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Abstract

Low Earth Orbit (LEO) satellites are currently of great importance as their constellations, such as

SpaceX’s Starlink, are becoming prevalent for communication and scientific research. Their low altitude

orbit allows for low latency and less power consumption, but their high speeds result in high Doppler

shift that must be accounted for. Current methods employ Two-Line Element (TLE) data with SGP4

algorithm to make satellite trajectory predictions, and thus calculate the Doppler shift. However, these

methods suffer from inherent error accumulation. This study analysed two algorithms, the Monte-Carlo

Simplex (MCS) and the Machine Learning differential SGP4 (ML-∂SGP4) to test their efficacy in trajec-

tory prediction as compared to SGP4. We generalised the MCS algorithm to work with any satellite and

found its optimising ability depended on the magnitude of the loss function’s output. We also robustly

showed that it performed worse than the standard SGP4 in all possible scenarios using TLEs. We accredit

this bad performance to independent perturbations in parameters which do not evolve independently, and

an unevenly spaced dataset. In addition, we analyze time complexity issues in the ML-∂SGP4 source code

along with its original training method which implicitly assumes that error accumulation of all satellites

is the same. We proposed a new training paradigm for the ML-∂SGP4 architectural template, using

mini-ML-∂SGP4 models that can be trained on a single satellite dataset. This approach was applied

to three Starlink satellites with varying orbital periods. Over a propagation period of eight days with

a temporal resolution of 60 seconds, the model trained on STARLINK-5350 data achieved a significant

reduction in error across all time stamps compared to the standard SGP4 propagator. Moreover, 81%

of its datapoints showed a marked improvement over a pretrained ML-∂SGP4 model in literature. Since

this training paradigm requires only a relatively small dataset—approximately 40,000 rows, the associ-

ated propagation error reduction is achieved with substantially lower data requirements. This efficiency

decreases the lengthy training times associated with the original ML-∂SGP4 implementation. In the

future, individual parameter perturbation analysis on MCS and further testing of the mini-ML-∂SGP4

models could improve trajectory predictions, creating a reliable method for calculating Doppler shifts

and communicating with LEO satellites.

1 Introduction

Low-Earth Orbit (LEO) satellites are becoming

the default for communication and scientific re-

search, especially with SpaceX’s Starlink constel-

lations populating the night sky, replacing ground-

based methods. The number of satellites have ex-

ploded, with European Space Agency estimating

that more LEO satellites were launched in 2023

than any year prior (European Space Agency, Space

Debris Office, 2024).

However, stable ground and LEO satellite link

is still a challenge due to Doppler shift (DS), es-

pecially for LEO satellites without any Global Po-

sitioning System (GPS) on board. DS changes

the transmission frequency of the satellite. If the
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ground station is unable to calculate or predict the

changed frequency, it cannot establish a transmis-

sion link with the satellite.

To combat this problem, current methods use

predictions of the satellite’s position and velocity to

calculate DS. They use Two-Line Element (TLE)

data and the SGP4 algorithm because it only re-

quires one data point for prediction. However the

predictions are only valid for a few days. TLE data

is released infrequently and has inherent errors, and

SGP4 algorithm accumulates error over time, lead-

ing to poor position and velocity predictions. Singa-

pore’s LUMELITE-4 and Galassias-2 both suffered

from incorrect DS calculations, leading to difficulty

in communicating with the satellites (National Uni-

versity of Singapore, 2024a, 2024b).

In this work, we implement and measure the effi-

cacy of the Monte-Carlo Simplex (MCS) algorithm

(inspired by Liu et al., 2023) to optimise TLE, and

the Machine Learning differentiable SGP4 (ML-

∂SGP4) algorithm (inspired by Acciarini et al.,

2025) to reduce error accumulation present in stan-

dard SGP4. A better trajectory prediction model

allows for improved DS prediction to maintain

transmission links with the satellite.

2 Background

2.1 LEO satellites and Doppler shift

This work focuses on LEO satellites as they are

the best option for communication. Satellites link

with ground stations using Radio Frequencies (RF).

As the speed of RF is a constant regardless of fre-

quency in vacuum (Einstein, 1905), it dictates there

will be a greater propagation delay with increas-

ing satellite altitude. LEO satellites are defined as

satellites with orbital period less than 225 minutes

(Hoots and Roehrich, 1988). This corresponds to

a semi-major axis of less than 12000 km which is

much smaller than other orbits such as Geostation-

ary with semi-major axis of 42000 km. As LEO

is closest to the Earth, it provides low latency link

and also requires less power, making it optimal for

communication purposes.

However, the small orbital period corresponds

to a high tangential speed, and consequently a

high relative speed between the Earth’s surface and

the satellite. This induces a Doppler shift — a

change in frequency observed by a stationary ob-

server (ground station), as compared to the fre-

quency emitted by a moving emitter (the satel-

lite). Furthermore as the satellite moves above

the ground station, the Doppler shift changes. If

the ground station is unable to match the Doppler

shifted frequency, it cannot establish links with the

satellite. Therefore, the ground station must calcu-

late or predict the new frequency.

Mathematically, the normalised Doppler shift is

represented by,

fo − fe
fe

= −1

c

d|R|
dt

(1)

where fo, fe, c, and R corresponds to observed fre-

quency, emitted frequency, speed of light, and the

displacement vector connecting the ground station

to the satellite (commonly known as the trajectory

of the satellite) respectively. Measurements are per-

formed in a non-inertial coordinate system which

rotates at the angular speed of the Earth.

R will generally be a function of position of
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{𝑥, 𝑦, 𝑧, 𝑣𝑥, 𝑣𝑦, 𝑣𝑧} 
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End

𝑖 += 1
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velocities in ECI 

frame

Yes No

Appends to the list

ECI to ECEF 
transformation
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velocities in ECEF 

frame

Ground Station 
Coordinates

Doppler Shifts

Figure 1: Flowchart of how to calculate Doppler shifts using SGP4. We input the time steps
at which we want to calculate the position and velocity of the satellite and a TLE. Using the sgp4.api

available for Python, we can loop the TLE over all the inputted time steps to obtain the positions and
velocities in an Earth Centred Inertial (ECI) frame. In order to calculate the Doppler shifts with respect
to a ground station, we need to convert the ECI frame into an Earth Centred Fixed (ECEF) frame and
account for the coordinates of the Ground Station.

satellite, velocity of satellite, and time. It is possi-

ble to obtain an analytical solution for equation (1)

if we assume no drag and circular orbits (Ali et al.,

1998). However, a LEO satellite faces significant

atmospheric drag, gravitational perturbation from

the Moon, pressure from Solar radiation, and differ-

ential gravitational force from Earth’s non-spherical

shape (Yll, 2018). Overall, the evolution of R is

determined by non-linear differential equations and

thus, there is no general analytical solution to find

the Doppler shift of a satellite (Acciarini et al.,

2025).
Figure 2: Increasing Position and Speed Er-
ror from SGP4 for KENT RIDGE 1 satellite.
The position and speed error scale together and are
thus shown on the same graph. Day 0 is defined as
the day when the TLE was released, and it corre-
sponds to 2460374.79645876 Julian Day. Refer to
section 3 for the definition of error.
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2.2 Current methods to calculate

Doppler shift and their chal-

lenges

The most optimal method to calculate Doppler shift

is to make use of Global Positioning System (GPS)

technology (Asraf et al., 2021; Jason et al., 2004),

however not all satellites can or already have a GPS

system on board.

In the absence of GPS, there are two methods.

