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Abstract

Gamma-ray detectors aboard space missions operate in a background envi-

ronment strongly influenced by spacecraft orientation and orbital position.

The Anticoincidence System (ACS) of the Compton Spectrometer and Im-

ager (COSI) satellite monitors the gamma-ray background and generates time

series of detector counts with time bins of 50 ms. These measurements are

used to identify transient events such as Gamma-Ray Bursts (GRBs) through

onboard trigger algorithms. For this reason, accurate modeling of the back-

ground is essential in order to reliably distinguish transients from background

fluctuations.

This thesis proposes a probabilistic and interpretable machine learning

framework for modeling the ACS background signal. Instead of predicting

a deterministic estimate, the approach models the full conditional distribution

of detector counts given the spacecraft state parameters. Several probabilis-

tic regression models were investigated, including Skew-Normal regression

and Gaussian Mixture Regression, trained via maximum likelihood to capture

asymmetric and regime-dependent variability in the detector counts.

To ensure interpretability, SHAP-based feature attribution methods were

used to analyze the contribution of each input variable. The results indi-

cate that background variations are primarily driven by spacecraft pointing

directions and orbital geometry, consistent with physical effects such as Earth

albedo and cosmic-ray induced background, and variations caused by space-

craft passage through the SouthAtlantic Anomaly (SAA). Kolmogorov–Arnold

Networks were also explored as interpretable models capable of representing

nonlinear relationships.

Finally, the probabilistic model was integrated into a transient detection

strategy using adaptive significance thresholds derived from the distributions.



Experiments with simulated GRB signals demonstrate that the approach can

identify significant excesses while accounting for background variability.



“And then whenever I stop and think—why did I want to do something? how

did I work out how to do it?—I get a very strong desire just to stop thinking

about it.”

Douglas Adams, The Hitchhiker’s Guide to the Galaxy
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Chapter 1

Introduction

1.1 Gamma-ray astrophysics

High–energy astrophysics studies the most energetic phenomena in the Uni-

verse through the observation of X–ray and gamma–ray radiation. These

photons are produced in extreme physical environments such as relativistic

jets, compact objects, supernova explosions, and particle acceleration regions.

Among these phenomena, gamma-ray bursts (GRBs) represent the most lu-

minous transient events ever observed, releasing in a few seconds an amount

of energy comparable to that emitted by the Sun over its entire lifetime.

GRBs were first discovered in the late 1960s by the Vela satellites [26],

originally designed to detect nuclear explosions on Earth. The unexpected

detection of intense flashes of gamma rays originating from outside the So-

lar System revealed the existence of a previously unknown astrophysical phe-

nomenon. Since then, several missions such as BATSE [41], Swift [19], Fermi

[40], and AGILE [45] have significantly improved our understanding of these

events, enabling systematic observations of GRB temporal and spectral prop-

erties.

GRBs (Figure 1.1) are typically characterized by a short and intense prompt

emission phase in gamma rays, lasting from milliseconds to several minutes,
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followed by a longer afterglow emission observable across multiple wave-

lengths, from X-rays to radio [15, 28].

Figure 1.1: Examples of gamma-ray burst light curves detected by the BATSE
instrument. The photon count rate is shown as a function of time for several
bright GRBs, illustrating the large diversity in duration and temporal structure.
Adapted from the public BATSE GRB catalog. Credit: Daniel Perley.

The detection of GRBs plays a crucial role in modern astrophysics. These

events provide valuable information about relativistic particle acceleration,

extreme magnetic fields, and the formation of compact objects.

Despite decades of observations, several aspects of GRBs remain poorly

understood. In particular, the physical mechanisms responsible for the prompt

emission and the detailed properties of the central engine are still under in-

vestigation. In addition, detecting faint or long–duration transients requires

accurate background modeling of the photon counts recorded by space detec-

tors. Background radiation in gamma-ray instruments originates from mul-

tiple sources, including cosmic rays, atmospheric albedo, and interactions of

charged particles with the spacecraft structure. These contributions produce

complex time-dependent count-rate variations that can mask faint astrophysi-

cal signals.
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For this reason, accurate estimation of the detector background is a fun-

damental step for transient detection pipelines. Several recent works have

proposed data-driven approaches for modeling the background count rates of

space-based detectors using satellite orbital and attitude parameters. For in-

stance, neural-network-based methods have been applied to GRB detection

problems, including the analysis of gamma-ray intensity maps [35] and the

identification of statistically significant deviations from the expected back-

ground signal [36].

In this context, developing robust background modeling techniques is es-

sential for enabling reliable transient detection in modern gamma-ray mis-

sions.

1.2 The COSI Space Mission

The Compton Spectrometer and Imager (COSI; [46, 47]) is a NASA Small

Explorer mission designed to observe the gamma-ray sky in the energy range

between approximately 0.2 and 5 MeV. The mission aims to address several

key scientific questions in high–energy astrophysics, including the origin of

Galactic positrons, nucleosynthesis processes in the Galaxy, polarization of

gamma-ray sources, and the detection of transient high-energy phenomena

such as GRBs.

COSI operates as a compact Compton telescope based on an array of high-

purity germanium detectors capable of reconstructing the interaction sequence

of incoming gamma-ray photons through Compton scattering (Figure 1.2).

This design allows the instrument to achieve high spectral resolution while

maintaining a large field of view and broad sky coverage. In addition to the

primary detector system, the spacecraft is equipped with an Anti-Coincidence

Shield (ACS) designed to suppress charged particle background. The ACS

is composed of Bismuth Germanate (BGO) scintillator detectors surrounding

the main instrument, with panels located laterally and on the bottom side of
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Figure 1.2: COSI spacecraft overview, adapted from [13].

the spacecraft, and continuously records count rates generated by particle in-

teractions. While primarily designed for background rejection, such detectors

are also sensitive to high-energy transient events and can therefore be used to

detect sudden increases in photon flux associated with gamma-ray bursts [37].

The large field of view and continuous monitoring capabilities make in-

struments such as the COSI ACS particularly suitable for detecting transient

gamma-ray phenomena. However, the background count rate recorded by

these detectors strongly depends on the spacecraft orbital position, and orien-

tation. Consequently, accurate modeling of the background signal is required

in order to identify statistically significant deviations associated with astro-

physical events [37].

1.2.1 Background physical drivers

The background radiation observed by gamma-ray detectors originates from

several physical components [16]. One of the main contributions arises from

atmospheric gamma-ray albedo, generated when cosmic rays interact with the

Earth’s atmosphere and produce secondary gamma-ray photons [33]. As a

consequence, the detected count rate can increase when the detector field of
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view faces Earth.

Another important component is the flux of cosmic rays, which can inter-

act with the spacecraft and detector materials, producing secondary particles

and activation effects that contribute to the measured count rates. In addition,

charged particles trapped in the Earth’s radiation environment, particularly

within the Van Allen radiation belts (Figure 1.3; [48]), can generate enhanced

background levels along specific regions of the spacecraft orbit.

Figure 1.3: Schematic illustration of the Earth’s Van Allen radiation belts,
showing the two toroidal regions of trapped charged particles surrounding the
planet. The approximate locations of several spacecraft in Low Earth Orbit,
including the International Space Station, are indicated. Credit: NASA.

Because the intensity of these components varies with the spacecraft posi-

tion and pointing direction, the observed detector count rates exhibit complex

time-dependent variations. These dependencies motivate the use of spacecraft

orbital and attitude parameters as inputs for data-driven background modeling

approaches.

1.2.2 COSI ACS geometry

TheCOSI spacecraft reference frame is defined by three orthogonal axes (+X ,

+Y ,+Z) that describe the orientation of the instrument in space. The+Z axis
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Figure 1.4: COSI ACS spacecraft geometry (a drawing from [13]).

corresponds to the main instrument boresight and defines the nominal point-

ing direction of the telescope. The spacecraft attitude is described through

a Cartesian reference frame defined by the X, Y, and Z axes of the payload.

This three-dimensional geometry determines how the ACS detector panels,

oriented along different spacecraft axes, interact with the surrounding radia-

tion environment. The orbital metadata provide the pointing direction of these

axes, allowing the reconstruction of the spacecraft orientation and of the de-

tector exposure to the background.

The geometry of the spacecraft plays a key role in shaping the detector

response. Different detector elements are exposed to varying levels of radia-

tion depending on their orientation relative to the Earth, the cosmic gamma-

ray background, and charged particle fluxes. As a result, the measured back-

ground count rates exhibit strong correlations with the spacecraft attitude and

orbital parameters. Understanding this geometrical configuration is there-

fore essential when modeling the detector background and interpreting the

observed photon counts.
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1.3 Gamma-ray Transient Event Detection

The detection of transient high-energy phenomena can be formulated as the

problem of identifying statistically significant signals within noisy observa-

tional data. Gamma-ray detectors continuously measure photon counts that

include contributions from both astrophysical sources and background radia-

tion. A transient event such as a GRB manifests itself as a sudden excess of

counts over the expected background level.

Traditional detection pipelines rely on threshold-based trigger algorithms

applied directly to the observed count rates. These methods typically com-

pare the measured counts with a background estimate obtained through sim-

ple time-window averaging. Classical statistical techniques widely used in

gamma-ray astronomy include likelihood-based significance estimators such

as the Li &Ma test [29] and segmentation approaches such as Bayesian Blocks

[42, 13]. While widely used in gamma-ray astronomy, these methods typically

rely on an estimate of the background obtained from the observed data itself.

Recent studies have shown that machine learning techniques can improve

transient detection performance by exploiting patterns in detector measure-

ments. For instance, convolutional neural networks have been applied to clas-

sify gamma-ray intensity maps and identify candidate GRB signals in AG-

ILE data [45], achieving improved detection capability compared to tradi-

tional significance-based methods [35]. More generally, machine learning

approaches can also be used to model background variability. In these frame-

works, a predictive model is trained on background observations to estimate

the expected detector response over time, enabling the identification of sta-

tistically significant upward fluctuations corresponding to candidate transient

events [36].

Within this framework, GRB detection can be formulated as an anomaly
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detection problem in which observed count rates are compared with the pre-

dicted background distribution. Events that significantly deviate from the ex-

pected background are flagged as candidate transients and subsequently ana-

lyzed to determine their astrophysical origin.

Accurate background modeling therefore represents a crucial component

of modern gamma-ray transient detection pipelines and provides the founda-

tion for identifying anomalous astrophysical signals in space-based observa-

tions.



Chapter 2

Data and Background

Characterization

2.1 COSI data and Preprocessing

2.1.1 Data Source

For this work we used the data simulated by the COSI team for the Data Chal-

lenge 3 [14]. The dataset includes simulated spacecraft orbital and attitude

parameters over a continuous 24-hour period, along with the corresponding

ACS shield background counts.

The background signal is generated using the spacecraft geometry and

orbital configuration, allowing a controlled evaluation of probabilistic back-

ground models.

2.1.2 Data Inspection

Feature Explanation

Our input features directly describe the spacecraft geometry and orbital be-

havior. As shown in Figure 2.1, the time evolution of these variables reflects

both the orbital motion and the spacecraft pointing strategy.
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Figure 2.1: COSI ACS satellite dataframe input features over 24 hours of data.

In the spacecraft body-fixed reference frame (Figure 1.4), the attitude is

defined by three orthogonal axes: +X , +Y , and +Z. The +Z axis corre-

sponds to the instrument boresight and therefore defines the nominal pointing

direction of the spacecraft. Its orientation in the chosen galactic reference

frame (a coordinate system in which longitude and latitude are measured with

respect to the plane of the Milky Way and the direction of the Galactic center)

is described by the angular coordinates zlon and zlat .

The +X axis provides complementary information about the spacecraft

orientation, capturing rotations around the boresight direction. Its orientation

is encoded through xlon and xlat .

In this work, the orientations of the +Z and +X axes are used as inputs,

since two orthogonal axes are sufficient to determine the spacecraft attitude.
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In addition to pointing information, the feature set includes orbital param-

eters. The variable Earthlon describes the geographic longitude of the space-

craft position projected onto the Earth’s surface, effectively encoding the or-

bital phase of the spacecraft. Earthlat represents the corresponding latitude,

which in our data remains close to zero due to the nearly equatorial orbit.

The altitude variable captures small variations in orbital height (approximately

523–530 km).

As visible in Figure 2.1, all angular variables exhibit clear periodic pat-

terns over the 24-hour window shown in the figure, reflecting the underlying

spacecraft orbital motion and the evolution of its pointing direction. These ge-

ometric and orbital descriptors constitute the physical drivers of the detector-

dependent background modeled in this work.

2.1.3 Interpolation

The spacecraft orientation metadata are originally provided with a fixed time

resolution of 15 s, while the ACS detector counts are available at higher tem-

poral resolution, down to 50ms. To apply themethod at these finer time scales,

the satellite metadata are linearly interpolated to match the desired resolutions,

including 1 s and 50 ms bins.

2.1.4 Feature Transformation

From Figure 2.1 it is evident that the longitudinal and latitudinal variables

exhibit a clear periodic behavior over time. This periodicity is directly related

to the orbital motion of the spacecraft and to its pointing evolution.

Looking at the numerical ranges makes this even clearer:

• Earthlon and zlon span the interval [0◦, 360◦].

• xlon is defined on the same circular domain, although only a sub-range

is observed in the available data.
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• zlat lies approximately in [−85◦, 85◦].

• xlat lies approximately in [5◦, 90◦].

