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GNSS-based orbit determination relies on input measure-
ments whose quality can vary significantly across mission
phases and operating conditions. In such settings, inappro-
priate data conditioning may either improve estimation
robustness or, if misapplied, degrade convergence and nu-
merical stability. This work proposes a data-centric pre-
processing pipeline designed to operate safely under het-
erogeneous data quality conditions. The method combines
lightweight physical sanity checks with a structure-aware
ML classifier that gates increasingly assumption-dependent
signal-processing-based cleaning stages. The pipeline tar-
gets localised measurement irregularities across multi-
ple orbital representations while explicitly avoiding over-
cleaning in weakly structured segments. In representative
scenarios, it agrees with a baseline batch least-squares es-
timator on obvious outliers and additionally identifies dy-
namically inconsistent samples that remain invisible to
position-only residual analysis. The results show that data-
centric AI preprocessing reduces residual dispersion and
improves convergence behaviour, resulting in a more sta-
ble and statistically consistent orbit determination without
modifying the underlying dynamical model.

1 Introduction

This work is motivated by high-stakes operational Global

Navigation Satellite System (GNSS)-based orbit determina-

tion (OD) use cases, where reliable OD is a critical enabler

for downstream tasks such as collision avoidance, and early

mission assessment. In sensitive phases such as launch and

early orbit, degraded or inconsistent data can significantly

reduce estimation quality or lead to non-convergence of

otherwise standard OD procedures. GNSS-derived states

are noisy, heterogeneous, and affected by multiple interact-

ing error sources. Such effects are persistent rather than

exceptional in real settings. The objective here is therefore

not to modify or replace established OD algorithms, but to

improve data robustness through a dedicated data-centric

preprocessing stage. This perspective aligns with the re-

cent data-centric AI paradigm prioritising dataset quality

and cleaning over model changes [1–3].
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Figure 1: Evolution of the velocity magnitude for a structured

and a non-structured case. In the non-structured case, the ambigu-

ous and irregular signal evolution makes simplified dynamical

assumptions unreliable.

Machine learning (ML) has been explored in several

problems adjacent to the one addressed in this work. In

particular, two lines of research are most closely related: (i)

the detection of specific measurement degradation sources

at the signal or receiver level [4, 5], and (ii) learning-based

approaches to orbit estimation, proposed as alternatives

or complements to classical OD techniques [6]. As noted

by Siemuri et al. [4], however, the application of ML to

GNSS-based satellite OD remains comparatively limited.

We adopt the premise that corruption in GNSS measure-

ments is unavoidable in realistic scenarios. The objective

is not error diagnosis nor orbit estimation via ML, but the

identification and controlled handling of data segments

likely to degrade the statistical consistency of downstream

OD. To the best of our knowledge, this pipeline-level formu-

lation has not been explicitly addressed. This formulation is

further motivated by the use of real operational data, which

introduces challenges beyond controlled benchmark set-

tings. Measurements originate from heterogeneous sources

and processing chains, often with limited metadata regard-

ing sensor characteristics or upstream estimation proce-

dures. In particular, the provenance of derived quantities
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such as velocity may be unclear. Rather than explicitly

modelling these differences, we pursue a source-agnostic,

data-centric approach that favours robust mechanisms com-

patible with existing OD workflows.

Given these considerations, we propose a data-centric

preprocessing pipeline for operational OD that integrates

orbital-dynamics filtering, AI-based structure assessment,

and signal-processing–driven anomaly removal. The

method operates in three stages: (i) base filtering, (ii) struc-

ture assessment via ML, and (iii) assumption-controlled

anomaly removal, ensuring that increasingly aggressive

filters are applied only when supported by the data.

2 Base Filters

The pipeline begins with lightweight sanity and domain fil-

ters to remove measurements incompatible with physically

meaningful orbital motion.

Segments with fewer than 100 samples or spanning less

than 100 s are discarded due to insufficient temporal con-

text.

Grossly unphysical samples are rejected using magni-

tude thresholds of ∥pos∥ > 107 m and ∥vel∥ > 1010 m / s.
Finally, skew- and quantile-based filtering is applied to

position and velocity magnitudes to suppress heavy tails

and reduce the influence of extreme values on subsequent

stages.

3 Structure Classification

The goal is to distinguish segments suitable for assumption-

based cleaning from those where such assumptions are

unreliable. This is formulated as a binary classification be-

tween non-structured and structured segments (Figure 1).

Model Choice and Architecture. The data impose sev-

eral constraints on model selection: the input time series

are multivariate, irregularly sampled, unaligned across sam-

ples, and of variable length. Moreover, the objective is

not temporal localisation, but the global characterisation

of structure within a segment. So, convolution-based ap-

proaches are a natural choice [7].