First, compensate for Doppler shift through signal-

based algorithms at the ground station or satellite

(Yll, 2018). Second, improve the prediction of tra-

jectory through numerically calculating R (Accia-

rini et al., 2025; Hoots and Roehrich, 1988; Liu

et al., 2023). In this work, we focus on the latter

because such predictions are agnostic of the equip-

ments being used at the ground station or inside

the satellite.

The Simplified General Perturbation (SGP) al-

gorithms were created in 1980s to numerically ob-

tain position and velocity of a satellite starting from

some initial conditions. Out of the five, SGP4

was made for LEO satellites and has since been

used to predict trajectories (Hoots and Roehrich,

1988). The initial conditions of all satellites are pro-

vided by North American Aerospace Defense Com-

mand (NORAD) in the form of a Two-Line Element

(TLE) (Kelso, 2022). Refer to Supplementary Ma-

terials Section 9.1 for breakdown of TLE elements.

Using TLE along with SGP4 allows us to calcu-

late the position and velocity of a satellite at any

given time. Figure 1 shows how to obtain the tra-

jectory and thus the Doppler shift in Python using

sgp4.api.

However TLEs are published infrequently with-

out any error ranges, and SGP4 has inherent errors

that accumulate over time. This is shown in Figure

2 using KENT RIDGE 1 satellite as an example. In

SGP4 both position and speed errors scale together

and are thus shown on the same graph. In only

10 days, the position error has increased by 20 km

showcasing the instability of SGP4.

2.3 Algorithms analyzed by this

work

Given the challenges in position and velocity pre-

diction by current methods, this work analyses two

algorithms proposed in literature to measure their

efficacy in trajectory prediction.

2.3.1 MCS Algorithm

The Monte-Carlo Simplex algorithm is a minimiza-

tion algorithm which attempts to find the global

minima of a function. Liu et al., 2023 uses it to

optimise one reference TLE in a set of TLEs, by

minimizing the difference between actual and pre-

dicted values inside the set. It is a combination

of two independent algorithms: the Nelder-Mead

Simplex algorithm, which finds a minima, and the

Monte-Carlo Algorithm, which ensures the minima

is global. The algorithm inputs a set of TLEs with

a chosen reference TLE, and outputs an optimised

TLE. In their work, Liu et al. created a semi-

analytical propagator and developed the MCS al-

gorithm for one reference TLE and they observed

a systematic shift in error. However it could not

be deduced whether this improvement was due to

MCS algorithm or their new propagator. Our work

generalises the MCS Algorithm for any satellite and
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uses the standard SGP4 as the propagator.

2.3.2 ML-∂SGP4

The ML-∂SGP4 model is a physics-aware machine

learning architecture developed by Acciarini et al.,

2025. It leverages the capabilities of the ∂SGP4 im-

plementation in PyTorch — a Python package that

re-implements the standard SGP4 orbit propaga-

tor within the PyTorch deep learning framework.

One of PyTorch’s key advantages is its support for

automatic differentiation (AD), which enables ef-

ficient computation of partial derivatives essential

for gradient-based optimization. As described by

(Acciarini et al., 2025), this feature makes it possi-

ble to integrate orbit propagation directly into neu-

ral network training pipelines, allowing model pa-

rameters to be optimized using the backpropaga-

tion algorithm (Rojas, 1996). This is not possible

with the standard SGP4, which is inherently non-

differentiable (Acciarini et al., 2025). Refer to Sup-

plementary Material 9.2 for an example showcasing

the benefit of differentiability.

The use of neural networks is particularly well-

suited for the task of correcting errors in satellite

orbit propagation, as they excel at learning com-

plex, non-linear mappings (Hussain et al., 2023) —

a strength leveraged by the ML-∂SGP4 architec-

ture. This enables ML-∂SGP4 to capture and cor-

rect non-linear error patterns that commonly arise

in orbit prediction tasks as shown by the position

and velocity error curves of the Kent Ridge 1 satel-

lite in Figure 2.

The ability to propagate gradients through the

orbital dynamics module allows ML-∂SGP4’s neu-

ral networks to learn corrections to both the TLE

input data and the propagated state vectors in a

physics-informed manner, guided by the differen-

tiable ∂SGP4 algorithm. This synergy is validated

by the model’s performance: ML-∂SGP4 achieves a

33.42% reduction in test loss on an unseen dataset

compared to the standard SGP4 propagator (Ac-

ciarini et al., 2025).

Inspired by these results, we retrain ML-∂SGP4

from scratch using updated STARLINK ephemeris

and TLE data. In addition to the full model, we

introduce and evaluate several “lightweight” vari-

ants of ML-∂SGP4. These models retain the origi-

nal architecture but are trained on smaller or more

targeted subsets of the dataset. This approach en-

ables us to benchmark performance under various

data constraints and to explore more specialized ap-

plications, such as correcting errors for individual

satellites with distinct orbital characteristics.

3 Methods

This section covers detailed description of the algo-

rithms used. For both algorithms, the errors at a

given time (∆r(ti) and ∆v(ti)) are defined as fol-

lows. Consider at time ti, the real position and

velocity of the satellite is r(ti) and v(ti) respec-

tively in an Earth-Centered Inertial coordinate sys-

tem. At the same time, let the predicted position

and velocity be r′(ti) and v′(ti) respectively in the

same coordinate system. Therefore,

∆r(ti) = |r(ti)− r′(ti)| (2)

∆v(ti) = |v(ti)− v′(ti)| (3)

The algorithm through which r′(ti) and v′(ti)

were predicted is called the propagator hereon.
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(a) (b)

Legend 

Initial Vertex 

Changed Vertex 

Minimum Loss

Initial Edge

Final Edge

Direction of change

𝑝1

𝑝1

𝑝1

𝑝1

𝑝2 𝑝2

(c) 𝑝2 (d) 𝑝2

Minimum loss point 
outside the initial 
simplex

Minimum loss point 
inside the initial 
simplex

𝑝1, 𝑝2
Parameters

Figure 3: Simplified representation of a 2-dimensional simplex exploring the parameter
space. p1 and p2 represents two parameters, for example eccentricity and inclination. Each point in the
parameter space corresponds to a loss, and the simplex transforms itself to find the minimum loss in this
space. The three vertex of the simplex each have a different error, and the highest error vertex moves
first. (a) and (b) corresponds to the case where the minimum point is located outside the simplex. The
simplex reflects the vertex with the highest error about its opposite side. If the minimum is closer to
the edge, it changes as shown in (a). If the minimum is further away, it changes as shown in (b). If the
minimum is located inside the simplex, it transforms like (c) or (d) depending on whether the minimum
is closer to a vertex or an edge. In the MCS algorithm, we create multiple random simplex so that most
of them converge towards the global minima of the parameter space.

The source code can be found here.

3.1 MCS Algorithm Framework

The first prerequisite of the algorithm is defining a

state vector. As described in section 9.1, a TLE is

made up of multiple elements of which not all can

be optimised. We used the same state vector as Liu

et al., 2023 X with the optimisable parameters as,

X =

(
B∗ i Ω e ω M n

)T

(4)

where B∗ is Drag, i is inclination, Ω is Right Ascen-

sion of Ascending Node (RAAN), e is eccentricity,

ω is Argument of Perigee, M is mean anomaly and

n is mean motion. Refer to section 9.1 for definition

of each term. These elements were chosen as they

are used in SGP4 to predict position and velocity.