Although these quantities are angular by nature, their raw numerical rep-

resentation is linear. As a consequence, directions that are physically identical

(e.g. 0◦ and 360◦) appear numerically far apart. This creates artificial discon-

tinuities at the angular boundaries and may force the model to learn spurious

edge effects that have no physical meaning.

To address this issue, angular variables were encoded using sine and cosine

transformations. Longitudes were mapped as

θ → (sin θ, cos θ),

while latitudes were encoded using sin(θ) only, since they are bounded within

[−90◦, 90◦] and do not wrap around.

After transformation, all encoded angular features lie in the interval [−1, 1],

as shown in Figure 2.2. This representation preserves the circular geometry

of angular variables and removes artificial jumps at the 0◦/360◦ boundary.

Although the sine/cosine encoding slightly increases the input dimension-

ality, it effectively constrains the model by embedding prior geometric knowl-

edge directly into the feature space. The network no longer needs to allocate

capacity to learn periodicity from scratch, and it avoids modeling artificial

discontinuities.

In conclusion, the feature transformation is not only a numerical stabiliza-

tion step, but also a design choice aligned with the periodic structure of the

underlying physical variables.

2.1.5 Target Feature

The target features correspond to the photon count rates recorded by the six

BGO detector units of the COSI ACS.
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Figure 2.2: COSI ACS satellite dataframe input features after sine/cosine en-
coding, over 24 hours of data.

Figure 2.3 shows the 15 s binned light curves over the full 24-hour interval.

All detectors exhibit a common large-scale modulation across the orbit, while

their absolute count levels differ.

TheZ-oriented panels (bgoz1 and bgoz0) tend to display higher count rates,

theX-oriented units intermediate levels, and the Y -oriented panels lower av-

erage counts.

A zoom over a representative one-hour segment (Figure 2.4) highlights the

non-stationary nature of the background. Smooth orbital-scale modulations

are superimposed with stochastic fluctuations at shorter time scales.
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Figure 2.3: Count rates at 15 s time resolution over the full 24-hour interval
for each detector.

Overall, the coexistence of shared orbital trends and detector-specific count

levels motivates a conditional, per-detector probabilistic modeling approach

rather than a single global background estimate.

2.1.6 Stabilization Phase and Rocking Motion

Only data acquired during the second half of the simulated day (starting from

hour 13) are considered for this work. During the first 12 hours, the spacecraft

undergoes an initial stabilization phase in which the detector response is not

yet fully settled. As a result, the recorded background signal does not reflect

steady-state observational conditions. This effect is clearly evident in Figure

2.3, where the count rate shows a gradual increase during the first hours of the

simulation before reaching a stable regime after approximately 12 hours.

In addition, the first few orbits must be discarded because the background

level is still evolving due to the activation of spacecraft materials by cosmic
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Figure 2.4: COSI ACS background light curves at 15 s resolution over an
interval of approximately 62 min for each detector.

rays. This process produces short-lived radioactive isotopes within the de-

tector and surrounding structures, whose decay temporarily increases the ob-

served count rate until the activation-induced component reaches equilibrium.

Discarding these initial orbits ensures that the analyzed data correspond to a

stable background regime representative of nominal observational conditions.

Furthermore, the spacecraft performs a periodic rocking motion with a

12-hour period to systematically vary its pointing direction and achieve full-

sky coverage. This scanning strategy introduces structured variations in the

attitude parameters, which are clearly visible in the time evolution of angular

features such as zlat in Figure 2.1.

However, given the limited duration of the currently available simulation,

it was not possible to perform a comprehensive analysis that simultaneously

accounts for both the periodic rocking motion and the two distinct phases of

the observation (the initial stabilization period and the subsequent steady-state

regime).

Future simulations produced by the COSI team are expected to provide a
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significantly longer dataset, spanning approximately seven days of continu-

ous observations. The availability of this extended dataset will allow a more

complete characterization of the spacecraft rocking cycle and a more robust

analysis of the background variability.

2.1.7 South-Atlantic Anomaly

Further inspection of the dataset reveals a non-negligible fraction of zero-

count bins. This behavior is associated with the passage of the spacecraft

through the South Atlantic Anomaly (SAA), a region over the South Atlantic

Ocean where the Earth’s magnetic field is significantly weaker [23].

Since COSI operates in LowEarthOrbit (LEO), the spacecraft periodically

traverses this region during its orbit. In this area, the inner Van Allen radiation

belt approaches closest to the Earth’s surface, resulting in an enhanced flux of

charged particles at satellite altitude. To prevent damage and avoid contami-

nation from high radiation levels, scientific instruments are typically switched

off or placed in a safe configuration during SAA crossings.

As a consequence, the ACS records zero count rates within the correspond-

ing temporal windows. These zero-valued intervals therefore reflect opera-

tional constraints rather than physical background conditions.

Figure 2.5: Geographical extent of the South Atlantic Anomaly. The shaded
region indicates reduced geomagnetic field strength, leading to enhanced ra-
diation exposure for satellites in Low Earth Orbit.

Because of that, we can safely delete those rows which contain zero values

in their count rates columns.
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2.1.8 Outlier Removal

To mitigate the impact of extreme values, a quantile-based filtering strategy

was applied to all numerical features. For each variable, lower and upper

bounds were computed using empirical quantiles at the 0.4th and 99.9th per-

centiles, respectively.

Observations falling outside this interval in any numerical column were

removed from the dataset. Formally, a sample was retained only if all its nu-

merical features satisfied

q0.004 ≤ x ≤ q0.999,

where qp denotes the empirical p-quantile of the corresponding variable.

This procedure removes extreme outliers while preserving the vast majority of

the data distribution. The filtering is applied jointly across features to ensure

consistency across correlated variables.

2.2 Distributional Analysis

In a photon counting experiment, the observed number of events in a fixed

time bin is naturally described by a Poisson process [11]. Formally, for a

given time bin t,

Ct ∼ Poisson(λt),

whereCt denotes the observed count and λt is the expected number of photons

in that bin.

It is important to note that the Poisson mean parameter λt cannot be reli-

ably estimated from a single observation Ct. This is a fundamental statistical

limitation and it would represent a critical issue if the goal were to infer the

Poisson parameter from isolated bins.

However, this is not the objective of our analysis. Here, we study the
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population-level distribution of per-bin counts, implicitly conditioning on or-

bital configurations.

The dataset contains a large number of bins acquired under comparable

physical conditions, corresponding to similar background regimes. By aggre-

gating bins associated with approximately stationary system states, we can

empirically inspect the distribution of photon counts characterizing a given

background regime. In this sense, the statistical information is not extracted

from repeated measurements of the same bin, but from multiple observations

collected under similar conditions over time.

This perspective allows us to meaningfully analyze the per-bin count dis-

tribution without violating the single-sample limitation of Poisson inference.

The Poisson distribution is thus interpreted as a generative model for individ-

ual bins, while the empirical distribution arises from the collection of many

such realizations under similar conditions.

Conditioning on the system state xt, which encodes the relevant physical

and orbital features, this relationship can be formalized as

P (Ct | xt) = Poisson(λ = fθ(xt)),

where the function fθ models the expected count rate associated with a given

system configuration.



Chapter 3

Probabilistic Background

Modeling

3.1 Regression Framework

We now move from distributional analysis to model estimation. The goal is

no longer to inspect the empirical count distribution, but to learn a mapping

from satellite state features to the parameters of a chosen parametric family

defining the predictive distribution.

More generally, we assume that the conditional distribution of the counts

belongs to a parametric family F :

P (Ct | xt) = PF(Ct | θt(xt)), (3.1)

where θt(xt) denotes the distribution parameters predicted from the input

features.

In Section 2.2, the Poisson model was introduced as a first generative as-

sumption:

P (Ct | xt) = Poisson(λ = fθ(xt)). (3.2)
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In the following sections, we extend this framework to more flexible dis-

tributional families.

3.1.1 Train–Validation–Test Split

To evaluate the predictive models while preventing information leakage, the

dataset was partitioned into training, validation, and test subsets.

Since the data form a continuous time series along the spacecraft orbit,

the final 15% of the time-ordered dataset was reserved as a contiguous test

set. This preserves the natural temporal correlations of the observations and

allowsmodel evaluation on complete orbital segments, enabling the inspection

of the temporal behavior of the predicted background along full orbital light

curves.

The dataset was randomly split into training and test sets, with 10% of the

data reserved for testing. From the training set, 10% was further held out as a

validation set for model selection and hyperparameter tuning.

Orbital temporal structure. In the temporal prediction analysis, we extract

the last contiguous orbital segment of the dataset, corresponding to approxi-

mately 80 min of observations. This segment is used in Subsections 3.3.3,

3.4.6 and 5.3.2 to analyze the temporal behavior of the models on continuous

data. Using a contiguous time interval allows us to evaluate how the models

track the evolution of the background signal over time, rather than across ran-

domly sampled bins. This choice is supported by the autocorrelation analysis

reported in Appendix B, Section B.1, where the detector count rates exhibit a

dominant periodicity consistent with the spacecraft orbital timescale.
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3.1.2 Training Procedure

Once the conditional distributional family is specified, the parameters of the

predictive model are estimated by maximizing the data likelihood.

In practice, the distribution parameters θt(xt) are produced by a neural

network (or probabilistic regression model) with learnable weights w.

Given observed counts Ct,d for detector d at time bin t, the model predicts

the corresponding distribution parameters θt,d(xt). Training is performed by

minimizing the negative log-likelihood (NLL) over all time bins and detectors:

L = −
T∑

t=1

D∑
d=1

logPF
(
Ct,d | θt,d(xt)

)
. (3.3)

This objective encourages the model to assign high probability to the ob-

served counts while properly calibrating predictive uncertainty. Unlike deter-

ministic regression, which optimizes only point estimates, likelihood-based

training optimizes the full predictive distribution. This is crucial in the pres-

ence of heteroscedasticity and regime-dependent variability, as it allows the

model to adapt both expected counts and uncertainty to the orbital and geo-

metric configuration of the spacecraft.
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3.1.3 Model Performance Metrics

Model performance is evaluated using the following metrics:

• Mean Absolute Error (MAE),

• Root Mean Squared Error (RMSE),

• Mean Absolute Percentage Error (MAPE),

• Pearson dispersion coefficient ϕ (for the Poisson model only),

• Negative Log-Likelihood (NLL) on the test set.

CustomMAE. The predicted mean count rate for each detector is extracted

from the model output and compared with the observed counts, computing the

average absolute error across all detectors and time bins.

Percentage error. To provide a scale-independent measure of the prediction

accuracy, we compute the mean absolute percentage error:

MAPE = 1
N

N∑
i=1

∣∣∣∣∣yi − ŷi

yi

∣∣∣∣∣ . (3.4)

where yi denotes the observed count and ŷi the predicted mean for a given

detector and time bin.1

1As discussed in Section 2.1.7, zero-count bins occur only during passages through the
South Atlantic Anomaly, which are excluded from the analysis. Therefore, no additional
numerical constant is required in the denominator.
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3.2 Baseline Poisson Model

3.2.1 Model Specification

As discussed in Section 2.2, the Poisson distribution provides a natural gen-

erative model for per-bin photon counts. We now adopt this assumption as a

regression baseline, modeling the conditional distribution of the counts as

Ct | xt ∼ Poisson(λt), (3.5)

where the rate parameter is predicted as a function of the satellite state:

λt = fθ(xt). (3.6)

Under this model, the variance is constrained to equal the mean:

Var(Ct | xt) = E[Ct | xt] = λt. (3.7)

This assumption implies a single stationary regime per time bin and a fixed

dispersion structure, which will be empirically evaluated in the following sub-

section.

3.2.2 Empirical Evidence of Overdispersion

Our simulated background data, however, do not satisfy the assumption of a

single stationary Poisson regime. To assess the validity of the Poisson hy-

pothesis, we compute the local mean and variance of the detector counts over

sliding 10 s windows and analyze their relationship.

The use of a short temporal window allows us to estimate the dispersion

properties of the signal under approximately stationary conditions, avoiding

the mixing of different orbital configurations while reducing the impact of

short-term statistical fluctuations.

As shown in Figure 3.1, the empirical variance is consistently larger than
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Figure 3.1: Mean–variance relationship for detector bgoz1 at 1 s time reso-
lution. The dashed diagonal line represents the Poisson expectation Var =
Mean. The observed variance systematically exceeds the theoretical predic-
tion, indicating overdispersion.

themean, particularly around the typical background count level. This system-

atic deviation from the Poisson identity Var = Mean provides clear evidence

of overdispersion in the detectors [10].

Such behavior reflects the presence ofmultiple background regimes driven

by variations in spacecraft attitude, orbital position, and environmental con-

ditions [16]. As a result, the background process cannot be described by a

single stationary Poisson model and requires more flexible probabilistic for-

mulations.

3.2.3 Limitations of the Global Poisson Assumption

The observed overdispersion has direct modeling implications. A global Pois-

son model assumes a single homogeneous regime and therefore underesti-

mates the true uncertainty of the counts. When variance exceeds the mean,

the model becomes overly confident, leading to biased estimates of λt and
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miscalibrated uncertainty bands.

In other words, the discrepancy is not merely statistical noise but struc-

tural: the data exhibit variability that cannot be explained by a single-parameter

Poisson distribution.

This motivates the exploration of more flexible probabilistic models capa-

ble of describing heterogeneous variability in the detectors counts.

3.2.4 Baseline Poisson Regression Results

To quantify the practical impact of this mismatch, we train a conditional Pois-

son regression model that predicts λt as a function of the satellite orientation

features using the 1 s resolution dataset.