We adopt a convolutional neural network (CNN) classi-

fier with a deliberately simple architecture. The model

consists of a small number of 1D convolutional layers,

followed by average pooling and a binary classification

head. Input features include position and velocity magni-

tudes, as well as Keplerian and equinoctial orbital elements.

The classification task is inherently imbalanced, with non-

structured cases representing approximately 8% of the

data. No explicit class rebalancing strategy was applied, as

the objective was to assess the model’s baseline behaviour.

Stratified splits were used across training, validation, and

test sets to preserve class proportions.
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Figure 2: Confusion matrix over 10 independent trials. Values

indicate the mean ± std of sample counts in each category. TP:

true positives; TN: true negatives; FP: false positives; FN: false

negatives.

Classification Results. The classifier was evaluated

over 10 independent trials using stratified splits. Table 1 re-

ports the mean and standard deviation of precision, recall,

and F1-score [8]. Performance is consistent across runs

despite class imbalance, with an average F1-score of 0.947.

The confusion matrix (Figure 2) shows balanced false

positive and false negative rates, with a small absolute

number of false negatives. Operationally, false negatives

(non-structured segments classified as structured) are more

critical, as they may trigger assumption-dependent clean-

ing where its premises do not hold. False positives are

conservative: structured segments bypass cleaning and

proceed to OD with relaxed settings, affecting efficiency

but not estimation integrity.

Non-structured segments often coincide with cases

where OD fails to converge or remains ambiguous, even

under expert inspection. Automatically flagging such seg-

ments therefore supports safer downstream decisions, in-

cluding specialised processing or exclusion. A binary for-

mulation reflects this operational objective. More granu-

lar multi-class approaches could offer finer guidance but

would exacerbate imbalance and labelling challenges; such

extensions are left for future work.

Precision Recall F1-Score

0.952 ± 0.045 0.945 ± 0.051 0.947 ± 0.036

Table 1: mean ± std values over 10 independent trials.

4 Anomaly Cleaning

This section describes the staged cleaning pipeline applied

to segments classified as structured. The stages operate

under progressively stronger assumptions, enabling con-

servative behaviour in weakly structured regimes while

allowing more aggressive, assumption-controlled correc-
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tions when supported by the data.

4.1 Stages
Dynamical Content Index. For each segment j, a dy-
namical content index dj quantifies orbital variability over

the sample set Sj :

dj = IQR(∥v∥)+IQR(sma)+IQR(ecc)+IQR(inc), (1)

where IQR(·) is the interquartile range computed over Sj .

The index measures the spread of physically meaningful

orbital quantities, yielding larger values for segments with

clear dynamical variation and smaller values for nearly flat

behaviour. The use of interquartile ranges ensures robust-

ness to outliers and scale invariance across regimes. Based

on dj , segments are assigned to one of three dynamical

regimes that control cleaning aggressiveness: flat (no ad-

ditional detection beyond base filters), mid (peak-based

detection with relaxed thresholds), and rich (full anomaly

cleaning with default parameters).

Edge Cleaning. Boundary instabilities are common in

OD and difficult to detect with generic anomaly detectors

due to limited temporal context. A dedicated edge-cleaning

stage suppresses unstable behaviour at segment boundaries

while preserving the interior. The method uses a robust

anomaly score based on first-order temporal differences,

∆Xt,f , of Keplerian and equinoctial elements. For each

feature f ,

Zt,f =
∆Xt,f −median(∆X·,f )

MAD(∆X·,f )
, (2)

with per-sample score s(t) =
∑

f |Zt,f |. Edge instability

is assessed by comparing score statistics in boundary win-

dows with those of the interior. The deviation is quantified

using

J =
median(sedge)−median(sint)

MAD(sint)
. (3)

If the deviation exceeds a predefined threshold, samples

are iteratively trimmed from the corresponding bound-

ary until the score distribution becomes consistent with

the interior reference or a maximum trimming fraction is

reached.

Peak Detection. This stage targets localised deviations

within the segment interior. It uses the same robust nor-

malisation as edge cleaning, applied directly to feature

values:

Zt,f =
Xt,f −median(X·,f )

MAD(X·,f )
, (4)

with anomaly score s(t) =
∑

f |Zt,f |. Candidate anoma-

lies are identified as local extrema of the score signal s(t),
considering both peaks and dips. Each extremum is associ-

ated with a prominence value that quantifies its contrast

relative to the surrounding neighbourhood.

Because neighbouring extrema often correspond to the

same underlying excursion, candidates occurring in ad-

jacent samples are grouped into short clusters. For each

cluster, a single representative is selected using a determin-

istic ranking: (i) highest prominence; (ii) largest absolute

deviation from a five-sample local median if prominence is

unavailable or tied; (iii) earliest in time if still tied.

Neighbour Expansion. A one-dimensional neighbour

expansion step is applied to reduce fragmented detections.