The second prerequisite is a loss function whose

global minima is found by the algorithm. Suppose

a set of N TLEs were used in the algorithm, labeled

{T1, T2, ..., TN} with Tk being the reference TLE in

the set. Each TLE has an Epoch Time at which it

is supposed to be correct (refer to section 9.1). Let

the epoch times associated with T1 be t1, T2 be t2,

and so on. SGP4 is used to predict the position ri

and velocity vi for each TLE Ti at its epoch time

ti. Therefore,

SGP4(Ti, ti) = (ri,vi), i = 1, 2, ...N (5)
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Then, SGP4 is used to predict the position r′i and

velocity v′
i at all the epoch times using just the ref-

erence TLE, Tk,

SGP4(Tk, ti) = (r′i,v
′
i), i = 1, 2, ...N (6)

The Loss function defined by Liu et al., 2023 was,

Lstandard =

N∑
i=1

(
|ri − r′i|2 + |vi − v′

i|2
)

(7)

However, it was observed during preliminary runs

that the position error is three orders of magnitude

higher than the velocity error (also observable in

Figure 2). Therefore this work further defined a

weighted function to check whether it affects the

final result,

Lweighted =

N∑
i=1

(
|w(ri − r′i)|2 + |vi − v′

i|2
)

(8)

where w = 10−3. Two more loss functions were

defined to check whether position or velocity inde-

pendently affects the algorithm,

Lr =
N∑
i=1

|ri − r′i|2 (9)

Lv =

N∑
i=1

|vi − v′
i|2 (10)

Using the loss functions and the state vector, the

Nelder-Mead Simplex algorithm can be initiated. A

simplex refers to a shape that can be made in a N -

dimensional space with N +1 vertex. Thus a point

in 1-dimension, a triangle in 2-dimensions, a tetra-

hedron in 3-dimensions and so one. Each vertex

corresponds to a perturbed state vector. As previ-

ously defined, our state vector is 7-dimensional and

hence is impossible to visualize the simplex.

Using the reference TLE Tk, the initial state vec-

tor Xk is created. This vector acts as the first ver-

tex of the simplex. The other six are created by

randomly perturbing Xk with a vector δ̂i. δ̂i is a

vector where all elements are 0 except the i-th ele-

ment, which is sampled from a normal distribution.

Using a 2 element state vector as an example, the

three vertex will be,

Vert1 = Xk =

a1

b1

 (11)

Vert2 = Xk + δ̂1 =

a1 + δ1

b1

 (12)

Vert3 = Xk + δ̂2 =

 a1

b1 + δ2

 (13)

This simplex exists in a parameter space where

each point corresponds to a loss value defined by

equations 7 to 10. The simplex transforms itself un-

til it converges on the minimum loss. We set a tol-

erance value of 10−2 for convergence, which means

the algorithm stops when the difference in error be-

tween two consecutive runs fall below 10−2. Figure

3 shows a toy example with a triangular simplex.

However, the Nelder-Mead algorithm alone is

not effective as the simplex might converge on a

local minima instead of the global minima. To

achieve the global minima, the Monte-Carlo method

is used, however this work’s implementation is dif-

ferent from Liu et al., 2023. This work generalises

the method for any reference TLE and any satellite,

for robust testing of the algorithm.

Instead of just using one simplex, N indepen-

dent initial state vectors are created from Xk and

then used to create N independent simplex. Xk is
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perturbed by a vector sj . The elements of sj are

random samples from a normal distribution, with

mean 0 and standard deviation 1% of the initial el-

ement value. Mathematically, the j-th initial state

is created by,

Xk,j = Xk + sj =



x1 + sj1

x2 + sj2
...

x7 + sj7


(14)

where,

sjα ∼ N
(
0,
( xα

100

)2
)

(15)

The output from MCS algorithm is N final op-

timised state vectors. For each element, the final

optimised value is the mean of all the final values,

and the error associated with it is the standard de-

viation. The final optimised values are then con-

verted into a TLE used for position and velocity

prediction.

The algorithm was coded in Python.

scipy library’s optimize.minimize() function

was used to create each simplex, with the

method=’nelder-mead’ argument. Bounds were

placed that restricted the simplex to only explore

±1% of each elements’ neighborhood to prevent

non-physical situations. We conducted preliminary

testing using no bounds, physical bounds and ±10%

bounds. In all the cases, SGP4 failed to calculate

position and velocity due errors listed in Supple-

mentary Material 9.3. To reduce the computation

time drastically, joblib library was used to paral-

lelize these calculations. Furthermore as sgp4.api

requires TLE as a string, and float to string conver-

sion may cause floating point errors, any incorrectly

created state vector and the corresponding simplex

detected by sgp4.api was associated an error of

infinity to exclude it.

3.2 ML-∂SGP4 Architecutre and

Training Outlines

3.2.1 ML-∂SGP4 Architecture

The ML-∂SGP4’s architecture contains two neural

network modules, each consisting of three fully con-

nected layers. The first two layers of both networks

use leaky ReLU (“LeakyReLU — PyTorch 1.11.0

documentation”, n.d.) activation functions with a

negative slope of 0.01, while the final layer applies

a hyperbolic tangent (tanh) activation function to

produce smooth, bounded outputs (“Tanh — Py-

Torch 1.13 documentation”, n.d.). This design en-

sures that the correction factors applied to orbital

elements and state vector components remain phys-

ically meaningful and do not introduce instability.

In the first neural network—positioned before

the ∂SGP4 propagator, the input TLE parameters

are passed through two hidden layers, and the out-

put of the third layer is used to compute a correction

factor. This correction is applied multiplicatively

to the original input vector as shown in Figure 4.

This corrected state vector is then used to update

only the six TLE attributes corresponding to the

satellite’s position and velocity: eccentricity, argu-

ment of perigee, inclination, mean anomaly, mean

motion, and right ascension of the ascending node.

The corrected TLE is propagated to the desired

time using the differentiable ∂SGP4 function. The

resulting propagated state vector is then normalized

by dividing the position components by the position

normalization constant Rnorm = 6958.137, and the
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Figure 4: Flowchart of the ML-∂SGP4 TLE correction architecture. The model takes in Python
TLE objects (TLEi), which contain all elements of a TLE. The first neural network in the model attempts
to correct the values of state vector elements—shown in red within the TLEi vectors—which describe the
satellite’s position and velocity. Using its pre-trained parameters, the neural network produces correc-
tion factors cj for each relevant TLE element. These are used to scale the original values into corrected

values k̂j , highlighted in green. TLE elements not targeted for correction remain unchanged. ML-∂SGP4
does not correct the B∗ value by design; hence, the state vector passed into the TLE correction neural
network excludes it. A final corrected TLE, T̂LEi, is then created and passed into the ∂SGP4 propaga-
tor.The ∂SGP4 algorithm outputs a propagated state vector in the ECI coordinate system. This output
is subsequently refined by a second neural network, which aims to correct errors from the physics-based
propagator. While the second stage of ML-∂SGP4’s architecture is not shown in this figure, it operates
similarly to the first: the neural network takes in the full propagated state vector and applies learned
corrections in the same manner as the initial TLE correction network.

velocity components by the velocity normalization

constant Vnorm = 7.947155867983262 . These nor-

malization constants were obtained directly from

the official ML-∂SGP4 source code (Acciarini et al.,

2025).