The model is optimized by minimizing the negative log-likelihood (3.1.2),

where the table 3.1 reports the predictive performance on the test set.

Detector MAE RMSE Pearson ϕ
bgo_z1 49.55 62.08 3.366
bgo_z0 49.89 62.78 3.410
bgo_y1 40.30 50.64 2.602
bgo_y0 40.36 50.77 2.604
bgo_x1 39.73 49.67 2.623
bgo_x0 40.26 50.15 2.765

Table 3.1: Performance metrics for the baseline Poisson regression model at
1 s time resolution. Pearson dispersion ϕ ≫ 1 confirms strong overdispersion
in all detectors.

Although the Poisson regressor captures the mean trend reasonably well,

the estimated Pearson dispersion parameter ϕ remains significantly larger than

one for all detectors. Indeed, the model achieves a MAPE of 4.22% on the test

set.

This result provides a model-based confirmation of the overdispersion ob-

served in the raw data: even after conditioning on the satellite orientation fea-

tures, the variability of the counts exceeds the level predicted by a Poisson

process.
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Therefore, while the Poisson distribution provides a physically motivated

baseline for photon counting, it remains too restrictive to describe the true

variability of the background signal.

Per-detector differences in metrics. The MAE and RMSE values differ

across detectors due to the varying average count rates recorded by each sen-

sor. As clearly visible in Figure 2.3, some detectors systematically observe

higher photon counts because of their geometric orientation relative to the

spacecraft structure and the surrounding radiation environment. Since both

MAE and RMSE are scale-dependent metrics, detectors operating at higher

count levels naturally exhibit larger absolute errors even when the relative

predictive accuracy remains comparable.

This behavior is expected and does not indicate worse model performance

for those detectors. Rather, it reflects the intrinsic scaling of absolute error

metrics with the magnitude of the observed signal. Consequently, a similar

pattern will be observed for all regression models analyzed throughout this

thesis.

3.3 Skew-Normal Regression

The Skew-Normal distribution, introduced by Azzalini [6] and further devel-

oped in later work [7], extends the Gaussian distribution by introducing a

shape parameter that controls skewness. This extension allows the model-

ing of asymmetric data while preserving much of the analytical tractability of

the normal distribution.

Such flexibility is particularly useful when modeling detector background

counts, which often exhibit asymmetric fluctuations and local variability that

cannot be adequately captured by a symmetric Gaussian model or by a simple

Poisson assumption.
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For these reasons, the Skew-Normal distribution provides a natural prob-

abilistic framework for describing detector background variability. In partic-

ular, by allowing asymmetric uncertainty bands around the expected back-

ground level, it enables a more flexible representation of detector-specific be-

havior.

3.3.1 Characterizing the Distribution

A random variable X follows a Skew-Normal distribution if its probability

density function is

f(x | ξ, ω, α) = 2
ω
ϕ

(
x− ξ

ω

)
Φ
(
α
x− ξ

ω

)
, (3.8)

where ξ is the location parameter, ω > 0 the scale parameter, and α the

shape (skewness) parameter. Here, ϕ(·) and Φ(·) denote the standard normal

PDF and CDF, respectively.

When α = 0, the distribution reduces to a standard Gaussian. For α ̸= 0,

the density becomes asymmetric, with α controlling both the direction and

magnitude of skewness.

In our regression setting, the parameters (ξt, ωt, αt) are predicted as func-

tions of the satellite state features xt. The location parameter models the

expected background level, the scale parameter captures dispersion, and the

skewness parameter allows asymmetric uncertainty, accommodating direc-

tional deviations observed in the background signal.

Despite this added flexibility, the model still assumes a single parametric

regime. As shown in the following subsection, this assumption may remain

too restrictive in the presence of multiple latent background states.
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3.3.2 Implementation

The Skew-Normal regressor was implemented as a feed-forward neural net-

work that maps the spacecraft state variables to the parameters of a detector-

wise conditional Skew-Normal distribution. Given the input feature vector

at time t, the network predicts, for each detector, the three parameters of the

output distribution: location µt, scale σt, and shape αt.

The model takes as input the full set of spacecraft orientation and or-

bital variables, and processes them through a stack of fully connected hid-

den layers with Rectified Linear Unit (ReLU) activation functions, defined as

ReLU(x) = max(0, x) [34]. The final hidden representation is then projected

into three parallel output heads: one linear layer for the location parameter µ,

one softplus layer for the positive scale parameter σ, and one linear layer for

the skewness parameter α. The outputs of these three heads are concatenated

to obtain the full parameter vector of the predictive distribution.

The hidden architecture was defined by two main hyperparameters: the

initial number of units and the number of hidden layers. For a network with L

hidden layers and initial widthU , the default architecture progressively halves

the number of units at each layer, yielding a structure of the form

U,
U

2
,
U

4
, . . .

Avariant controlled by the flat optionwas also considered. When flat=True

and the network has at least three hidden layers, the last two hidden layers are

constrained to have the same width, so that the final reduction in dimension-

ality is softened. This allows the model to retain a richer latent representation

in the deepest part of the network.

Training framework. The model was implemented using the TensorFlow

deep learning framework [1] through the Keras high-level API [12]. The
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neural network architecture follows the standard feed-forward paradigm com-

monly used in deep learning models [20]. Probabilistic components were han-

dled through TensorFlow Probability.

The network parameters were optimized using the Adam optimizer [25],

a fixed learning rate of 10−3, and trained using mini-batch stochastic gradient

descent.

Training procedure. Training was performed by minimizing the NLL (as

defined before in subsection 3.3) of the observed counts under the predicted

Skew-Normal distribution [9]. Given the model output parameters µ, σ, and

α, the loss function evaluates the log-probability of the observed counts under

the corresponding Skew-Normal distribution and averages it across detectors

and time bins.

In practice, the standard likelihood objective was adapted to the Skew-

Normal case by computing

LNLL = − 1
N

∑
t,d

log pSN(yt,d | µt,d, σt,d, αt,d),

where pSN denotes the Skew-Normal probability density function and the

sum runs over all time bins t and detectors d. Minimizing this objective allows

the model to learn the full predictive distribution of the detector counts rather

than only the conditional mean.

Training employed mini-batches and early stopping to prevent overfitting.

In particular, the optimization process was monitored on a validation set and

automatically stopped if the validation loss did not improve for 10 consecutive

epochs.

Model selection. Model selection was performed through a grid search over

the following hyperparameter space:

• number of initial hidden units: {512, 256, 128},
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• number of hidden layers: {2, 3, 4},

• batch size: {64, 128, 256},

• flat-tail architecture: {True, False}.

For the 50ms dataset, the best-performing configurationwas obtainedwith

128 initial units, 3 hidden layers, batch size 128, and flat=True. This corre-

sponds to a hidden structure with widths 128 → 64 → 64.

3.3.3 Results

Figure 3.2 shows the Skew-Normal regression at 50ms resolution. At this time

scale, the model captures the rapid variability of the background and produces

asymmetric uncertainty bands that adapt locally to the observed fluctuations.

The flexibility introduced by the skewness parameter allows the model to ac-

count for directional deviations and moderate overdispersion, yielding cali-

brated short-term predictions. The uncertainty bands are calibrated to a nom-

inal 3σ coverage, but here that rule does not directly apply to skewed distri-

butions, the interval is calibrated using Gaussian-equivalent quantiles through

PPF-based quantile matching, preserving the asymmetric structure of the pre-

dictive distribution.

Figure 3.2: Skew-Normal predictions at 50 ms time resolution for detector
bgox1, over a 4 min time window.

However, when the time resolution is increased to 1 s (Figure 3.3), a dif-

ferent behavior emerges. Although the model can be naturally applied at

lower temporal resolutions—thus enabling the analysis of longer transients
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(e.g., events lasting more than two seconds)—the predictions exhibit high lo-

cal variability.

Figure 3.3: Skew-Normal background predictions at 1 s time resolution for
detector bgox1 over a full orbital time window (approximately 80 min).The
model adapts independently at each time bin, resulting in high local sensitivity
to short-term fluctuations.

Table 3.2 shows the quantitative results for data at 1 s time resolution. The

average percentage error across detectors (MAPE), is 3.46%.

Detector MAE RMSE
bgo_z1 42.27 52.93
bgo_z0 42.28 53.14
bgo_y1 33.07 41.43
bgo_y0 32.66 41.16
bgo_x1 32.50 40.70
bgo_x0 31.82 39.78

Table 3.2: Predictive performance of the Skew-Normal regression model on
the test set at 1 s time resolution.

Because the Skew-Normal regression estimates distribution parameters in-

dependently at each time bin, effectively modeling a single regime per bin,

the expected background level is entirely determined by the parameters pre-

dicted at that specific instant. As a consequence, the model reacts strongly

to short-term fluctuations and may become overly sensitive to transient lo-

cal variations, even when these do not correspond to structural background

changes.

This behavior reflects an intrinsic limitation of single-regime parametric

models: while they can adapt to asymmetric deviations, they lack an explicit

mechanism to smooth across latent background states.
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3.4 Gaussian-Mixture Regression

3.4.1 Handling multiple regimes

Gaussian Mixture Models (GMM; [38]) handle the single regime assump-

tion limitation by explicitly modeling the presence of multiple background

regimes. Instead of assuming a single global distribution, a mixture model

represents the data as a weighted combination of several Gaussian compo-

nents, each corresponding to a different latent background state. This allows

the model to capture multimodality, regime switching, and increased variabil-

ity that arise from orbital motion and detector geometry. By conditioning

on the input features, Gaussian Mixture Regression [9] provides smoother

andmore flexible conditional predictions, effectively approximating complex,

non-stationary background behavior that a single parametric model cannot

represent. Related mixture-based conditional density models were previously

introduced in the context of Mixture Density Networks [8].

3.4.2 Modeling in Log-Space

While detector counts are discrete and strictly positive, Gaussianmixture com-

ponents are continuous and symmetric. To reconcile this mismatch, we model

the logarithm of the counts rather than the raw counts directly:

C̃t = log(Ct + ϵ),

where ϵ is a small constant introduced to avoid numerical instability in

low-count bins.

The logarithmic transformation serves two purposes. First, it stabilizes

variance and reduces heteroscedastic effects that increase with the count level.

Second, it makes the empirical distribution closer to Gaussian within each

latent regime, which aligns with the assumptions of mixture modeling.

This behavior becomes evident when inspecting the empirical distribution
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of the transformed counts. Figure 3.4 shows the histogram in log-space to-

gether with the fitted Gaussian mixture density and its individual components.

Figure 3.4: Histogram of log-transformed counts for detector bgoz1, with em-
pirical KDE (gray), full GMMdensity (orange), and individual Gaussian com-
ponents (dashed). The mixture captures mild multimodality and asymmetric
structure that cannot be represented by a single Gaussian component.

All Gaussian components are therefore fitted in log-space. Predictions

are subsequently mapped back to the original scale when computing expected

counts and uncertainty bands.

3.4.3 Theoretical Formulation

AGaussian Mixture Model represents a probability density as a weighted sum

of K Gaussian components:

p(x) =
K∑

k=1
πk N (x | µk,Σk), (3.9)

where πk are non-negative mixture weights such that
∑

k πk = 1, and

(µk,Σk) are the mean and covariance of each component.

In our setting, we jointly model the satellite features xt and detector counts

Ct using a mixture distribution:

p(xt, Ct) =
K∑

k=1
πk N


xt

Ct


∣∣∣∣∣∣µk,Σk

 . (3.10)
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Gaussian Mixture Regression is then obtained by conditioning on the ob-

served features xt. The conditional distribution of the counts becomes:

p(Ct | xt) =
K∑

k=1
π̃k(xt) N

(
Ct | µk|x(xt),Σk|x

)
, (3.11)

where the conditional means and covariances are derived analytically from

the joint Gaussian components, and the mixture weights π̃k(xt) depend on the

posterior responsibility of each component given the input features.

3.4.4 Parameter Estimation

Themixture parameters are estimated viamaximum likelihood using the Expectation-

Maximization (EM; [17]) algorithm.

At each iteration:

• E-step: compute the posterior responsibility of component k for each

observation.

• M-step: updatemixtureweights, means, and covariances using responsibility-

weighted estimates.

EM iteratively increases the data log-likelihood until convergence, yield-

ing a fully probabilistic generative model of the joint distribution.

3.4.5 Implementation

The Gaussian Mixture model was implemented using the GaussianMixture

class from the scikit-learn library [39]. The model was trained on the

joint dataset of spacecraft state variables and detector counts using the EM

algorithm seen in the section above (3.4.4). After fitting the joint distribution,

Gaussian Mixture Regression was obtained by conditioning the learned mix-

ture model on the observed feature vectors in order to derive the predictive

distribution of the detector counts.
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Selection of the number of mixture components. The number of mixture

components K was selected using a combination of information criteria and

qualitative inspection of the predicted background curves. Figure 3.5 shows

the evolution of the AIC [3] and BIC [43] scores as a function ofK. Although

both criteria decrease monotonically with increasing model complexity, the

rate of improvement progressively diminishes beyond a small number of com-

ponents. To complement this quantitative analysis, we also inspected the pre-

Figure 3.5: AIC and BIC scores as a function of the number of mixture com-
ponents K used in the Gaussian Mixture Regression model. Lower values
indicate better trade-offs between model fit and complexity.

dicted background curves over representative time window corresponding to

a full orbital period (the same of Figure 3.6). This qualitative comparison al-

lowed us to assess the structural smoothness and physical consistency of the

reconstructed background signal.