Depending on the selected mode, it can (i) fill single-sample

gaps between adjacent detections (close), (ii) expand de-

tections to immediately neighbouring samples (dilate), or

(iii) apply both. This step operates solely on the detection

mask and introduces no additional assumptions about the

underlying signal.

4.2 Cleaning Results
Figure 3 shows the cleaning process applied to a represen-

tative data segment. Panels 1 & 2 show raw position and

velocity magnitudes with samples rejected by domain- and

skew-based filters. Panels 3 & 4 display the corresponding

cleaned magnitudes and components. Panels 5 & 6 show

the resulting Keplerian and equinoctial elements. Panel

7 presents the anomaly score with detections from the

peak, edge, and neighbour stages. Vertical yellow shading

indicates detected peaks, while green bars denote measure-

ments rejected by a baseline batch least-squares OD [9].

This example compares the proposed pipeline with the

OD baseline. Both methods agree on out-of-domain sam-

ples, which are obvious measurement failures and trivially

rejected by both. Beyond these cases, clear differences

emerge. Since the OD baseline relies on position-only

residuals, it cannot detect anomalies that arise from ve-

locity inconsistencies or higher-order feature distortions.

In contrast, the skew-based filter captures many such cases,

particularly visible in the velocity magnitude panel, where

samples that clearly break the orbital trend remain un-

flagged by OD. This highlights a key advantage of the

proposed approach: it detects irregularities invisible to a

purely position-based estimator.

After domain and skew filtering, the position and ve-

locity signals become coherent, and the resulting orbital

elements exhibit regular behaviour with only a few local

distortions aligned with score peaks. This indicates that the

detected anomalies correspond to meaningful feature-level

inconsistencies rather than noise.

While Figure 3 provides qualitative evidence, Table 2

quantifies the impact of the cumulative filtering stages on

OD performance within the same window
1
. As expected,

1
Batch least-squares OD is performed using Orekit 13.1 over a 1-day

arc, estimating the initial state (initialised from TLE data) and ballistic

coefficient. The measurement model uses GNSS positions with assumed

accuracy σ = 100 m and internal 10σ residual rejection. The solution is

recomputed independently for each cumulative filtering stage.
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Figure 3: Cleaning applied to a representative segment. Panels 1–2: raw position and velocity magnitudes with samples rejected by

domain- and skew-based filters. Panels 3–4: corresponding cleaned magnitudes and components. Panels 5–6: resulting Keplerian and

equinoctial elements. Panel 7: anomaly score with detections from the peak, edge, and neighbour stages. Yellow shading: detected

peaks. Green shading: measurements rejected by a baseline batch least-squares OD. Both methods agree on obvious outliers, but the

proposed pipeline additionally identifies dynamically inconsistent samples that remain undetected by position-only residual analysis.

Stage WRMS ∆WRMS Iter.

original 0.04262 — 5

+ domain & skew 0.01626 –61.85% 5

+ edges 0.01587 –62.76% 4

+ peaks & neighb. 0.01586 –62.79% 4

Table 2: OD performance across cumulative filtering stages.

WRMS denotes the weighted root-mean-square of post-fit resid-

uals, computed using the assumed measurement uncertainties

as weights and evaluated over the validation interval shown in

Figure 3.

the domain- and skew-based stage reduces the weighted

root-mean-square (WRMS) by approximately 62% relative

to the unfiltered case. The subsequent edge and peak stages

further stabilise the solution, reaching an overall reduction

of about 63%. The magnitude of improvement is scenario-

dependent and varies across segments; however, the staged

ordering is fixed and reflects progressively stronger as-

sumptions, from physically motivated thresholds to local

feature-based corrections.

The observed improvement implies that the proposed

filters remove measurements that the baseline OD retains,

but which nonetheless degrade the fit quality. In addition,

the number of solver iterations decreases from five to four,

indicating improved numerical conditioning.

Across segments, different stages may contribute dif-

ferently, but the cumulative design ensures conservative

behaviour in simple regimes and targeted refinement when

structural irregularities are present. The cleaning pipeline

therefore acts as an effective preconditioning step, improv-

ing solution stability and residual consistency without ag-

gressive data pruning.

5 Conclusion

This work introduces a data-centric preprocessing pipeline

for GNSS-based OD that adaptively conditions measure-

ments according to their dynamical structure. By integrat-

ing orbital-dynamics-based sanity checks, ML-driven struc-

ture assessment, and signal-processing-based anomaly

suppression, the proposed approach enables controlled,

assumption-aware data refinement without modifying the

underlying estimation model.

Across representative operational scenarios, the method

consistently reduces residual dispersion, improves numeri-

cal conditioning, and shortens convergence while retaining

virtually all valid measurements.
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The results support the view that robust OD is not solely

a modelling problem, but also a data-centric one. Structure-

aware preprocessing offers a practical and operationally

compatible pathway to improving stability and consistency

in real-world GNSS-based OD workflows.
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