The normalized state vector is subsequently

passed into a second neural network, which mirrors

the architecture of the first. This network applies a

second stage of correction using a similarmultiplica-

tive scaling mechanism, where each component is

adjusted by a learned correction factor constrained

by a tanh activation (“Tanh — PyTorch 1.13 docu-

mentation”, n.d.). The final output is a refined po-

sition and velocity vector at our desired time in the

ECI coordinate frame, corrected using both data-

driven learning and the physical insights embedded

in the orbital dynamics of the ∂SGP4 propagator.

Figure 4 gives us intuition for ML-∂SGP4’s TLE

correction architecutre and the forward pass, (com-

putations made by the neural network to make a

prediction). However, to gain a clearer understand-

ing of how a neural network learns, we can think of

the neural network as a function f with a set of pa-

rameters θ. These parameters are adjusted during

training to learn a mapping from input values to

the desired optimal values. The learning process
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involves repeated forward passes, where the net-

work predicts outputs given the inputs and current

weights, and back propagation, where it computes

the error (or ”loss”) and calculates gradients of this

loss with respect to each weight. These gradients

are then used to update the weights in the direc-

tion that minimizes the loss.

3.2.2 Data Pre-processing

All TLE data used in this work was obtained us-

ing a custom Python script developed by us to

make API requests to the Space-Track.org (“Space-

Track.Org”, n.d.), a satellite tracking website. The

ephemeris data, described below, was collected in a

similar manner. All data was stored and processed

in a PostgreSQL database hosted locally on a per-

sonal machine.

We initially adopted a workflow similar to that

of Acciarini et al., 2025, using SpaceX’s STARLINK

TLE and ephemeris data to construct the train-

ing, validation, and testing datasets. The ephemeris

data (used as the ground truth in this study) was

sourced from space-track.org (“Space-Track.Org”,

n.d.) and covers 6,613 unique satellites over the

period from 22 March 2025, 20:50:42 UTC to 26

March 2025, 04:10:42 UTC, with a temporal resolu-

tion of 60 seconds. SpaceX generates this ephemeris

data using a proprietary high-precision orbit prop-

agator (Acciarini et al., 2025), and we treat these

predictions as the best available proxy for true satel-

lite positions and velocities as done by Acciarini et

al., 2025.

Ideally, onboard GPS data would serve as the

most accurate ground truth, as it directly reflects

the satellite’s true state vector. However, despite

extensive efforts, we were unable to locate any pub-

licly available GPS data.

For each satellite in the dataset, its TLEs are

propagated to the various timestamps of its corre-

sponding ephemeris observations. Additionally, the

propagation time—defined as the time difference

between the TLE observation and the correspond-

ing ephemeris observation—is included in each dat-

apoint. Multiplying the number of satellites by the

number of TLEs observed per satellite and by the

number of ephemeris timestamps yields a dataset

comprising approximately 288 million rows. This

dataset occupies roughly 90 GB within the Post-

greSQL database. Moreover, our dataset is substan-

tially larger, containing 6613 satellites compared to

the 1519-satellite dataset used by Acciarini et al.,

2025.

A training, validation, and test set was then con-

structed. The training set was used to perform for-

ward propagation and compute the training loss,

which was then used during backpropagation to up-

date the model’s parameters (Rojas, 1996) —this

forms the core of the learning process. When the

model completes a full forward and backward pass

over the entire training set, one epoch is said to be

completed. At the end of each epoch, the model

is evaluated on the validation set by computing a

validation loss. While this value is not used for

weight updates, it serves to assess generalization

performance (Barinov et al., 2023) and evaluate

whether the model has overfit to the training data.

If the model successfully learns an error-minimizing

function, the training and validation losses are ex-

pected to converge and plateau at low value over

time (Barinov et al., 2023). The test set, on the
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Full Dataset

Split Attribute Details

Train
Rows 207,178,987

Period Range (min) 89.32 – 95.60

Validation
Rows 40,189,621

Period Range (min) 95.62 -96.23

Test
Rows 40,937,154

Period Range (min) 95.68 – 86.23

Medium Dataset

Split Attribute Details

Train
Rows 20742

Period Range (min) 89.32 - 95.60

Validation
Rows 4024

Period Range (min) 95.62 - 96.23

Test
Rows 4099

Period Range (min) 95.68 – 96.23

“STARLINK 6060” - Mini Dataset

Split Rows

Train 50556

Validation 13654

Test 13569

Randomly 
sample 1% of 

each split

Filter for the satellite with maximum period
Randomly select a satellite with a period 

between minimum and maximum
Filter for the satellite with minimum period

“STARLINK 5350” - Mini Dataset

Split Rows

Train 28086

Validation 7539

Test 7585

“STARLINK 2561” - Mini Dataset

Split Rows

Train 16852

Validation 4477

Test 4597

Satellite Dataset Creation Workflow

Figure 5: Flowchart of dataset generation used in this study. The full dataset was prepared
using the data of all satellites present in both the ephemeris and TLE data. The medium dataset was
created by randomly sampling 1% of rows from each split of the full dataset. Its satellite period range
remains similar to the full dataset. For the mini datasets, we filtered the full dataset for satellites based
on specific period criteria: the maximum, minimum, and a randomly chosen ”middle” value. STAR-
LINK 6060, STARLINK 5350, and STARLINK 48403 were selected respectively. The 65th percentile of
propagation time was used as a threshold for splitting into training and validation/test sets for the mini
datasets. The test and train sets were created by randomly sampling the the validation/test set to create
largely equal splits

other hand, serves as a fully unseen dataset, used

exclusively for final evaluation after training is com-

plete.

To divide the full dataset, we first isolated

all satellites with orbital periods roughly below

95.63 minutes and assigned them to the training

set—accounting for roughly 70% of the total data.

The remaining 30% was randomly sampled and

evenly split into testing and validation sets (approx-

imately 15% each). This partitioning was chosen to

evaluate our version of ML-∂SGP4’s ability to gen-

eralize across satellites with diverse orbital dynam-

ics. The row counts and period ranges for each split

are presented in the ”Full Dataset” table in Figure

5.

In addition to the full dataset, we constructed

a medium-scale dataset by randomly sampling 1%

of each split (training, validation, and test). This

allowed us to train a reduced model—referred to as

Medium-ML-∂SGP4—within a more feasible time

frame, while still preserving the period diversity of

the full dataset.

To further investigate specialized versions of

ML-∂SGP4 we created a set of satellite-specific mini

datasets. These were constructed by selecting the

satellites with the maximum and minimum orbital

periods in the dataset, along with one randomly

chosen satellite with period value between the max-

ium and minimum values. The goal of these mini

datasets was to train lightweight versions of ML-
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∂SGP4 tailored to individual satellites. These mod-

els are designed to specialize in correcting propaga-

tion errors unique to their respective orbital dynam-

ics when passed through the ∂SGP4 model.

A summary of the dataset creation workflow, as

well as row counts for each data split and dataset

version, is shown in Figure 5.

3.2.3 Model Training Configuration

The hyperparameter configuration for ML-∂SGP4,

used in Acciarini et al., 2025 was adopted. All mod-

els were trained for 30 epochs with a learning rate

of 0.003. Mean squared error (MSE) was used as

the loss function, and the Adam optimizer was em-

ployed for gradient-based optimization. Under this

configuration, the total number of trainable param-

eters was 3,454.

As an additional hyperparameter, we introduced

a batching mechanism. In an ideal setting, the

entire training dataset can be passed through the

neural network simultaneously as a single matrix.