Based on the combined evidence from the elbow analysis and the visual in-

spection of the regression behavior,K = 4 mixture components was selected

as a suitable compromise between model flexibility and stability.

Model fitting. The Gaussian Mixture Regression model was fitted on the

joint dataset composed of the spacecraft state variables and the corresponding

detector counts. Each observation therefore consists of the feature vector xt,

describing the spacecraft orientation and orbital configuration, and the asso-

ciated log-transformed count value C̃t.

The joint vectors (xt, C̃t) were modeled using a Gaussian mixture with

K = 4 components. Each component represents a latent background regime
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characterized by a multivariate Gaussian distribution over both the input fea-

tures and the log-count variable.

Once the joint distribution p(xt, C̃t)was learned, the conditional predictive

distribution of the counts was obtained by conditioning the mixture model on

the observed features xt. For each time bin, the model therefore produces

a mixture of Gaussian conditional predictions whose weights depend on the

posterior responsibility of each component given the current spacecraft state.

3.4.6 Results

Temporal behavior of the predictions. The background learned by Gaus-

sianMixture Regression is noticeably smoother compared to the Skew-Normal

model. This behavior is structural rather than incidental.

In GMR, the predictive mean emerges from averaging across multiple

background states, rather than being determined by a single set of parameters

at each time bin.

This mechanism naturally introduces smoothing and structural stability.

Short-term fluctuations affect individual component responsibilities but are

mitigated by the weighted aggregation across regimes. As a result, GMR is

less sensitive to local noise while remaining responsive to genuine regime

transitions.

Figure 3.6: Gaussian Mixture Regression (GMR) predictions at 1 s time reso-
lution for detector bgox1 over a full orbital time-window of approximately 80
min. The shaded region represents the nominal 3σ uncertainty band.

Figure 3.6 shows the 1 s resolution predictions. Since the predictive dis-

tribution is a mixture of Gaussians, the nominal 3σ coverage (≈ 99.7%) does
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not correspond to a strict Gaussian mapping. Instead, symmetric bounds are

computed around the predictive mean as an approximation of the conditional

mixture variance.

Compared to the Skew-Normal model at the same resolution, GMR pro-

duces amore stable background estimate andmore coherent uncertainty bands.

The model is less reactive to isolated bin-level perturbations and better cap-

tures the underlying large-scale background evolution driven by orbital dy-

namics.

Overall, GMR trades local sensitivity for global robustness, providing a

structurally smoother and more physically consistent background estimate.

Predictive performances. The predictive performance of theGaussianMix-

ture Regression model evaluated on the test set is reported in Table 3.3. All

metrics are computed using the 1 s dataset. TheGMRmodel achieves aMAPE

of 3.39%, improving by 0.07 percentage points over the Skew-Normal regres-

sor.

Detector MAE RMSE
bgo_z1 41.58 51.72
bgo_z0 40.82 51.44
bgo_y1 31.85 39.77
bgo_y0 31.94 40.15
bgo_x1 31.56 39.64
bgo_x0 30.97 38.53

Table 3.3: Predictive performance of the Gaussian Mixture Regression model
(K = 4 components) on the test set at 1 s time resolution.

The Gaussian Mixture Regression model achieves slightly better predic-

tive performance than the Skew-Normal regressor, yielding amarginally lower

percentage error (3.39% vs 3.46%).
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3.5 Probabilistic Regression Summary

The three regression models considered in this section represent progressively

more flexible probabilistic descriptions of the detector background.

The Poisson model provides the natural theoretical baseline for photon

counting processes. However, its single-parameter formulation imposes the

constraint Var(Ct) = E[Ct], which is inconsistent with the empirical vari-

ability observed in the data. Both the exploratory mean–variance analysis

and the fitted regression results confirm strong overdispersion, indicating that

a simple Poisson process cannot capture the full stochastic behavior of the

background signal.

The Skew-Normal regression relaxes this constraint by introducing ex-

plicit scale and skewness parameters. This allows the predictive distribution

to represent asymmetric fluctuations and moderate overdispersion. As a con-

sequence, the model produces flexible uncertainty bands that adapt locally to

short-term variations in the counts. However, since the parameters are esti-

mated independently at each time bin, the model effectively assumes a single

regime per observation and can become overly sensitive to local noise.

The Gaussian Mixture Regression further extends this framework by ex-

plicitly modeling multiple latent background regimes. By representing the

conditional distribution as a weighted mixture of Gaussian components, the

model can capture regime switching associated with orbital motion and de-

tector geometry. The resulting predictions are structurally smoother, as the

conditional expectation emerges from the weighted contribution of several la-

tent states rather than from a single parameter set.

From a predictive perspective, both the Skew-Normal and GMR models

achieve very similar accuracy in terms of MAE and RMSE on the 1 s dataset,

with the GMR model showing a marginal improvement corresponding to a

reduction of about 0.07% in the percentage error.

This indicates that the dominant background trends are largely driven by
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the spacecraft orientation and orbital configuration, which can be captured by

both models.

More importantly, the improvement with respect to the baseline Poisson

regression is substantial: the MAPE decreases from 4.22% to 3.39%, corre-

sponding to a reduction of 0.83 percentage points.

Nevertheless, the predictive behavior of the Skew-Normal and GMRmod-

els differs due to their underlying statistical formulation. The Skew-Normal

model prioritizes local adaptability, while the Gaussian mixture model intro-

duces a form of implicit temporal smoothing through regime averaging. For

this reason, GMR provides more stable long-timescale background recon-

structions, which are particularly advantageous for anomaly detection tasks

where robustness against local noise is essential.

Table 3.4 summarizes the predictive performance of the three probabilistic

regressors.

Model MAE (avg) RMSE (avg) Key limitation
PR 43.35 54.35 Cannot model overdispersion
SNR 35.77 44.86 High local sensitivity
GMR 34.79 43.54 Higher model complexity

Table 3.4: Summary of predictive performance for the probabilistic regression
models at 1 s time resolution. Metrics are averaged across detectors. Abbre-
viations: PR = Poisson Regressor, SNR = Skew-Normal Regressor, GMR =
Gaussian Mixture Regressor.

Overall, while the Poissonmodel provides a useful theoretical baseline, the

empirical variability of the detector background requires richer probabilistic

formulations. Among the models considered, Gaussian Mixture Regression

offers the best compromise between predictive accuracy, stability, and physi-

cal interpretability of the background regimes.



Chapter 4

Explainable Background

Modeling

Interpretability plays an important role in this work, particularly from a phys-

ical perspective. While predictive performance remains a primary objective,

interpretable models provide an additional advantage by helping to understand

how the input variables influence the predicted background signal. This is par-

ticularly useful in scientific applications, where model behavior should remain

consistent with the underlying physical processes.

In the context of gamma-ray background modeling, interpretability makes

it possible to verify that the model relies on physically meaningful variables

related to the spacecraft state, rather than on spurious correlations arising from

the training data.

In the machine learning literature, a distinction is often made between ex-

plainability and interpretability. Explainability refers to post-hoc techniques

that analyze an already trained model in order to estimate how different input

variables influence its predictions. Interpretability, instead, typically refers

to models whose internal structure is inherently understandable, allowing the

relationship between inputs and outputs to be directly inspected.

To leverage both perspectives, this work adopts two complementary ap-

proaches.
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SHAP (SHapley Additive exPlanations; [32]) is used as a post-hoc ex-

plainability method to analyze the trained probabilistic regressors. In particu-

lar, SHAP is applied to both the Skew-Normal and Gaussian Mixture Regres-

sion models in order to quantify the contribution of each input feature to the

predicted background counts, enabling both local and global assessments of

feature importance.

In parallel,Kolmogorov–Arnold Networks (KANs; [31]) are explored as an

intrinsically interpretable neural architecture. Unlike SHAP, which explains

already trained models, KANs constitute a separate regression model whose

structure explicitly represents univariate functional relationships between in-

puts and hidden neurons that can be directly visualized and analyzed.

Together, these tools allow us to verify that the learned models remain

physically coherent, transparent, and scientifically reliable.

4.1 SHAP-based post-hoc explanations

4.1.1 Theoretical Background

SHAP is based on the concept of Shapley values from cooperative game the-

ory [44]. Given a model f(x) and an input vector x ∈ Rd, the prediction is

expressed as an additive decomposition:

f(x) = ϕ0 +
d∑

i=1
ϕi, (4.1)

where ϕ0 is the baseline prediction and ϕi represents the contribution of

feature i to the final output.

Baseline value. The baseline is defined as the expected model prediction

over a background data distribution:

ϕ0 = Ex∼p(x)[f(x)]. (4.2)
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Since the true data distribution p(x) is unknown, this expectation is ap-

proximated empirically using Monte Carlo sampling over a representative

background dataset:

ϕ0 ≈ 1
N

∑
x∈B

f(x), (4.3)

where B denotes the selected background set.

Shapley values. For a specific test sample x, the Shapley value ϕi is defined

as the average marginal contribution of feature i across all possible subsets of

features. Formally,

ϕi =
∑

S⊆F\{i}

|S|!(d− |S| − 1)!
d!

[
fS∪{i}(x) − fS(x)

]
, (4.4)

where:

• F is the set of all features,

• S is a subset of features not containing i,

• fS(x) denotes the model prediction when only features in S are known

and the remaining ones are marginalized.

This definition ensures a fair allocation of the prediction difference

f(x) − ϕ0 =
d∑

i=1
ϕi, (4.5)

distributing the deviation from the baseline among all features.

Interpretation. Each ϕi quantifies how much feature i shifts the prediction

away from the expected model output. Positive values indicate that the fea-

ture increases the predicted background level, while negative values indicate

a decreasing effect.
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4.1.2 Implementation Choices

Feature representation for explainability. Although the predictive models

are trained using the sine and cosine encoding of angular variables in order to

avoid artificial discontinuities, SHAP results are discussed in terms of physi-

cally meaningful angular quantities, namely the original orientation variables

and, when needed, their residualized counterparts (for reasons we will see

in the upcoming paragraphs). This choice improves physical interpretability,

since raw or residualized angles retain a direct connection to the spacecraft

geometry, whereas the sine/cosine representation would split each physical

angle into two transformed coordinates.

Reference models for SHAP analysis. The SHAP analysis is performed on

both the Skew-Normal regression model and the Gaussian Mixture Regres-

sion (GMR) model, with different roles. The Skew-Normal model provides

a smoother and more global view of the relationship between input variables

and background prediction, making it useful for dependence analysis. The

GMR model, on the other hand, allows a more detector-specific interpreta-

tion, since it can capture multiple background regimes and therefore reveals

stronger variability in feature attribution across detectors.

Unless otherwise specified, dependence-style analyses are discussed us-

ing the Skew-Normal model, while detector-wise global feature rankings are

shown using the GMR model.

4.1.3 Correlation Structure of the Input Features

Before interpreting SHAP values, it is important to assess the correlation struc-

ture of the input variables.

Since the residualization procedure introduced later relies on a linear re-

gressionmodel, correlations are evaluated using the Pearson coefficient, which
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measures linear dependence between variables. In practice, Pearson and Spear-

man correlation matrices were found to be very similar, indicating that the

dominant relationships between the considered features are largely linear.

Figure 4.1: Pearson correlation matrix of the input features. Strong corre-
lations are observed between some orbital and pointing variables, indicating
partial redundancy in the geometric information provided to the model.

Several orientation and orbital features are not independent, since they

describe related aspects of the spacecraft geometrywith respect to the Earth. In

particular, the spacecraft pointing coordinates and the orbital longitude exhibit

substantial correlation.

This correlation is physically expected. As shown in the correlationmatrix

in Figure 4.1, variables such as zlon and Earthlon are both linked to the space-

craft orientation relative to the Earth along the orbit, and therefore partially

encode the same underlying geometric configuration. As a consequence, fea-

ture attribution methods may not assign importance uniquely, but instead split

the contribution across correlated variables.
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4.1.4 SHAP Dependence Analysis and Collinearity

A SHAP dependence plot shows how the contribution of a specific feature

varies as a function of its value, while optionally highlighting interactions with

another feature through color encoding.

Figure 4.2: SHAP dependence plot for the feature zlon, colored according to
Earthlon.

Figure 4.2 highlights a structured dependence between the SHAP contribu-

tion of zlonand the orbital longitudeEarthlon. This is an important observation:

the feature interaction is not visible only in the correlation matrix of the raw

inputs, but also propagates to the SHAP values themselves. In other words,

the attribution assigned to zlon depends in part on another strongly related ge-

ometric variable.

The dependence plot indeed reveals a clear nonlinear relationship between

the value of zlon and its SHAP contribution. For negative values of zlon, the

contribution tends to be negative, indicating that this spacecraft orientation

is associated with lower predicted background levels. As zlon increases, the

SHAP value grows smoothly and eventually becomes strongly positive, mean-

ing that certain orientations of the spacecraft boresight contribute to increasing

the predicted detector background.
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The color gradient further highlights the interaction with Earthlon. Points

with similar zlon values but different colors correspond to different orbital lon-

gitudes, showing that the contribution of the pointing direction cannot be in-

terpreted independently of the spacecraft orbital position. In particular, the

transition region around intermediate zlon values shows a continuous color

variation, indicating that the model jointly uses both variables to explain the

observed background variability.

