to 0.35%), closing about 45% of the
remaining gap to INSITE-oracle. The oracle’s 0.18-0.62%
marks the floor our selection algorithm reaches with perfect
knowledge, 1.7-2.7x below INSITE-Present across budgets.

5 Related Work

Traffic engineering in wide-area networks is mature, pre-
computing candidate paths and periodically optimizing traf-
fic over them [17, 20, 23, 24, 42, 45, 49], even reacting to sub-
second bursts [15]. But these systems assume fixed egress
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and optimize only paths. LEO constellations instead face
continuous topology change. Recent work targets this by
characterizing and reducing path churn and routing instabil-
ity [6, 26], planning ISL topology at scale [10], and speeding
up TE computation [48]. These efforts optimize how traf-
fic traverses the network and take GSs as given endpoints.
When a GS is congested, the remedy at this layer is to detour
traffic over ISLs to a farther station, at the cost of longer
paths [19]. Better GS selection reduces how much traffic
must take these detours in the first place.

Ground station selection via mixed-integer optimization [2,
30] solves an offline problem with demand given as input,
not an online decision reacting as a satellite’s demand shifts
within its window. OrbitTransit [50] assigns satellites to GSs
against the same nearest and nearest-available baselines we
use, but targets delay-tolerant Earth-observation data that
can be buffered in orbit. NEO-GNN [21] targets bent-pipe
broadband but jointly plans each snapshot against currently
observed demand. INSITE instead treats GS selection as a
predictive decision over unknown, time-varying demand. A
solver such as NEO-GNN could select against INSITE’s fore-
cast in place of our constellation-aware selector (§3.4).
Demand prediction for satellite networks has been stud-
ied on its own, but with two limits our setting exposes.
Prior work models demand as a function of orbital posi-
tion [11], capturing a recurring spatial field rather than how
load evolves within the window, or relays a neighbor satel-
lite’s recent load as a proxy [14] that Earth’s rotation quickly
makes stale. More broadly, these deliver a predictor in isola-
tion: even where GS scheduling is cited as motivation, none
jointly optimizes the selection decision against the forecast.
INSITE instead anchors demand to each satellite’s actual sub-
satellite geography, pooling constellation-wide observations
into a single time-varying forecast that drives selection.

6 Discussion and Open Questions

GS selection as one layer of load management. INSITE
balances load at the ground segment, but selection interacts
with other layers. Our current design leaves several questions
open. First, we evaluate GS selection without inter-satellite
links, isolating the selection decision so that dropped traf-
fic directly reflects its quality. In an ISL-enabled network,
how does the chosen GS shape the way overflow traverses
ISLs? Second, INSITE selects on GS load, treating each gate-
way'’s exit to the terrestrial network as uniform. How much
do terrestrial conditions (e.g., ISP congestion, peering, and
backbone-path capacity from the point of presence onward)
affect egress quality? Third, selection cannot create capac-
ity if GSs are overloaded under any policy. There, opera-
tors must rely on slower levers such as admission control,
demand-based pricing, or new GS deployment. Can INSITE’s
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demand map help here as an offline testbed, letting operators
compare alternative selection strategies or candidate GS sites
against predicted demand before deployment?

Exploiting prediction beyond selection. INSITE produces
two things present-time selection cannot produce—a com-
mitted schedule of GS assignments and a forecast of per-GS
load over the window. How can these help existing satellite
TE? The schedule fixes the endpoints that in-space routing
takes as input [48], and tells handover-aware transport [8, 25]
when satellite-GS links will change. The forecast lets ISL
routing reserve capacity for predicted overflow [48], lets
operators schedule bulk transfers into predicted spare GS ca-
pacity [24], and gives demand-predictive WAN TE an ingress
traffic matrix for satellite traffic [31].

Adapting to heterogeneous user needs. In LEO networks,
the infrastructure itself moves, so unlike cellular networks,
handovers occur at the granularity of a satellite instead of
a user. When a satellite switches ground stations, all user
flows it carries move together. Since these users may differ
in traffic type, latency sensitivity, and destination, a ground
station that suits one user may be poor for another. How can
we extend INSITE to account for the heterogeneous needs
of users that share a satellite?

Multi-gateway allocation. We model each satellite as of-
floading to a single station, abstracting the two GS-facing
antennas of current hardware [32] as one active assignment.
Letting a satellite split its load across simultaneous GSs turns
selection into a fractional allocation, which could further re-
lieve contention.

Prediction accuracy. We use a basic ML model to demon-
strate our design. Several approaches could improve its ac-
curacy: 1) de-biasing each cell’s observations by the satellite-
contention factor before pooling, 2) tuning cell granularity
to trade spatial precision against sample density, and 3) mod-
eling deployment factors absent from our simulator (e.g.,
hardware, weather, terrain) to improve real-world accuracy.

7 Conclusion

We presented INSITE, a ground station selection framework
that jointly plans across the constellation using predicted
demand over the connection window. In preliminary results,
INSITE substantially reduces load imbalance, forced over-
flow, and packet loss.
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