However, loading the entire dataset into GPU mem-

ory is often infeasible—especially for large datasets

such as ours. Batching enables smaller subsets of

the dataset (batches) to be passed into the network

sequentially during training. After a forward pass

is computed on each batch, the mean loss across

the batch is used in backpropagation to update the

model weights. Once all batches have been pro-

cessed, one epoch is considered complete.

Using this configuration, five models were

trained using the same architectural template. The

first, referred to as Full ML-∂SGP4, was trained on

the full dataset. The second model, Medium ML-

∂SGP4, was trained on the medium-scale dataset

and summarized in Figure 5. The source code of

ML-∂SGP4 was adapted from Acciarini et al., 2025

and tweaked for our study.

Additionally, three mini models—each trained

on one of the satellite-specific mini datasets—were

developed. These datasets corresponded to STAR-

LINK 6060 (maximum orbital period), STARLINK

5350 (minimum orbital period), and STARLINK

48403 (a randomly selected satellite with a middle-

range period), as shown in Figure 5. These models

were intended to evaluate how well the architecture

performs when specialized for individual satellites

with distinct orbital dynamics.

For models training on the medium and full

datasets, we utilized personal computing resources

and Graphic Processing Unit (GPU) nodes pro-

vided by the National Supercomputing Centre

(NSCC) Singapore. The required environment was

configured on the compute node using miniforge3.

The larger models were trained on a supercomputer

node equipped with a single NVIDIA A100 GPU

(40GB VRAM), 16 CPU cores, and 512GB of RAM.

In contrast, training for the mini models was con-

ducted on a personal machine featuring an NVIDIA

RTX 4070 Laptop GPU (16GB VRAM) and 8 CPU

cores. The num workers parameter in PyTorch’s

DataLoader—which controls parallel data loading

from RAM to GPU—was set to 12 on the supercom-

puter and 4 on the personal machine. A wall time

of 12 hours was allocated for each supercomputer

training job, allowing models to train overnight and

be evaluated the following day.

To further optimize training time, we pre-

generated the Python TLE objects required for

compatibility with the ∂SGP4 propagation algo-

Page 13 of 29



SP3172 Integrated Science Project Report

Figure 6: Histograms (left) showing the distribution of optimised Argument of Perigee of
POEM-2 satellite for different numbers of MCS, with the RMSE values against Sample
Size (right) for the gaussian fit. Better normal distribution is obtained with higher number of MCS.
Accounting for computation time and a low RMSE below 0.1 for the gaussian fit, we decided to generate
5000 MCS for each run. Refer to Supplementary Material 9.4 for the distribution of all seven optimised
elements (note that N = 50 histogram is not shown here).

rithm. This preprocessing was performed in a sep-

arate script prior to model training. Specifically, a

loop iterated over each TLE in its text format and

applied the dsgp4.tle.TLE() constructor to con-

vert it into a Python TLE object. These objects

were then serialized using pickle to avoid repeated

conversions during training. This optimization was

done to address a computational bottleneck found

in the dsgp4 source code, which is discussed in de-

tail in the Results and Discussion section.

4 Results and Discussion

4.1 MCS Algorithm

Our implementation of MCS Algorithm had three

variables for different satellites: (1) number of TLEs

(T ), (2) which reference TLE to use within the

TLE set (f), and (3) the different loss functions.

The number of TLEs is the initial amount of TLEs

used inside the loss function. When the TLEs were

placed in increasing order of epoch time, f is a num-

ber between 0 and 1 which refers to the reference

TLE. f = 0 refers to the first TLE of the set, and

f = 1 refers to the last. f = 0.5 refers to the TLE

closest to an epoch time 0.5 times of the last TLE

in the set. Furthermore, we used historical data

for analysis. The satellite TLEs for MCS were pro-

vided by STAR, with the first TLE dating 1st Jan-

uary 2024. The TLEs were roughly spread across

13 months until February 2025. These TLEs were

treated as true satellite parameters at their epoch

time.

To ensure each simulation was statistically sig-

nificant, the minimum number of simplex N had

to be determined beforehand that provides a good

normal distribution fit, without being computation-

ally taxing. The Root Mean Square Error (RMSE)

was used as a metric to judge the fit. The RMSE
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Figure 7: Error plot of Lpos against Lstandard (left) for multiple satellites, and the position
error against time for different error functions (right). The legend in the figure is given in the
format of ”Satellite Name (f ,T )”. The figure on the left showcases that position and speed error scale
together, as expected from SGP4 propagation, and also the Lpos loss functions equally as well as the
Lstandard function. The figure on the right shows the error in position propagation for 50 days after the
last TLE in the set was released. The markers represents the data points. The final error due to Lweighted

and Lvel was always worse off Lstandard and the example here shows the same (only position error is
shown as the speed error scales with it).

was computed by finding the difference between the

actual height of the bin and the height predicted by

the fit. Figure 6 shows the histograms for differ-

ent N using Argument of Perigee as an example.

It also shows the RMSE values against different

sample sizes. Refer to Supplementary Section 9.4

for histograms of all the parameters. As observed,

N = 5000 has a good normal distribution fit along

with a RMSE less than 0.1. While higher N de-

creases the RMSE, the decrease is not significant

enough to justify the increased computation time.

Thus, we decided to use N = 5000 for all the sim-

ulations hereafter.

4.1.1 Analysis of Loss functions, number of

TLEs, and the reference TLE

Figure 7 shows errors obtained by different Loss

functions. It was observed that the predictions by

Lstandard and Lpos produced extremely similar er-

ror.

As shown in the figure, both position and speed

errors lie on the y = x line, with a R2-value of

0.99975. This shows the two functions are effec-

tively similar. Given that the position error is three

magnitudes greater than the speed error, looking

back at equation 8, |(ri−r′i)|2 ≫ |(vi−v′
i)|2. There-

fore,
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Figure 8: Position Error over 50 days for different reference TLE. The markers represents the
data points. Day 0 is defined to be the epoch time of the final TLE in the TLE set. The speed error is
not shown as it scales similarly to the position error. None of the examples shown here has any reference
TLE which performed better than SGP4, suggesting a failure of the MCS algorithm.

|(ri − r′i)|2 ≫ |(vi − v′
i)|2 (16)

⇒|(ri − r′i)|2 + |(vi − v′
i)|2 ≈ |(ri − r′i)|2 (17)

⇒Lstandard ≈ Lpos (18)

Hence we decided to use Lstandard in place of

Lpos.

Furthermore, it was observed that the error us-

ing Lweighted and Lvel was consistently higher than

Lstandard. Figure 7 shows an example for POEM-

2 with f = 0.5 and T = 50 and TELEOS-2 with

f = 0.8 and T = 100. This implied the loss func-

tions created by us were worse than the standard

defined by Liu et al., 2023, and thus Lstandard was

the only loss functions used for the other simula-

tions.

As the position error is much larger than the

speed error, only minimising the speed error forces

the prediction of the MCS algorithm to be worse off.

We hypothesize that due to the smaller magnitude,

the distance between a minima and a point slightly

further away from the minima is very small. There-

fore the algorithm might not be converging on the

minima. This explain why both Lvel and Lweighted

performed much worse due to their overall small

magnitude, whereas the other two functions per-

formed better due to their much higher magnitude

of error. This shows that MCS algorithm is sensitive

to the magnitude of output of the Loss functions.