This behavior suggests that the detector background depends not only on

the instantaneous pointing direction but also on the relative geometry between

the spacecraft orientation and the Earth position along the orbit. The SHAP

dependence plot therefore provides a useful visualization of how correlated

geometric variables jointly influence the predicted background counts.

This behavior reflects a well-known limitation of attribution methods in

the presence of collinearity. When two variables carry overlapping informa-

tion, SHAPmay distribute the importance between them in a non-unique way.

As a result, the ranking of correlated features should not always be inter-

preted as a strict physical separation of mechanisms, but rather as a partition

of shared explanatory power.

4.1.5 Residualization for Correlated Features

To partially address this issue, we apply a simple residualization strategy to

selected pairs of strongly correlated variables. The idea is to preserve one

reference feature and replace the correlated companion with its residual com-

ponent, i.e. the part that cannot be linearly explained by the reference feature.

More precisely, given a correlated pair (F,G), we:

1. choose a main feature F ,

2. fit a regression model such that G ≈ h(F ),
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3. replace G with the residual

R = G− h(F ).

The residual feature R therefore contains only the information inG that is

not already explained by F .

In our implementation, a simple linear regression is used:

G ≈ aF + b. (4.6)

The resulting transformed feature is then

Gres = G− (aF + b). (4.7)

This procedure does not alter the physical signal itself, but changes its

parameterization in order to reduce the ambiguity of the attribution. It should

be regarded as an interpretability-oriented sensitivity analysis rather than as a

guaranteed correction. Its purpose is not to improve predictive performance,

but to test whether the SHAP hierarchy becomes more discriminative once

overlapping geometric information is partially disentangled.

In practice, this residualization is applied to orientation variables that ex-

hibit strong correlation with orbital longitude, such as zlon and zlat with respect

to Earthlon.

The non-residualized SHAP analysis is used here only as a diagnostic ref-

erence to identify attribution ambiguity due to correlated variables. For clarity,

the interpretability results discussed in the following sections are reported for

the residualized representation.
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4.1.6 Global Interpretability

We analyze the global behavior of the model using SHAP values, which ag-

gregate feature contributions across many instances of the dataset.

Sampling strategy for SHAP analysis. For interpretability analyses, the

samples used to compute SHAP values are randomly drawn from the test

dataset rather than taken from a contiguous temporal segment. As a result,

the instances represented in the plots originate from different orbital phases

and observational conditions.

This sampling strategy ensures that the SHAP analysis captures the global

behavior of the model across multiple orbital regimes, rather than reflecting

the dynamics of a single orbit segment.

BeeswarmPlot. Abeeswarm plot summarizes the distribution of SHAP val-

ues for each feature across the dataset. Each point corresponds to one sample,

showing both the magnitude and direction of the contribution, while the color

encodes the corresponding feature value.

Figure 4.3: SHAP beeswarm plot computed after residualization of correlated
orientation variables.

Figure 4.3 provides a global view of feature effects after mitigating the

strongest collinearity. The orbital longitude Earthlon emerges as a dominant

driver, consistent with an orbit-phase modulation of the background. The
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residualized pointing latitude zlat_res also shows large contributions and a clear

negative association with its SHAP values, indicating that higher zlat_res tends

to decrease the predicted background, while lower values increase it.

Spacecraft-frame orientation variables (xlon, xlat) provide intermediate con-

tributions, reflecting changes in detector exposure geometry with respect to

the Earth limb and spacecraft structure. The residualized longitude zlon_res
remains non-negligible, suggesting that a pointing-dependent effect persists

even after removing the component linearly shared with Earthlon. Finally,

altitude and Earthlat contribute weakly, indicating limited influence on short-

timescale modulations.

Detector-wise SHAPbar plots. While the beeswarm plot summarizes global

behavior across samples, detector-wise bar plots aggregate SHAP magnitudes

separately for each detector and highlight geometry-dependent sensitivities.

In practice, the global importance of each feature j is computed as the mean

absolute SHAP value across the analyzed samples:

Ij = 1
N

N∑
i=1

|ϕ(i)
j |, (4.8)

where ϕ(i)
j denotes the SHAP value of feature j for sample i, and N is the

number of samples used in the analysis. This quantity measures the average

magnitude of the contribution of each feature to the model prediction.

GMR: Detector-wise SHAP bar plots. Figure 4.4 shows the aggregated

SHAP feature importance obtained with the GMR model after residualiza-

tion. The detector-specific patterns can be interpreted in light of the physical

detector layout revealing several physically meaningful trends.

First, the orbital longitude Earthlon consistently appears among the dom-

inant features for most detectors, and it is the primary driver for bgox0 and

bgoy0. This indicates that the background level is strongly modulated by the
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Figure 4.4: Detector-wise SHAP feature contributions for the GMR model
after residualization.

orbital phase of the spacecraft, which determines the relative geometry be-

tween the instrument and the Earth environment.

Second, the residualized pointing latitude zlat_res shows particularly strong

influence for the Y detectors, where it becomes the most important feature.

This suggests that variations in the inclination of the spacecraft boresight rel-

ative to the Earth direction significantly affect the exposure geometry of these

detectors.

Finally, the spacecraft-frame longitude xlon consistently ranks among the

most important variables across several detectors, indicating that rotations of

the spacecraft around the X axis play a relevant role in shaping the detector

background.

In contrast, the orbital altitude and Earthlat exhibit very small SHAP mag-

nitudes across all detectors, suggesting that they contribute only marginally to

the short-timescale background variability captured by the model.
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Skew-Normal: Detector-wise SHAP bar plots. Figure 4.5 reports the cor-

responding detector-wise SHAP contributions for the Skew-Normal model af-

ter residualization.

Figure 4.5: Detector-wise SHAP feature contributions for the Skew-Normal
model after residualization.

Compared toGMR, the Skew-Normalmodel producesmore homogeneous

rankings across detectors. This is expected because it describes the conditional

background with a single parametric regime per time bin, whereas GMR can

represent multiple latent regimes. As a result, detector-specific sensitivities

are more clearly exposed by the mixture model.

4.1.7 SHAP Summary and Physical Consistency

Across detectors and models, SHAP yields a physically coherent picture in

which orbital phase and spacecraft orientation jointly govern the background.

1. Orbital phase: Earthlon is consistently dominant, indicating a strong

orbit-dependent modulation of the background level.

2. Pointing and orientation: zlat_res, zlon_res, xlat, xlon modulate the detector

exposure geometry relative to the surrounding radiation environment
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and spacecraft structure, with detector-specific sensitivity consistent with

the known panel layout.

3. Secondary effects: altitude andEarthlat remainmarginal on short timescales,

as they evolvemore slowly and induceweaker geometric changeswithin

a single orbit segment.

Overall, the agreement between attribution patterns and detector geome-

try acts as a physical consistency check, supporting the conclusion that the

models rely on meaningful orbital and pointing drivers rather than spurious

correlations.
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Kolmogorov-Arnold Networks:

Interpretable Function Learning

Kolmogorov–Arnold Networks (KANs) are a class of neural networks de-

signed to improve interpretability. Unlike standard neural networks, where

connections are simple weights, KANs learn explicit univariate functions on

each edge. This means that every connection represents a functional relation-

ship between variables, rather than just a number. As a result, KANs allow

us to directly visualize and interpret how each input feature contributes to the

model’s internal representation and final prediction. This makes them partic-

ularly suitable for scientific applications where understanding the structure of

the learned dependencies is as important as prediction accuracy.

5.1 Theoretical Background

5.1.1 Universal Approximation andMulti-Layer Perceptrons

The Universal Approximation Theorem (UAT; [24]) states that a sufficiently

wide feed-forward neural network with non-linear activation functions can

approximate any continuous function on a compact domain to arbitrary preci-

sion. In standard Multi-Layer Perceptrons (MLPs; [22]), this approximation
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is achieved through linear combinations of fixed activation functions applied

to weighted sums of the inputs. Although this guarantees expressive power,

the learned representation is distributed across many parameters, making the

internal structure difficult to interpret.

5.1.2 Kolmogorov–Arnold Representation Theorem

The Kolmogorov–Arnold Theorem (KAT; [27, 5]) provides a stronger struc-

tural result. It states that any continuous multivariate function f : Rd → R

can be represented as a finite superposition of continuous univariate functions:

f(x1, . . . , xd) =
2d+1∑
q=1

Φq

 d∑
p=1

ψpq(xp)

 , (5.1)

where ψpq and Φq are continuous one-dimensional functions.

Further discussions and modern expositions of the theorem can be found

in the collected works of Arnold [4].

Unlike the UAT, which guarantees approximation through layered compo-

sitions of fixed nonlinearities, the KAT expresses multivariate functions ex-

plicitly in terms of sums and compositions of univariate functions. This struc-

tural decomposition provides a theoretical foundation for constructing models

whose internal components are intrinsically interpretable.

5.1.3 From KAT to Neural Architectures

Kolmogorov–ArnoldNetworks [31] translate this theoretical result into a prac-

tical neural architecture. Instead of using fixed activation functions applied to

linear transformations, KANs learn adaptive univariate functions along each

edge of the network. In this framework, the model approximates multivari-

ate mappings by combining learned one-dimensional transformations, closely

mirroring the structure suggested by the Kolmogorov–Arnold theorem.
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5.1.4 General Architecture of KANs

In a KAN layer, connections between neurons are not simple scalar weights

but parameterized univariate functions. Given an input feature xi, the connec-

tion to a hidden unit is defined as

hj =
∑

i

ϕij(xi), (5.2)

where each ϕij(·) is a learned one-dimensional function. This replaces

the classical affine transformation Wx + b of MLPs with a sum of adaptive

functional mappings.

Figure 5.1: Conceptual architecture of a KAN model, adapted from [31].

5.1.5 B-spline Parameterization

In practice, the univariate functions ϕij are parameterized using B-splines.

B-splines provide a flexible and numerically stable basis for approximating

smooth functions while maintaining locality: each control point affects only

a limited region of the input domain.

This locality offers several advantages:

• Smooth and stable function approximation,

• Reduced interference between distant input regions,

• Direct visual interpretability of learned functional shapes.
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Because each edge corresponds to a learnable curve, the model’s internal

structure can be directly visualized as a collection of one-dimensional response

functions.

5.1.6 Intrinsic Interpretability.

Unlike post-hoc interpretabilitymethods, KANs provide intrinsic transparency.

Each learned function ϕij(xi) explicitly describes how a single input variable

influences downstream activations. By inspecting these functions, it becomes

possible to analyze monotonic trends, saturation effects, and nonlinear sensi-

tivities in a physically meaningful manner.

In the context of spacecraft background modeling, this allows us to di-

rectly visualize how orbital position or pointing angles affect the predicted

count rate, ensuring that learned relationships remain consistent with known

physical behavior.

5.1.7 Advantages and limitations with respect to MLPs

Compared with standard MLPs, KANs offer a different trade-off between ex-

pressivity and interpretability. Their main advantage lies in the fact that non-

linear relationships are represented through explicit univariate functions on

the network edges, rather than being implicitly distributed across many scalar

weights and fixed activations. This makes KANs particularly attractive in sci-

entific settings where understanding the learned functional dependencies is as

important as achieving good predictive performance.

A second advantage is that the learned transformations can be directly vi-

sualized, inspected, pruned, and in some cases symbolically approximated.

This enables a more structured analysis of how input variables contribute to

intermediate representations and final predictions, which is much less straight-

forward in standard MLPs.

On the other hand, this greater transparency comes with some limitations.
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KANs are typically more cumbersome to analyze and optimize than MLPs,

since each connection carries a parameterized function rather than a single

scalar weight. Moreover, while MLPs remain a more standard and broadly

adopted baseline for generic function approximation, KANs are especially

useful when the goal is not only prediction, but also the inspection of the

learned functional structure.

For the present application, this trade-off is favorable: the slight increase

in architectural complexity is compensated by the possibility of directly ex-

amining how orbital and pointing variables influence the predicted detector

background.

5.1.8 Recent applications of Kolmogorov–Arnold Networks

Following their introduction, KANs have rapidly attracted attention across a

variety of machine learning domains due to their combination of expressive

power and interpretability. Recent studies have explored KAN architectures

in several supervised learning tasks, including regression and classification,

often reporting competitive performance with respect to standard MLPs while

providing a more interpretable representation of the learned functional rela-

tionships [18].

In particular, KANs have been investigated in scientific machine learning

contexts where understanding the structure of the learned model is essential

[30].

Beyond standard regression tasks, KAN-based models have also been pro-

posed for anomaly detection problems. In these settings, the ability of KANs

to learn structured nonlinear transformations has been exploited to identify

deviations from typical data patterns while preserving an interpretable repre-

sentation of the underlying model behavior [49].

KAN architectures have also been explored in time-series forecasting and
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tabular learning tasks, where their flexible functional representation can cap-

ture periodic and nonlinear dependencies while maintaining a relatively com-

pact model structure [21].

These characteristics make KANs particularly attractive for scientific ap-

plications in which predictive performance and interpretability are both impor-

tant. In the context of space instrumentation and astrophysical data analysis,

interpretable models can help relate learned statistical patterns to underlying

physical drivers, such as orbital geometry and detector orientation. This mo-

tivates the use of KANs in the present work to analyze the dependence of

detector background rates on spacecraft orbital and pointing parameters.

5.2 Implementation

The implementation of the Kolmogorov–Arnold Network models was carried

out using the PyKAN framework, the official library released by the authors

of the Kolmogorov–Arnold Networks paper [31]. The framework provides

a reference implementation of KAN architectures and utilities for training,

pruning, and inspecting the learned univariate functions.