However, regardless of different number of TLE

(T ) and different reference TLE used (f), the MCS

algorithm failed to outperform SGP4 in all tested

scenarios. Figure 8 shows examples of error in-

crement when the reference TLE is changed but

the number of TLEs is kept constant. We initially

guessed that within each TLE set, choosing a refer-

ence TLE closer to the end of the set will result in

a better optimised TLE because we are still using

SGP4 to propagate and its inherent error increases

with increasing number of days. Yet, this general

trend was not observed. For example in Figure 8,

POEM-2’s error of f = 1 increased much faster

than f = 0.2. Most importantly, no combination

had a lower error than the standard SGP4. Simi-

larly, keeping the reference TLE number constant

and changing the total number of TLEs did not im-

prove the algorithm prediction either. As shown
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Figure 9: Position error over 50 days for different number of TLEs. The markers represent
the data points. Day 0 is defined to be the epoch time of the final TLE in the TLE set, and therefore
each graph is in a separate plot. The speed error is not shown as it scales similarly to the position
error. Similar to the previous graph, none of the example shown here have a MCS optimised TLE which
performs better than SGP4.

in Figure 9, the error due to MCS optimised TLE

was always higher than the standard SGP4 predic-

tion. In both scenarios, even if the error went below

SGP4’s error, it was only after a couple of days and

still on the order of thousands of kilometers. If MCS

algorithm was being actually used to predict posi-

tion and velocity, the lower error after a few days

will not help as we will not be know when the er-

ror becomes low. Overall, MCS algorithm did not

optimise the TLE.

4.1.2 Why did MCS perform worse than

SGP4?

We hypothesize MCS algorithm’s poor per-

formance is due to lack of physics aware-

ness. Consider a sample initial state vector ob-

tained from a reference TLE, [19.531, 9.8876,

123.3254, 0.0021770, 83.6256, 276.6433,
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14.90420155], and the optimised state vector af-

ter using the MCS algorithm, [19.673, 9.8985,

122.4070, 0.0021865, 83.0047, 274.2398,

14.90306961]. The position error from the refer-

ence and the optimised TLE refers to the Standard

SGP4 and f = 1.0 line respectively in Figure 8,

POEM-2 with T = 100. As observed, a very small

change in the state vector elements resulted in

drastically different errors ( 800 km using standard

SGP4 compared to 3750 km using the optimised

TLE after 50 days).

This demonstrates orbits are very sensitive to

initial conditions. In the MCS algorithm, even

though we reduce the error between reference and

other TLEs in the set, we end up with a completely

new orbit with a different B∗. Therefore, the future

prediction is inherently made for a completely new

orbit. Given that TLEs are unevenly spaced and

are released at least a day apart, MCS optimises at

random points in the satellite’s orbit which further

affects the orbit and its propagation. This is further

explored in Section 5.

Furthermore, we are independently perturbing

the seven elements in the state vector, however not

all of them evolve independently from each other.

For example consider the following relationships,

M = E − e cosE (19)

M = n(t− τ) (20)

where M is the mean anomaly, e is eccentricity, E

is eccentric anomaly, n is mean motion, t is time

and τ is pericenter time. Also since we are using

SGP4 which accounts for the Earth’s J2 perturba-

tion (Hoots and Roehrich, 1988), the rate of change

of Right Ascension of the Ascending Node Ω and the

Argument of Perigee ω depends on other orbital el-

ements as well,

dΩ

dt
∝ n cos i (21)

dω

dt
∝ n

(
5 cos2 i− 1

)
(22)

where i is inclination. As MCS changes these in-

dependently, it does not respect the relationships

between the parameters, especially when the data

points used in the loss functions are spread apart

on the order of days. This could further explain the

continuous worse performance, because the ”opti-

mised” output TLE represents a completely new

satellite.

4.2 ML-∂SGP4 Algorithm

4.2.1 Challenges in Training Full ML-

∂SGP4

Despite numerous efforts, we were unable to suc-

cessfully train the full ML-∂SGP4 model on the

complete dataset due to the immense amount of

time required to train the model. Initially, we hy-

pothesized that the slow training speed was due to

insufficient computational resources on our personal

laptop. To address this, we gained access to the Na-

tional Supercomputing Centre (NSCC) Singapore’s

high-performance computing (HPC) resources.

We successfully submitted the training job to a

supercomputing node with specifications detailed in

the methods section. However, even with these re-

sources, the forward pass execution speed remained

slow. To quantify this, we measured the average

data throughput during training by observing the
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Figure 10: Training and validation loss curves with test loss plot. The training loss curve,
shown in blue, exhibits an a largely flat learning curve with substantial noise, suggesting that the model
is struggling to learn and optimize from the training set. The validation loss, shown in orange, displays
even more erratic fluctuations, with spikes and dips of greater magnitude than those seen in the training
loss. Its overall trend is increasing, and it gradually rises toward the higher values seen in the training
loss. Note that the validation set is evaluated once more before evaluating on the test set, resulting in
31 points on the validation loss curve—one more than the number of training epochs. The test loss of
the current Medium ML-∂SGP4 model is indicated by the red dot, with a value of 0.0007125, which is
surprisingly lower than both the final training and validation losses. For comparison, the final test loss
values reported in Accirani’s paper are also plotted: 0.0004153 for standard SGP4 and 0.000256 for their
ML-∂SGP4 model. All loss values (training, validation, and test) of the current Medium ML-∂SGP4
model are higher than the test losses reported in Accirani’s work, indicating that the current implemen-
tation introduces additional error to the propagated states compared to standalone SGP4.

NSCC’s node logs. Despite teh model training for

12 hours, it did not complete even one full epoch.

According to NSCC’s logs, the model was only able

to execute the forward pass on 21% of the train-

ing data, corresponding to an average forward pass

rate of approximately 1,007 data points per second.

Extrapolating linearly, a single epoch would require

approximately 2.38 days, implying a total training

time of roughly 71.43 days for all 30 epochs.

This result was surprising, given the model’s rel-

atively small parameter count (3,454 parameters)

and the efficiency of PyTorch’s tensor computa-

tion engine (NVIDIA, n.d.). Post-training diagnos-

tic logs showed extremely low GPU memory usage

(approximately 40MB), accounting for just 0.1% of

the total GPU capacity. This suggested that the

bottleneck existed in our pipeline. Upon closer in-

spection of the ∂SGP4 source code, we identified

the use of Python-based TLE objects as a poten-

tial problem. The ∂SGP4 implementation requires

TLEs to be parsed into custom Python classes be-

fore propagation. These objects internally perform

multiple pre-computations to ensure compatibility

with the propagate batch() function which prop-

agates TLEs. However, the conversion from raw

TLE text to TLE objects is handled via an explicit
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Figure 11: Training and validation loss curves with test loss plot for satellite-specific mini
models. For all models, the training and validation losses exhibit an overall decreasing trend, indicating
healthy optimization. In particular, the validation losses for the mini models of STARLINK-6060 and
STARLINK-5350 closely converge with their training losses, suggesting good generalization. On the other
hand, the training loss for the STARLINK-2561 mini model increases slightly during the initial epochs
but eventually trends downward. However, its loss curves do not plateau, implying that this model may
not have fully converged.

loop, resulting in an O(n) time complexity—where

n is the number of TLEs. We attempted to alle-

viate this bottleneck by pre-converting TLEs into

python TLE objects and storing them as serialized

.pkl files. Unfortunately, this had a negligible ef-

fect on the runtime of model training.

Another bottleneck was found within the

propagate batch() function of the ∂SGP4 source

code. Specifically, this function calls an internal

initialize tles() routine, which again uses a

loop to parse through each TLE in the batch and

populate a tensor with initial conditions. This too,

scales linearly with batch size and contributes to

the overall inefficiency. Although we considered

modifying the ∂SGP4 source code to support vec-

torized batch operations—allowing propagation in

O(1) time, such an overhaul was not feasible given

this project’s time constraints.

4.2.2 Medium ML-∂SGP4

The MediumML-∂SGP4 model took approximately

8 hours to train on a compute node from NSCC’s

supercomputer. The training and validation loss

curves across epochs are presented in Figure 10.

The generally flat and erratic trend observed

in the training loss curve suggests that the model

struggled to learn meaningful representations from

the training data. As noted by Barinov et al.,

2023, such behavior typically reflects the model’s

inability to update its parameters effectively to fit

the training set. Although the dataset is small by

deep learning standards, prior work has shown that

even small datasets can enable neural networks to

learn effectively while still generalizing well (Olson

et al., 2018). Hence, we suspect that the Medium

dataset may be under-representing the full prob-

lem space. In particular, only satellite period was

explicitly controlled for diversity, while other im-

portant orbital parameters were not systematically

varied. Thus the dataset might lack sufficient vari-
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Loss Type
Starlink – 2561 

Mini Model
Starlink – 5350 

Mini Model
Starlink – 6060 

Mini Model
Original ML-dSGP4

Training 0.0406 3.902 × 10−7 0.00167 1.758 × 10−5

Validation 0.156 1.915 × 10−6 0.00597 0.000262

Test 0.1636 1.841 × 10−6 0.00769 0.000256

Figure 12: Final training, validation and test losses of all mini models. This table contains
the final values of the training, validation and test loss for the STARLINK - 2561, STARLINK -5350 and
STARLINK - 6060 mini models. The same metrics are included for the original ML-∂SGP4 by Acciarini
et al., 2025

ability, limiting the model’s ability to learn effective

corrections for TLE-derived state vectors and their

propagation errors.

The upward trend observed in the validation

loss further supports this hypothesis. While the

model initially achieved a relatively low valida-

tion loss—likely due to favorable random initializa-

tion—its performance deteriorated as training pro-

gressed. This suggests that the model may have

started closer to an optimal configuration and grad-

ually diverged due to ineffective parameter updates

and insufficient data diversity.

In summary, the Medium ML-∂SGP4 model

failed to extract meaningful patterns from the un-

derrepresented training data and ultimately per-

formed worse than the standalone SGP4 baseline.

Rather than mitigating propagation error, it intro-

duced additional inaccuracies. Consequently, this

model is excluded from further comparison in the

remainder of our study.

4.2.3 Mini ML-∂SGP4

Each of the three Mini ML-∂SGP4 models took

approximately 13 minutes to complete training on

their respective datasets. The training and valida-

tion loss curves, along with the final test losses, are

shown in Figure 11. All three models show signs of

convergence, indicating successful optimization.

However, the mini model for STARLINK-2561

exhibits a noticeable gap between its training and

validation losses, which may suggest overfitting or

limited generalization capacity. As evident from

the loss plot, both curves are still decreasing but

have not plateaued, indicating that further training

could potentially enhance its performance. The fi-

nal training, validation and test loss for all 3 models

are shown in 12

To benchmark our models, we first applied the

standard ∂SGP4 propagator to the TLEs in each

of the three satellite datasets, propagating them

to the time stamps corresponding to the ephemeris

data. We then computed and plotted the result-

ing errors, using the Starlink ephemeris data as

the ground truth. In parallel, we propagated the

same data points using a pretrained version of ML-

∂SGP4 provided in Acciarini et al., 2025’s source

code. Figure 13 displays the error plots from both

methods alongside those produced by the satellite-
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Figure 13: Plot of SSE of all mini models On the left column, the square root of the sum of squared
errors between the propagated state from each model and the ground truth is plotted over the full range
of propagation days represented in each satellite’s mini-dataset. The right column zooms in on a specific
interval to better capture the oscillations in error. The “65% time” line indicates the split between the
training set (data points prior) and the unseen validation/test set (data points following). The alpha
(α) value is computed as the sum of Starlink-propagated data points in the test set where the error is
lower than that from SGP4, while beta (β) represents the percentage of data points where the Starlink
mini-model error is lower than that from ML-∂SGP4. These metrics allow for a quantitative comparison
of model performance.
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SGP4 vs Mini Model ML-dSGP4 vs Mini Model

Satellite Mini Model Better Mini Model Worse Mini Model Better Mini Model Worse

STARLINK -
2561

4200.88 842.65 4810.56 1122.51

STARLINK -
5350

34.32 N/A 16.86 8.26

STARLINK 
6060

3803.40 218.39 4495.74 867.87

Figure 14: Comprehensive Evaluation of Mini-Model Error Metrics. The “Mini Model Better”
columns report the mean reduction in error relative to the rival models, whereas the “Mini Model Worse”
columns capture the average increase in error when the mini-model is less accurate. Notably, for the
Starlink-5350 satellite, the mini-model never exceeded the SGP4 error, which is indicated by an N/A in
the corresponding metric.

specific Mini-ML-∂SGP4 models.

The α and β metrics reveal that, for most satel-

lites, the mini-models outperform both ML-∂SGP4

and the SGP4 propagator. However, the Starlink-

6060 mini-model exhibits notably lower α and β

values—both falling below 50%—indicating that for

this higher period satellite the rival models deliver

more accurate propagated states. For a comprehen-

sive evaluation, we examined both the average mag-

nitude of error improvement when the mini-model

outperforms a rival model and its average increase

in error when it underperforms, shown in Figure 14

These findings confirm that the mini-model ap-

proach not only delivers substantial error reductions

when outperforming rival models but also limits the

adverse effects when underperforming, thereby pro-

viding a tailored and effective solution for satellite

state propagation.

In summary, the satellite-specific mini-models

offer several advantages: they are fast to train using

relatively small datasets, they frequently produce

significantly lower errors than both ML-∂SGP4 and

SGP4, and even when they underperform, the er-

ror discrepancy is minimal. These characteristics

make a compelling case for adopting the mini-model

approach in satellite propagation correction. Fur-

thermore, with a training time of approximately 13

minutes on standard personal computing resources,

these models are not only efficient but also practi-

cal for real-world ground station operations. This

approach could potentially reduce ground station

operators’ dependency on the infrequent TLE up-

daets from NORAD and instead make use of a single

TLE to accurately locate their satellite for a longer

period of time.

5 Limitations and Future

Works

As shown, the MCS algorithm is worse than SGP4

when used with TLEs. This is not to say Liu et

al., 2023’s model is completely flawed. It is more

likely that the semi-analytical propagator that they

used decreased errors, but they incorrectly credited

it to the MCS algorithm. Also, MCS should still
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be analysed by using continuous data. Our dataset

had multiple gaps due to infrequent TLE releases.

This meant each data point was not equally spaced

and the satellite was not located at the same point

on its orbit. Furthermore we were perturbing all el-

ements independently. Thus for future testing, we

must consider data points that place the satellite in

the same position on its orbit day after another.

For example, we use multiple TLEs and then

propagate it backwards or forwards until the satel-

lite is at its perigee. We will obtain a dataset where

the satellite is in the same point on its orbit on

multiple days. After this, we can perturb each ele-

ment independently and see the effect of the MCS

algorithm. We can also put bounds on the MCS

algorithms such that they obey the physical inter-

dependence. Using this method, even if the MCS

algorithm still performs worse than SGP4, it can

be used as a perturbation test to find which orbital

element causes the largest error in trajectory pre-

diction.