5.2.1 Network Architecture

Figure 5.2 shows the structure of the Kolmogorov–Arnold Network used for

background modeling after the pruning and fine-tuning stages described in the

following section. The nodes at the bottom correspond to the input variables

describing the spacecraft geometry and orbital configuration, while the nodes

at the top correspond to the predicted background counts for each detector.

Inputs. The network receives 10 input variables describing the spacecraft

orientation and orbital configuration. These include the orbital altitude, the

sine and cosine encoding of the orbital longitude (sin(Earthlon), cos(Earthlon)),

the sine and cosine encoding of the spacecraft x-axis longitude (sin(xlon),
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cos(xlon)), the sine encoding of the orbital latitude (sin(Earthlat)), the sine en-

coding of the spacecraft x-axis latitude (sin(xlat)), and the residualized point-

ing variables (sin(zlat_res), sin(zlon_res), cos(zlon_res)).

Outputs. The network produces six output values corresponding to the pre-

dicted background counts for the ACS detectors bgoz1, bgoz0, bgox1, bgox0,

bgoy1, and bgoy0.

Architecture. Each connection between two neurons is associated with a

learnable transformation parameterized using B-spline basis functions with

grid size 5 and spline order 3. This representation allows the network to ap-

proximate nonlinear relationships while maintaining smooth and interpretable

functional transformations.

In Figure 5.2, each edge represents one of these learned univariate func-

tions. The opacity of the connections qualitatively reflects the magnitude of

the learned transformations, providing a visual indication of which interac-

tions contribute most to the final prediction.

Although this global visualization provides an overview of the network

connectivity, it does not reveal the explicit functional form learned along each

edge. For this reason, in the following analysis we inspect individual learned

functions between the input layer and the hidden layer in order to interpret

how specific physical variables influence the predicted detector background.

5.2.2 Training Procedure

The Kolmogorov–Arnold Network was trained using a supervised regression

setting, such that training was performed for 6000 optimization steps, using

the Adam optimizer and a fixed learning rate of 10−3. The model parameters

were optimized by minimizing the mean squared error (MSE), corresponding

to the L2 loss between the predicted and observed detector count rates.

A small regularization penalty with strength λ = 5 × 10−6 was applied in
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Figure 5.2: Visualization of the pruned Kolmogorov–Arnold Network used
for background prediction. Bottom nodes correspond to the input features,
the middle layer represents the hidden neurons, and the top nodes correspond
to the predicted detector background counts. Darker edges indicate stronger
learned transformations.

order to encourage smoother functional representations and reduce overfitting

during training.

5.2.3 Pruning and Fine-Tuning

The initial network architecture is intentionally defined with sufficient capac-

ity to capture potentially complex dependencies between the spacecraft con-

figuration and the detector background rates. Since the intrinsic structure of

the problem is not known a priori, this overparameterized architecture allows

the model to learn a flexible functional representation during training.

After the initial training phase, a pruning procedurewas applied to simplify

the network structure by removing weak or redundant connections. Pruning

acts as a form of structural regularization and is commonly used inKolmogorov–

Arnold Networks to identify the minimal functional structure required to ap-

proximate the target mapping, as discussed in Subsection 2.5 of [31].
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The pruning process reduces the number of effective connections and high-

lights the most relevant functional dependencies between inputs, hidden neu-

rons, and outputs. After pruning, a short fine-tuning phase (4000 optimization

steps) was performed to allow the remaining parameters to readjust and stabi-

lize the learned functions.

5.3 Regression results

5.3.1 Predictive performance

The pruned KAN achieves competitive predictive accuracy across all detec-

tors (Table 5.1). Compared to the non-pruned KAN, pruning leads to a small

improvement in MAPE of approximately 0.07 percentage points, resulting in

a final error of about 3.39%. Since the model captures the main background

variability, its learned functional structure can be meaningfully inspected for

interpretability.

Detector MAE RMSE
bgo_z1 41.55 51.67
bgo_z0 40.89 51.51
bgo_y1 31.57 39.68
bgo_y0 30.99 38.58
bgo_x1 32.13 40.07
bgo_x0 32.10 40.38

Table 5.1: Predictive performance of the pruned KAN regressor on the test
set.

5.3.2 Temporal behavior of the predictions

Figure 5.3 shows a representative light curve segment together with the back-

ground signal predicted by the pruned KANmodel. The figure corresponds to

a time window of 3920 bins at 1 s resolution, corresponding to approximately

65 min of observation.
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Figure 5.3: KAN background predictions at 1 s time resolution for detector
bgox0 over a ≈ 65 min time window. The shaded region represents an empir-
ical ±3σ residual band used to visualize the scale of statistical fluctuations.

Despite being a deterministic regressor, the KAN model captures the un-

derlying background level and produces a stable estimate of the expected count

rate over time. The predicted background remains smooth compared to the

rapid stochastic fluctuations visible in the observed counts, similarly to what

is obtained with the probabilistic regression models introduced earlier (Skew-

Normal and Gaussian Mixture Regression, Sections 3.3 and 3.4).

A clear slowly varying modulation is visible in the predicted background

curve. This behavior reflects the orbital and geometrical dependencies of

the detector background: as the spacecraft position and orientation evolve

along the orbit, the expected background level changes accordingly. The KAN

model successfully adapts to this orbital pattern, reproducing the large-scale

variations of the background while leaving the high-frequency variability to

the intrinsic stochastic counting noise.

For visualization purposes, we also report an empirical uncertainty band

corresponding to approximately ±3σ, estimated from the standard deviation

of the residuals on the test set. Although this band does not represent a true

predictive distribution (since the KAN model does not explicitly model the

stochastic variability of the counts), it provides a useful reference scale for

the magnitude of the statistical fluctuations around the predicted background

level.

Overall, the figure confirms that the KAN regressor successfully captures

the main background trend driven by orbital conditions, while the residual
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variability is dominated by the intrinsic counting noise of the detector.

5.4 Interpretation of Learned Functions

5.4.1 Preliminary Functional Analysis

Before delving deeper into the inspection of the learned functions, it is worth

highlighting that a preliminary exploratory analysis with KANs provided use-

ful insights for feature engineering and helped validate our assumptions about

the structure of the dataset.

In early experiments using the raw angular variables, the learned edge

functions frequently exhibited clear sinusoidal patterns. This behavior be-

came particularly evident after applying the symbolic regression (symbolifi-

cation) procedure available in the KAN framework, which approximates the

learned spline functions with analytical expressions (as discussed in Subsec-

tion 5.4.6). In several cases, the resulting symbolic forms closely resembled

sine and cosine functions of the input angles.

This observation illustrates a practical advantage of interpretable mod-

els: by inspecting the learned functional relationships, it becomes possible

to uncover meaningful transformations of the input variables. In our case, the

emergence of sinusoidal structures confirmed that the spacecraft orientation

variables exhibit an intrinsic periodic behavior.

Motivated by this result, we explicitly incorporated this prior knowledge

into the preprocessing stage by transforming the angular features using sine

and cosine encoding, as described in Subsection 2.1.4. This representation

makes the periodic structure explicit and removes artificial discontinuities at

the ±180◦ boundary.

After this transformation, the symbolic forms obtained from the learned

functions remain trigonometric but become simpler and more stable, since

the model no longer needs to reconstruct periodicity from raw angles and can
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instead focus on modeling the physically meaningful dependencies between

spacecraft geometry and detector background.

5.4.2 Function Inspection

As discussed previously, functional representation provided by KANs allows

direct inspection of the learned relationships between orbital variables and

detector background.

1 s time resolution. Figures 5.4 and 5.5 show zoomed views of representa-

tive univariate functions learned by the KAN model trained on the 1 s time-

resolution dataset. Each panel corresponds to the transformation associated

with a single edge connecting an input variable to a hidden neuron.

In particular, the figures highlight the learned transformations associated

with the cos(Earthlon) and cos(zlon_res) features. These variables encode the

orbital longitude of the spacecraft and the orientation of the detector boresight,

respectively, both of which are expected to influence the background signal

due to the changing spacecraft geometry and viewing conditions along the

orbit.

Figure 5.4: Zoomed examples of learned univariate functions between the
cos(Earthlon) input feature and hidden neurons for the KAN model trained at
1 s time resolution.

Several functions exhibit smooth nonlinear behaviors, including mono-

tonic trends and gradual saturation patterns. Such transformations indicate

that hidden neurons respond in a structured way to variations of the corre-

sponding input variables. For instance, monotonic responses suggest that the

background level changes systematically with the spacecraft orbital longitude

or detector orientation.
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Figure 5.5: Zoomed examples of learned univariate functions between the
cos(zlon_res) input feature and hidden neurons for the KANmodel trained at 1 s
time resolution.

More generally, the learned functions remain smooth and well-behaved,

reflecting the regularization effect of the B-spline parameterization used in

the KAN architecture. This functional structure allows the model to capture

nonlinear dependencies while preserving interpretability, since the learned re-

lationships between input variables and hidden representations can be directly

visualized and analyzed.

50 ms time resolution. To verify the stability of the learned relationships

across temporal resolutions, we repeat the same inspection on the KANmodel

trained at 50 ms resolution.

Figure 5.6 shows representative univariate transformations learned between

the input layer and the hidden layer. Each small panel corresponds to the func-

tion associated with a specific edge of the network. Despite the higher level

of stochastic noise present at this temporal resolution, the learned transforma-

tions remain smooth and structured.

Figure 5.6: Representative univariate functions learned by the KAN model
trained at 50 ms resolution between the input feature sin(Earthlon) and a hid-
den neuron. Each panel shows the functional transformation associated with
a single edge connecting an input feature to a hidden neuron.
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In particular, the first function exhibits a clear monotonic increasing pat-

tern. This function corresponds to the sin(Earthlon) feature, indicating that

variations in the spacecraft orbital longitude systematically affect the activa-

tion of the corresponding hidden neuron. This behavior is consistent with the

expected dependence of the detector background on the satellite position along

its orbit.

Overall, the similarity between the learned transformations at 1 s and 50ms

resolutions confirms that the KANmodel consistently captures the underlying

physical relationships between spacecraft geometry and detector background,

independently of the temporal binning used in the training data.

5.4.3 Input → hidden contribution

To understand how the input variables contribute to the internal representa-

tion learned by the network, we visualize the attribution matrix between input

features and hidden neurons. Each column corresponds to an input variable,

while each row represents a hidden unit.

Figure 5.7: Input → hidden attribution heatmap for the pruned KAN model.
Each entry indicates the relative contribution of an input feature to a hidden
neuron.

Figure 5.7 shows that the internal representation of the network is primar-

ily driven by a small subset of geometrical variables related to the spacecraft

orbital configuration. In particular, the sine and cosine encodings of the Earth
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longitude (sin(Earthlon) and cos(Earthlon)) exhibit consistently strong contri-

butions across several hidden neurons. This indicates that the orbital phase of

the spacecraft relative to the Earth is a dominant factor in shaping the learned

latent representation of the background signal.

Some hidden neurons are strongly specialized to particular input variables.

For example, unit h3 is largely dominated by cos(Earthlon), suggesting that it

captures a specific periodic modulation associated with the spacecraft orbital

position. Other hidden units combine multiple inputs with moderate contribu-

tions, indicating that they encode more distributed latent factors.

Conversely, some neurons (such as h4) receive only weak contributions

from most inputs, reflecting the effect of the pruning step which suppresses

unnecessary connections and leaves only the most relevant functional depen-

dencies active.

Overall, the heatmap confirms that the latent representation learned by the

pruned KAN is largely organized around orbital geometry variables, which

are physically expected to drive the modulation of the detector background.

5.4.4 Hidden → output contribution

To analyze how the latent representation is mapped to the detector outputs, we

visualize the attribution matrix between hidden neurons and detectors.

Figure 5.8: Hidden → output attribution heatmap for the pruned multi-output
KAN.
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Figure 5.8 shows that the detector predictions are mainly driven by a lim-

ited subset of hidden units. In particular, neurons h2 and h1 consistently ex-

hibit the strongest contributions across detectors, indicating that they encode

dominant latent components of the background variability shared among chan-

nels.

Additional units contribute with smaller magnitudes, suggesting that they

capture secondary corrections to the global background structure. The overall

similarity of the contribution profiles across detectors indicates that the model

relies on a common latent representation, while detector-specific variations

arise from differences in how each output combines these hidden components.

5.4.5 Global feature importance

Path-wise aggregation of feature attributions. To obtain a single global

ranking of the input variables that reflects their effective contribution to the

predicted background, we combine the two attribution stages of the pruned

KAN. First, we compute the absolute attributions from each input feature to

each hidden unit (input → hidden). Second, we compute the absolute attri-

butions from each hidden unit to each detector output (hidden → output).

A global score is then derived by aggregating contributions along all input–

hidden–output paths, so that an input feature is deemed important only if it

both (i) strongly influences at least one hidden unit and (ii) such hidden unit

contributes to at least one detector output (Equation 5.3).

This path-based aggregation is particularly natural in the KAN architec-

ture, where the network is explicitly composed of univariate functions along

individual edges. In contrast, in standard MLPs the nonlinear transformations

entangle multiple input variables, making such a direct path-wise attribution

less straightforward.

Ij ∝
∑

h

∣∣∣A(in→hid)
h,j

∣∣∣ ∑
d

∣∣∣A(hid→out)
d,h

∣∣∣ (5.3)
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The resulting scores are normalized to sum to one, yielding an interpretable

global importance distribution.

Figure 5.9: Global feature importance obtained by composing input→hidden
and hidden→output attributions in the pruned KAN.

Interpretation of the global importance ranking. As shown in Figure 5.9,

the dominant contributions are associatedwith sin(Earthlon) and cos(Earthlon),

indicating that the spacecraft orbital longitude is the primary driver of the

background variability captured by the model. This confirms that the back-

ground signal strongly depends on the satellite position along its orbit, which

modulates the detector exposure to atmospheric albedo and other environmen-

tal radiation sources.

A second tier of influential variables includes sin(xlat) and cos(xlon), which

encode the spacecraft pointing orientation. Their relatively high importance

suggests that the detector background is also modulated by the instrument atti-

tude, as different pointing configurations expose the detectors to varying levels

of Earth-originating gamma radiation.

Additional variables such as cos(zlon_res), sin(Earthlat), and sin(xlon) pro-

vide secondary contributions that refine the prediction by capturing more sub-

tle geometric effects. Conversely, altitude and sin(zlat_res) appear among the

least influential inputs, indicating that within the analyzed orbital regime their
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contribution to background variability is comparativelyweaker than the orbital-

phase and pointing-related factors.

5.4.6 Symbolic approximation of learned dependencies

Although the composed input→hidden→output attribution score is not di-

rectly amenable to a compact closed-form expression, symbolic regression

can still be used as a diagnostic tool to summarize the dominant functional

families learned by the pruned KAN.

Symbolic approximation of edge functions. As a first step, the symbol-

ification procedure was applied to the individual edge functions between the

input and hidden layers. Figure 5.10 shows the symbolic approximations of

the input→hidden functions previously visualized in Figure 5.4. The expres-

sions are obtained through the KAN symbolification procedure applied to the

model trained at 1 s resolution. These symbolic forms approximate the spline

functions learned by the network and provide an interpretable description of

how specific input variables influence the hidden representation.

Figure 5.10: Symbolic approximation of selected input→hidden functions ob-
tained through the KAN symbolification procedure for the 1 s model. Each
panel corresponds to a learned transformation between an input feature and a
hidden neuron.

These symbolic forms highlight that the dominant transformations involve

combinations of trigonometric, linear, and weakly nonlinear terms, reflecting

the periodic and geometric structure of the spacecraft orientation variables.
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Symbolic approximation of the detector response. While the figure illus-

trates the symbolic expressions for individual edge functions, the final de-

tector prediction results from the composition of multiple input→hidden and

hidden→output transformations.

As an illustrative example, the following expression reports a symbolic

approximation of the overall mapping for the bgoz1 detector output1:

ŷbgoz1(x) ≈ a0 + 0.16 zcos,res
lon + 0.15 xsin

lon − 0.25 zsin,res
lon

+ 0.53 sin(0.41 zcos,res
lon − 1.21) − 1.53 cos(0.24 zcos,res

lon + 3.43)

− 1.33 cos(0.83 Earthsin
lon + 7.03) + 0.60 cos(0.59 xsin

lon − 5.62)

+ 0.16 exp(1.01 xsin
lon) + 0.15

(
0.79 xsin

lat + 0.99
)2
.

(5.4)

For this detector, the symbolic approximation reveals a combination of

linear, periodic, and weakly curved nonlinear terms. The most evident struc-

ture is the repeated appearance of trigonometric functions involving zcos,res
lon

and Earthsin
lon, confirming that the predicted background strongly depends on

orbital phase and pointing geometry. Additional exponential and quadratic

terms involving xsin
lon and xsin

lat indicate that the dependence is not purely sinu-

soidal and includes mild curvature effects.

For clarity of presentation, only the dominant terms are reported, while

very large low-frequency trigonometric terms are omitted from the displayed

expression, as they mainly behave as quasi-constant offset corrections in the

sampled regime.

1For readability, the notation of the input variables is slightly simplified with respect to
the original feature names used in the model in order to improve clarity and layout of the
symbolic expression.
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5.4.7 Consistency with SHAP analysis

The global feature importance obtained from the KAN attribution analysis

shows a strong consistency with the SHAP-based interpretation presented in

the previous section (4.1.7). In particular, the dominant role of the orbital

phase variable (Earthlon) and the importance of spacecraft orientation param-

eters are recovered by both approaches.

While the SHAP analysis was performed on the raw orientation variables,

the KAN model operates on trigonometric encodings of the same quantities

(e.g. sin and cos of the angles). Despite this difference in representation,

both attribution methods identify the same physical drivers of the background

variability.

This agreement between two independent interpretability frameworks pro-

vides an additional consistency check, suggesting that the models capture

meaningful physical dependencies related to orbital position and spacecraft

pointing.



Chapter 6

Anomaly Detection

6.1 Transient Detection Strategy

6.1.1 Statistical formulation

The goal of the anomaly detection pipeline is to identify time intervals in

which the observed photon counts significantly exceed the background ex-

pectation predicted by the probabilistic regression model.

For each time bin t, the model provides a conditional probability distribu-

tion for the background counts:

Yt ∼ P (Y | Xt), (6.1)

where Xt represents the spacecraft orbital and attitude parameters at time

t, and Yt models the stochastic background fluctuations.

Under the background-only hypothesis,

H0 : yt ∼ P (Y | Xt), (6.2)

the observed counts are assumed to be generated purely by the background

process. A transient astrophysical event, such as a GRB, manifests itself as a

statistically significant positive deviation from this distribution.
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The detection problem can therefore be formulated as a statistical compati-

bility test between the observed counts yt and the predicted background distri-

bution. Observations that fall in the upper tail of the predicted distribution are

considered statistically incompatible with the background-only hypothesis at

a given confidence level. In particular, deviations exceeding predefined sig-

nificance thresholds (e.g., 3σ, 4σ, or 5σ) are treated as candidate anomalous

fluctuations.

Because isolated fluctuations may arise from random background varia-

tions, the detection decision is not taken at the single-bin level. Instead, candi-

date anomalous bins are aggregated over short temporal windows in order to

identify statistically consistent excesses above the predicted background level.

6.1.2 Implementation in the proposed pipeline

The probabilistic regression model provides, for each time bin t, the full pre-

dictive distribution of the expected background counts. This distribution is

used to compute significance thresholds corresponding to rare background

fluctuations.

Adaptive significance thresholds

In particular, we derive thresholds corresponding to Gaussian-equivalent sig-

nificance levels of 3σ, 4σ, and 5σ. These thresholds are obtained directly from

the predicted background distribution P (Y | Xt).

For a given significance level kσ, the corresponding threshold Tkσ(t) is

defined as the upper quantile of the predictive distribution such that

P (Yt > Tkσ(t) | Xt) = pkσ, (6.3)

where pkσ denotes the tail probability associated with the chosen Gaussian

significance level.

An observed count yt is therefore flagged as anomalous whenever
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yt > Tkσ(t). (6.4)

To formalize this condition, we define a binary indicator variable

It =


1 if yt > Tkσ(t)

0 otherwise
(6.5)

whichmarks whether a time bin exceeds the chosen significance threshold.

Temporal aggregation of anomalies

Since the temporal structure of gamma-ray bursts can vary significantly, the

detection decision is not taken at the single-bin level. Isolated fluctuations

may arise from statistical variations of the background and are therefore not

considered sufficient evidence for a transient event.

To increase robustness against random background fluctuations and re-

duce the number of false positives, anomalous bins are aggregated over short

temporal windows.

We therefore define an aggregated detection statistic

S =
W∑

t=1
It, (6.6)

whereW denotes the size of the analysis window.

A transient candidate is identified whenever the number of bins above

threshold exceeds a minimum requirement τ :

S ≥ τ. (6.7)

In other words, at least τ time bins within the analysis windowmust exceed

the chosen significance threshold in order for the event to be classified as a

candidate anomaly.

In this proof-of-concept studywe set τ = 3, meaning that at least three bins
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within the analysis window must exceed the threshold. Requiring multiple

threshold crossings ensures temporal consistency of the signal and reduces

the impact of isolated background fluctuations while preserving sensitivity to

short-duration transients.

Multi-detector consistency

Since the COSI anticoincidence system consists of multiple detector panels

with different orientations, an astrophysical transient like a GRB is expected

to produce a coherent excess in more than one detector.

For this reason, we require that a candidate transient is observed simulta-

neously in at least two detectors.

This condition introduces an additional robustness criterion. Requiring

a multi-detector detection significantly reduces the number of false positives

generated by statistical background fluctuations affecting a single detector.

However, this constraint also introduces a trade-off. Depending on the

burst geometry and detector orientation, not all detectors may observe the tran-

sient with the same intensity. As a consequence, requiring multiple detectors

to exceed the threshold may reduce sensitivity to weak or highly directional

events.

The chosen criterion therefore balances two competing objectives: reduc-

ing false alarms while maintaining sensitivity to authentic astrophysical tran-

sients.

Calibration-based threshold selection

We also implemented a calibration-based framework in which the parameter

τ can be selected using a background-only calibration set by estimating the

empirical tail distribution of the detection statistic.

This procedure enables a data-driven control of the false-alarm probability

of the detection pipeline. However, since the present work focuses on demon-

strating the feasibility of the method, this calibration step is not applied in the
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current proof-of-concept analysis and is left for future work.

6.2 Transient Data Source

To evaluate the detection pipeline, synthetic GRB events were injected into

the background data using a simulation framework based onMEGAlib and the

Fermi Gamma-Ray Burst Monitor (Fermi/GBM; [33]) spectral models [13].

MEGAlib TheMediumEnergyGamma-rayAstronomyLibrary (MEGAlib;

[50]) is a software framework developed for the simulation and analysis of

medium-energy gamma-ray instruments. It provides tools for modeling de-

tector geometries, simulating photon interactions through the Geant4 toolkit

[2], and generating realistic detector responses for astrophysical sources.

In this work we exploit simulated GRBs produced as part of the work

presented in [13]. In that study, transient gamma-ray events were simulated

using a framework based on MEGAlib together with spectral models derived

from Fermi/GBM observations.

These simulated detector count rates are used in the present work as tran-

sient signals that can be summed to the background light curves for the anomaly

detection experiments.

6.3 Results

Anomaly detection experiment The anomaly detection experiment pre-

sented in this work evaluates the proposed background modeling framework

in the context of GRB detection. Since only a limited number of GRB events

are considered, the analysis focuses on a reduced set of representative bursts

rather than on a large-scale statistical benchmark.

The objective of this section is not to perform a comprehensive study of a

GRB catalog, but rather to illustrate how the probabilistic background model
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can be used to identify transient excesses compatible with GRBs.

For this purpose, synthetic GRB signals are summed to the background

light curves and the response of the detection pipeline is evaluated.

This experimental setup therefore serves as a preliminary evaluation of the

anomaly detection procedure based on the predicted background distributions.

A complete assessment of the detection performance would require the anal-

ysis of a much larger and more diverse GRB sample, including events with

different durations, intensities, and temporal structures, as well as a dedicated

study of the background-only false alarm rate. Such an investigation is beyond

the scope of the present work and is left for future studies.

Injection pipeline. SimulatedGRB signals are summed directly to the back-

ground light curves by adding the simulated photon counts to the original

background data. This approach preserves the statistical properties of the real

background while introducing controlled transient events.

To make the detection task more challenging and evaluate the model un-

der more demanding conditions, the simulated GRB counts are scaled before

injection. In particular, a constant scaling factor of 0.2 is applied so that the

injected transients remain in a relatively low signal-to-background regime.

GRB events are injected at random times and durations within the obser-

vation windows.

Detection results. Detection is performed bymonitoring positive deviations

from the model-predicted background distribution. When the observed counts

exceed the significance thresholds (e.g. 3σ, 4σ, or 5σ), the corresponding time

bins are flagged as anomalous.

Figure 6.1 shows an example of the detection process. In this case, the

model correctly identifies a localized positive deviation from the predicted

background. The observed excess spans multiple consecutive bins above the

3σ threshold.
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Figure 6.1: Example of a GRB detection task over an anomalous window.

Within our pipeline, the detection statistic is defined as the number of time

bins exceeding the chosen threshold inside the analysis window. In the exam-

ple shown, three bins exceed the 3σ threshold, producing a clear detection of

the injected transient.

In other words, detection is performed by monitoring positive deviations

from the model-predicted background distribution and applying the window-

based statistic defined in the previous section.

These results demonstrate that the probabilistic background model can be
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effectively used to detect transient excesses without relying on explicit sig-

nal templates, providing a flexible anomaly detection framework for GRB

searches.



Chapter 7

Conclusion and Future Work

7.1 Conclusions

This thesis investigated the problem of background modeling for the COSI

Anticoincidence System (ACS), with the objective of supporting the detection

of transient gamma-ray events such as Gamma-Ray Bursts (GRBs). Accurate

background estimation represents a critical challenge for space-based gamma-

ray instrumentation, as the measured count rates are strongly influenced by

the spacecraft orbital position and attitude. The resulting background signal

is therefore highly non-stationary and detector-dependent, making classical

modeling approaches insufficient for robust transient detection.

In this work, we proposed a machine learning framework that combines

probabilistic regression models with interpretable analysis techniques in or-

der to both accuratelymodel the ACS background and provide physical insight

into the learned relationships between spacecraft parameters and detector re-

sponse.