On the other hand, the main issues with the

full ML-∂SGP4 training arise from a bottleneck in

the source code that makes training the complete

model impractical due to its immense time com-

plexity. This bottleneck severely limits the poten-

tial for iterative improvements to the ML-∂SGP4

architecture, as any change — whether it involves

adjusting the learning rate, batch size, or exploring

additional architectural hyperparameters —neces-

sitates retraining the entire model. For example,

increasing the number of layers or neurons to de-

velop a deeper neural network would result in pro-

hibitively long training times under the current im-

plementation. To resolve this, the functions within

the ∂SGP4 source code must be vectorized, which

could reduce the time complexity for creating and

initializing TLE objects to O(1).

Additionally, limitations in the original dataset

used for ML-∂SGP4 further restrict improvements.

The ephemeris data for STARLINK satellites,

hosted on starttrack.org, is only available for a lim-

ited number of days. Consequently, the dataset ref-

erenced in Acciarini et al., 2025 and used to train

the original ML-∂SGP4 is no longer accessible. This

prevents us from training a comparable model and

conducting ablation studies to pinpoint the primary

sources of error reduction, thereby hindering the

optimization of specific model components for im-

proved performance.

6 Conclusion

In this study, we analysed two algorithms from the

literature for improved position and velocity predic-

tion of satellites, as compared to current method of

using TLE with SGP4. The first was Monte-Carlo

Simplex algorithm used to optimise the TLE. We

generalised the algorithm to run with any satellite

using SGP4 as the propagator and also tested new

Loss functions. We robustly showed that the MCS

algorithm was sensitive to the magnitude of the loss

function’s output, and it always performed worse

than the standard SGP4. We accredit this bad per-

formance to independent perturbations in parame-

ters which do not evolve independently from each

other and unevenly spaced dataset.

The second algorithm was ML-∂SGP4. Al-

though we were unable to train a full ML-∂SGP4

model on full-sized or medium-sized datasets, we
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devised a novel training technique. By leverag-

ing single-satellite datasets to train the ML-∂SGP4

architectural template, we developed Mini-ML-

∂SGP4 models that serve as effective alternatives to

the original ML-∂SGP4 algorithm, catered to indi-

vidual satellites. Specifically, for STARLINK-5350

and STARLINK-6060, the Mini models achieved a

reduction in propagation error of at least 81% of

the datapoints in their test sets compared to the

ML-∂SGP4 model reported in Acciarini et al., 2025.

Additionally, both models reduced propagation er-

ror for at least 98.5% of the datapoints when com-

pared to the standard SGP4 propagator.

This approach not only increases the frequency

of improved predictions but also more effectively re-

duces error magnitudes compared to ML-∂SGP4,

MCS, and the standard SGP4. Moreover, this

training paradigm circumvents the time complexity

bottleneck in the SGP4 source code—specifically by

requiring smaller datasets to match or perform bet-

ter that the larger ML-∂SGP4.

Training satellite-specific Mini-ML-∂SGP4

models could serve as a viable alternative for

small-scale ground station operators, enabling them

to rely on the last known TLE for an extended

period while still maintaining accurate satellite

state estimates. With a more accurate state vec-

tor, it becomes feasible to calculate the necessary

Doppler shift compensation, ensuring increased sig-

nal throughput without incurring the detrimental

effects of excessive Doppler shift on transmission.

Future work in this area could further improve tra-

jectory prediction, leading to even more precise

Doppler shift calculations over longer durations.
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9 Supplementary Materials

9.1 Structure of a TLE

A TLE is published by NORAD (Kelso, 2022) and contains orbital elements that can be used to recreate

the orbit of a satellite. All the elements are labeled in Figure 15. These orbital elements are said to be

correct at the Epoch time of the satellite.

STARLINK-11548
1    62829U    25019A   25054.47292006  .00001794  00000+0  13172-4   0   9998 
2    62829     42.9999  73.2396 0001638  288.8584  71.2109  15.77857668   4220 

Satellite name

Satellite Number

International 
Designator

Inclination

Epoch Year & 
Julian Day 
Fraction

Right Ascension of 
the Ascending Node

1st derivative of 
mean motion

Eccentricity

2nd derivative of 
mean motion

Argument of Perigee

Drag

Mean Anomaly Mean motion

Revolution number at 
epoch & checksum

Element Number 
& checksum

Ephemeris Type

Figure 15: A labeled TLE of STARLINK-11548 valid at 25054.47292006 JD. Drag, inclination,
Right Ascension of the Ascending Node, eccentricity, Argument of Perigee, mean anomaly, and mean
motion are the seven elements changed in this work.

In this work, we focused on seven elements listed below and the others were left untouched.

1. Drag: This is the element that accounts for the friction faced by a satellite through all forces other

than spherical Earth’s gravitational force.

2. Inclination: This is the angle between the celestial equator and the plane of the orbit. It is the

first Euler’s angle to describe the orbit.

3. Right Ascension of the Ascending Node (RAAN): This is the angle between the vernal

equinox and ascending node of the orbit. It is the second Euler angle to describe the orbit.

4. Argument of Perigee: This is the angle between the RAAN and the perigee of the orbit, measured

in the plane of the orbit. It is the third Euler angle to describe the orbit.

5. Eccentricity: This is a measure of how oblate the orbit is. 0 refers to a perfect circle.

6. Mean Anomaly: This is the angular distance from the pericenter which a fictitious body would

have if it moved in a circular orbit, with constant speed, in the same orbital period as the actual

body in its elliptical orbit.

7. Mean Motion: This is the number of revolutions the satellite makes in a day.
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9.2 Differentiability example

To illustrate why differentiability is central to ML-∂SGP4’s physics-aware design, consider the following

abstracted computation chain:

x
NN1−−−→ a

f−→ b
NN2−−−→ ŷ

L−→ Loss

In this setup:

• x is the input data (e.g., TLE features),

• NN1 is a neural network that optimizes TLE parameters,

• f is a function representing an orbit propagator (either standard SGP4 or differentiable ∂SGP4),

• NN2 is a neural network that corrects the propagated state vector,

• L is the loss function comparing ŷ with ground truth.

Case 1: When f is the standard SGP4 propagator, which is non-differentiable, the gradient flow through

f is blocked:

∂L
∂a

=
∂L
∂b

· ∂b

∂a︸︷︷︸
undefined or 0

= 0

As a result, NN1 receives no learning signal and cannot be trained via backpropagation.

Case 2: When f is the differentiable ∂SGP4 propagator, gradients can flow through f and reach NN1:

∂L
∂a

=
∂L
∂b

· ∂b
∂a

⇒ NN1 receives gradients and can be trained

9.3 Errors in SGP4 prediction

When the bounds on MCS were not strict enough to give a good prediction, any of the following SGP4

errors disrupted the code:

1. Mean eccentricity is outside the range 0.0 and 1.0.

2. Mean motion is less than 0.

3. Perturbed eccentricity is outside the range 0.0 to 1.0.

4. Semilatus rectum is less than zero.

5. The computed position has a displacement vector with a magnitude smaller than the radius of the

Earth.

Hence, the bounds were placed to be ±1% of the initial elements as they prevented any of the above

errors.
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9.4 Choice of Monte-Carlo Simplex Number

Figure 16: Distribution of optimised values obtained from MCS for different elements at
different number of Monte Carlo Simplex. This graph is the extension of Figure 6 and shows
the distribution for POEM-2 satellite’s parameters. As observed, N = 5000 provides a good enough
distribution.
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