The first contribution of this work concerns the development of a prob-

abilistic background modeling approach. Instead of predicting only a deter-

ministic background estimate, the proposedmodels predict the full conditional

distribution of the detector counts given the spacecraft state. This formulation
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allows the direct estimation of uncertainty and enables the definition of sta-

tistically meaningful detection thresholds. Several probabilistic models were

investigated, including Skew-Normal regression and Gaussian Mixture Re-

gression. These models were trained using the negative log-likelihood loss,

allowing them to capture non-Gaussian features of the background count dis-

tribution.

The experimental analysis demonstrated that simple Poisson-based assump-

tions are not sufficient to describe the statistical properties of the ACS back-

ground. In particular, the data exhibit strong overdispersion and complex vari-

ability driven by orbital and geometrical factors. The probabilistic regressors

were able to model these effects more effectively, producing predictive distri-

butions that capture the observed variability of the detector signals.

A second key aspect of the work focused on model explainability and in-

terpretability. Since background variations are driven by physical processes

related to spacecraft orientation and orbital position, understanding the learned

model behavior is essential to validate its reliability. To address this aspect,

two complementary interpretability strategies were adopted.

First, post-hoc explanations were obtained using SHAP, which quantify

the contribution of each input feature to the predicted background counts. The

SHAP analysis revealed consistent physical patterns across detectors, showing

that spacecraft pointing directions and orbital phase variables are the dominant

drivers of the background signal, while altitude plays a secondary role. These

results are consistent with known physical effects such as Earth albedo and the

directional dependence of detector exposure.

Second, intrinsically interpretable models based on Kolmogorov–Arnold

Networks (KANs) were explored. Unlike standard neural networks, KANs

represent multivariate mappings through compositions of learnable univariate

functions. This architecture allows direct inspection of the learned functional

relationships between input variables and detector responses. The analysis of
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the learned functions provided additional insight into how orbital and orienta-

tion parameters influence the background behavior, demonstrating the poten-

tial of KANs as interpretable models for scientific machine learning applica-

tions.

Finally, the probabilistic background model was integrated into a transient

detection strategy. The predicted background distributions were used to com-

pute adaptive significance thresholds corresponding to rare background fluc-

tuations. Observed count rates exceeding these thresholds were flagged as

potential anomalies. To evaluate the detection capability of the proposed ap-

proach, simulated GRB signals generated with MEGAlib were summed to

the background data. These experiments demonstrated that the probabilistic

framework is able to identify transient excesses while accounting for the in-

trinsic variability of the background signal.

Overall, the results of this thesis show that combining probabilistic re-

gression with interpretable machine learning techniques provides a powerful

framework for modeling complex detector backgrounds in space missions.

The approach enables not only accurate prediction of the background signal

but also a deeper understanding of the physical drivers that shape its variabil-

ity.



7.2 Future Work 84

7.2 Future Work

Several directions can extend and improve the methodology proposed in this

thesis.

A first natural extension concerns the use of more advanced probabilistic

models capable of capturing even richer background dynamics. For instance,

hierarchical Bayesianmodels or deep probabilistic architectures could provide

more flexible representations of detector variability and potentially improve

predictive calibration across different orbital regimes.

Another promising direction involves the integration of temporal model-

ing. In the present work, each time bin was treated independently, with the

background predicted solely from instantaneous spacecraft parameters. How-

ever, detector background signals may exhibit temporal correlations driven

by slow orbital variations, activation effects, or changes in the particle en-

vironment. Incorporating sequence-based models such as recurrent neural

networks, temporal convolutional networks, state-space models, or attention-

based architectures (e.g., 1D transformers) could allow the capture of these

temporal dependencies and potentially improve the stability of background

predictions over extended orbital segments.

Another possible extension involves incorporating physics-informed con-

straints or hybrid models (PINNs) combining data-driven regression with sim-

plified physical background models.

From the interpretability perspective, future research could explore tighter

integration between interpretable models and probabilistic regression. In par-

ticular, extending KANs to probabilistic outputs could combine the advan-

tages of interpretable functional representations with uncertainty-aware pre-

dictions.

Another important future step concerns the application of the proposed

framework to real mission operations. The current study was conducted pri-

marily using simulated data and simulated GRB signals. Once observational
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data from the COSI mission become available, the models could be retrained

and validated directly on real measurements, enabling a systematic evaluation

of the detection performance under realistic conditions.

Finally, themethodology developed in this thesis is not limited to the COSI

ACS and could be generalized to other high-energy astrophysics instruments.

Many gamma-raymissions face similar challenges related to background vari-

ability and transient detection. The combination of probabilistic regression,

interpretable machine learning, and adaptive statistical thresholds may there-

fore represent a general framework for background modeling and anomaly

detection in space-based detectors.

In conclusion, this work highlights how modern machine learning tech-

niques can contribute to addressing long-standing challenges in high-energy

astrophysics. By combining statistical modeling, interpretability, and phys-

ical reasoning, it is possible to develop data-driven approaches that remain

transparent and scientifically meaningful, ultimately supporting the discovery

of transient phenomena in the high-energy universe.



Appendix A

Distribution Fitting Analysis

Purpose of this appendix

This appendix complements the distributional analysis presented in Section 2.2.

The goal of the analysis reported here is not to select the final regression

model, which instead estimates the conditional distribution P (C | x), but

rather to characterize the empirical properties of the observed count data.

Since the conditional distribution P (C | x) cannot be directly observed in

isolation, we first analyze the marginal distribution P (C) obtained by aggre-

gating counts across time bins. This exploratory analysis provides insight into

the statistical properties of the background fluctuations (such as dispersion and

skewness) and helps identify suitable distributional families for modeling the

conditional background variability in the regression framework.

A.1 Selection of approximately stationary back-

ground windows

To further extend the analysis introduced in Section 2.2, it is important to em-

phasize that the background count rate recorded by the detectors is not strictly
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stationary over long time intervals. Orbital motion, Earth occultation, ge-

omagnetic conditions, and variations in the spacecraft orientation introduce

gradual changes in the expected photon rate.

In order to study the statistical properties of the background counts, we

therefore identify time intervals in which the count rate can be considered

approximately stationary. This allows us to analyze the intrinsic stochastic

fluctuations of the background without mixing different physical regimes.

To this end, the time series is divided into consecutive windows of fixed

duration. For each window we compute the dispersion index

ϕ = Var(C)
E[C]

,

where the mean and variance are estimated across all detectors within the

window.

For a pure Poisson process the dispersion index satisfies ϕ = 1, while

values ϕ > 1 indicate overdispersion. We therefore select the window with

the smallest average dispersion index across detectors, corresponding to the

interval with the most statistically stable background behavior.

This procedure mitigates the impact of slow orbital trends and allows us

to isolate time intervals in which the stochastic background fluctuations can

be meaningfully analyzed.

A.2 Empirical distribution of background counts

Once the most stationary time window has been identified, we analyze the

empirical distribution of the photon counts recorded in that interval.

Figure A.1 shows the histogram of counts for one representative detector

together with a kernel density estimate (KDE) and several parametric distri-

butions fitted to the data.

The empirical distribution exhibits two notable features:
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Figure A.1: Histogram of background counts for a representative detector
(bgoz1) in the selected stationary window of 200 seconds. Several parametric
distributions are fitted to the empirical density, including Poisson, Normal,
Skew-Normal and Weibull models.

• The variance of the counts is larger than themean, indicatingmild overdis-

persion relative to the Poisson model.

• The distribution shows a slight positive skewness and heavier tails com-

pared to a Gaussian approximation.

As a consequence, the Poisson distribution tends to underestimate the spread

of the data, while more flexible distributions provide a better approximation

of the empirical density.

A.3 Stability of the count distribution across con-

secutive windows

To verify that the selected interval corresponds to a stable background regime,

we inspect the count distributions obtained from several consecutive windows.

Figure A.2 shows kernel density estimates of the counts for multiple con-

secutive windows for each detector, together with the Poisson distribution cor-

responding to the empirical mean.

The KDE curves corresponding to different windows largely overlap, indi-

cating that the background distribution is relatively stable within the selected
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Figure A.2: Kernel density estimates of the count distributions for consecutive
200 s timewindows for each detector. The dashed curve represents the Poisson
distribution corresponding to the empirical mean.

interval. However, the empirical distributions consistently appear wider than

the corresponding Poisson model, confirming the presence of mild overdis-

persion.

A.4 Parametric distribution fitting

In order to quantitatively compare different distributionalmodels, several para-

metric families were fitted to the empirical count distributions. The consid-

ered distributions include Poisson, Normal, Skew-Normal, Lognormal, and

Weibull models.

Model comparison was performed using the Akaike Information Criterion

(AIC, [3]), defined as

AIC = 2k − 2 logL,

where k is the number of parameters and L is the maximized likelihood.

Table A.1 reports the best-fitting distributions for each detector.

The Weibull distribution frequently provides the best fit among the tested
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Detector Best distribution AIC
bgo_z1 lognormal 2048.5
bgo_z0 Weibull 2069.6
bgo_x1 Weibull 1984.4
bgo_x0 Weibull 1988.9
bgo_y1 Weibull 1965.8
bgo_y0 Weibull 2004.3

Table A.1: Best-fitting parametric distributions for each detector according to
the AIC criterion.

families. This reflects its flexibility in modeling asymmetric distributions

with heavier tails and its ability to approximate the aggregated distribution

of counts.

A.5 Interpretation of the marginal count distri-

bution

It is important to emphasize that the distributions analyzed in this appendix

correspond to the marginal distribution of the counts,

P (C),

which aggregates observations acquired under different spacecraft config-

urations.

In reality, the background count rate depends strongly on the satellite or-

bital state, orientation, and geomagnetic environment. Each time bin is there-

fore generated under a different system configuration x, leading to a condi-

tional distribution

P (C | x).

When counts from many time bins are aggregated, the observed marginal

distribution can be interpreted as a mixture of such conditional distributions,
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P (C) =
∫
P (C | x)P (x) dx,

where P (x) represents the distribution of spacecraft configurations sam-

pled during the observation period.

As a consequence, flexible distributions such as the Weibull may provide

a good approximation of the aggregated data even if they do not correspond

to the true generative process for individual time bins.

A.6 Implications for conditional backgroundmod-

eling

The goal of the regression models considered in this work is not to model the

marginal distribution P (C), but rather the conditional distribution

P (C | x),

where x encodes the orbital and geometrical configuration of the space-

craft.

Once conditioning on the system state is introduced, a large fraction of the

variability observed in the marginal distribution is explained by changes in the

expected count rate. The residual fluctuations around this conditional mean

are observed to be approximately symmetric with mild skewness.

For this reason, the skew-normal distribution provides a convenient and

flexible model for the conditional background fluctuations. It captures small

deviations from normality while remaining numerically stable during regres-

sion training.

Consequently, although the Weibull distribution often provides the best fit

to the marginal distribution of counts, the skew-normal model was preferred

for the conditional probabilistic regression framework adopted in this work.

This choice is also supported by quantitative evaluation: when implemented
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within the regression framework, the skew-normal model achieves slightly

better predictive performance than the Weibull alternative, reducing the av-

erage percentage error by approximately 2.00 points (3.39% vs 5.50%). Al-

though modest, this improvement suggests that the Skew-Normal distribution

more accurately captures the conditional variability of the background counts

once the dependence on the spacecraft state is taken into account.



Appendix B

Temporal Structure of the Dataset

B.1 Autocorrelation Analysis

To investigate the temporal structure of the spacecraft telemetry and detec-

tor background, we compute the autocorrelation function (ACF) of both the

spacecraft state raw variables and the detector counts using the 15 s resolution

dataset. The ACF measures the correlation between a signal and time-shifted

versions of itself, allowing dominant periodicities in the time series to be iden-

tified.

Figure B.1 shows the autocorrelation of several spacecraft orientation and

orbital variables. The periodic oscillations reflect the deterministic nature of

the spacecraft motion along its orbit. In particular, strong peaks appear at

regular lag intervals, indicating that similar geometric configurations recur

periodically as the satellite completes successive orbits.

The same analysis applied to the detector count rates (Figure B.2) reveals a

similar periodic structure. The first dominant peak occurs at a lag of approxi-

mately 320–330 bins. Considering the temporal resolution of 15 s per bin, this

corresponds to a characteristic period of

T ≈ 330 × 15 s ≈ 4950 s ≈ 82 minutes.



B.1 Autocorrelation Analysis 94

Figure B.1: Autocorrelation functions of representative spacecraft state vari-
ables describing the satellite orientation and orbital position. The curves ex-
hibit a clear periodic structure driven by the orbital motion of the spacecraft.

This value is consistent with the orbital period of the spacecraft in low

Earth orbit. Additional peaks at larger lags correspond to integer multiples of

this fundamental period and arise from the recurrence of similar observational

conditions across successive orbital passages.

The presence of this strong periodic component indicates that the detec-

tor background is largely modulated by the spacecraft orbital motion and the

associated variations in viewing geometry and radiation environment. Conse-

quently, the background signal exhibits a characteristic timescale of approxi-

mately 80 minutes.

This orbital periodicity motivates the evaluation strategy adopted in the

main analysis, where model predictions are inspected over contiguous tem-

poral segments corresponding to approximately one orbital period. Such win-

dows allow the temporal evolution of the predicted background to be analyzed

over a full orbital cycle while preserving the natural temporal correlations

present in the data.
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Figure B.2: Autocorrelation functions of the detector count rates for the six
ACS detectors at 15 s resolution. Pronounced peaks appear at multiples of the
orbital period.
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