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Abstract. Planetary remote sensing missions are critical for ad-
vancing our understanding of extraterrestrial systems. They operate
in highly uncertain environments where reliability and resolution are
not always guaranteed, often compromising data analysis and scien-
tific outcomes. In this paper, we consider the challenging task of esti-
mating the quality of the signal acquired by MARSIS, the subsurface
sounder aboard ESA’s Mars Express mission, which aims to map the
presence of liquid water beneath the Martian surface. Quality esti-
mation has a strategic impact on the scheduling of MARSIS observa-
tions, since the radar operates with strict constraints that greatly limit
the number and size of observation opportunities available per day.
Thus, maximizing the quality of scheduled observations becomes a
crucial factor in reducing resource utilization and increasing the cov-
erage of the target areas in search of liquid water. To this end, in
a previous research we proposed a predict-then-optimize approach,
which included a neural network regressor to predict signal quality
achievable by future observation opportunities, based on contextual
features. In this work, we advance the methodology by applying ex-
plainable artificial intelligence techniques that allow domain experts
to interpret the results, by enhancing the comprehension of the phys-
ical phenomena that have an impact on signal acquisition. Specifi-
cally, we applied a SHAP analysis to the neural network predictions
and trained an Explainable Boosting Machine (EBM) to provide in-
terpretable models. We then analyzed and compared the results with
existing domain knowledge, uncovering promising new avenues for
investigation and highlighting limitations in the current dataset con-
struction.

1 Introduction

The Mars Advanced Radar for Subsurface and Ionospheric Sound-
ing (MARSIS) has been operating for 20 years now, since the late
deployment of its 40-meter antenna in 2005. It is installed onboard
the Mars Express mission, mainly managed by the European Space
Agency (ESA) [4]. MARSIS aims to observe the subsurface of Mars
to extract information on its layers and their composition. Special at-
tention has been paid to the mapping of liquid water, after its first
discovery below the Martian South Pole in 2018 [17]. This discov-
ery gained resonance worldwide because of its implications on the
current habitability of Mars. Due to significance in astrobiology, as-
sessing the amount and state of liquid water present on Mars today is
considered a key goal in its exploration.
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In subsurface sounding mode, MARSIS transmits 1-MHz-
bandwidth pulses at a central frequency of 1.8, 3, 4 or 5 MHz, which
penetrate below the surface of Mars, down to a depth of 3.7 km,
and are reflected by dielectric discontinuities in the subsurface [21].
These operations, which we call observations, are only possible
when the spacecraft is less than 800 km above the Martian surface,
which corresponds to a time-window lasting 30 minutes per orbit.
In addition, due to a strong memory limit, at most a couple of min-
utes within the time window can be used to collect high resolution
data [11]. The data collected are then analyzed and represented as
radargrams, showing the reflectivity of the various sub-layers.

Unfortunately, uncertain environmental conditions can badly in-
fluence the quality of the data collected by the observations, with
a high risk of losing any type of information. Therefore, it is funda-
mental to select the best possible observations to perform, given their
expected quality. This problem was addressed as the Mars Observa-
tion Scheduling Problem (MOSP) [8]. Specifically, MOSP aimed to
automate and optimize the scheduling of the observations performed
by the radar. The decision process was modeled as an optimization
problem, involving the selection of the most profitable set of obser-
vations from a wide range of future opportunities under specific op-
erational constraints, where the profit is measured as the expected
quality of the data collected during an observation. The study was
limited to the South Pole of Mars, prioritizing the scientific goal of
searching for underground liquid water.

Although the expected quality of future observations is unknown
at the time of schedule generation, it depends on several known envi-
ronmental and technical features. To solve this problem, a two-stage
approach has been devised that combines, in sequence, a Machine
Learning (ML) algorithm and an optimization procedure, following
the so-called predict-then-optimize paradigm (see, e.g., [25]), where
the ML algorithm forecasts the potential data quality achievable for
each forthcoming observation opportunity, using functions learned
from an extensive historical dataset. The results achieved within this
setting have been promising and have allowed a thorough evaluation
of the scheduling algorithm.

This work moves a step further. We go over the pure predictive
aim of the ML algorithm, with the aim of understanding which
factors affect the most the quality of a MARSIS observation and,
therefore, which make such observation valuable. This is a cru-
cial problem in understanding the physical phenomena that interfere
with signal acquisition [16]. To this end, we use techniques that are
interpretable-by—design in the context of eXplainable Artificial In-
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telligence (XAI) [1]. The main contribution of this research is thus
to provide a comprehensive analysis of multiple factors that can have
an impact on the acquired signal quality, understanding their rela-
tionships and interdependency. The variables considered in our study
will cover a wide variety of aspects related to observations, including
geometric properties, roughness, solar activity, solar events, and the
impact of the ionosphere.

The remainder of this article is organized as follows. Section 2 re-
views previous research on artificial intelligence approaches applied
to space missions, with a special focus on interpretable approaches.
Section 3 describes the MARSIS case study. Section 4 gives details
of the methodology used. Section 5 presents the dataset analyzed and
the result of the analysis. Finally, Section 6 makes some concluding
remarks and highlights several future research directions.

2 Related Works

Artificial intelligence (AI) techniques have seen increased adoption
in recent years in the context of space missions [15]. They are used
across various mission phases, including mission design and plan-
ning, spacecraft health monitoring, and anomaly or fault detection
[10, 23]. A particularly active area of research involves the process-
ing and analysis of images collected by satellites orbiting Earth or
other planets. This involves image enhancement, classification, and
pattern recognition [18]. These techniques are used, for example, to
measure land coverage or other outcomes related to sustainable de-
velopment [2]. Recently, deep neural networks (YOLOvV7) have also
been applied to detect surface and subsurface features in radargrams
obtained from MARSIS observations [20].

Several studies exploit ML algorithms for the prediction of pa-
rameters in various contexts. In [5], ML regression techniques were
applied to estimate global solar radiation from geostationary satellite
data. Specifically, different types of neural networks, support vec-
tor regression, and Gaussian processes were tested, considering a
complete year of hourly global solar radiation data as the regres-
sion target. The input variables included a cloud index, a clear-sky
solar radiation model, and multiple reflectivity values derived from
Meteosat visible images. In the field of planetary missions, ML al-
gorithms (Gaussian process regression and neural network models)
were used to predict seismic energy, and therefore marsquakes, from
atmospheric features, such as wind, pressure and temperature [26].
Recently, research in [27] addressed the prediction of solar proton
events caused by acceleration processes occurring at the Sun in as-
sociation with solar flares and coronal mass ejections. This is sig-
nificant for space mission operations and planning, and for improv-
ing monitoring systems of the radiation risk in both deep space and
near-Earth environments. To this aim, the authors proposed a random
forest algorithm to forecast the energetic proton flux up to one hour
ahead by exploiting features derived from the electron flux.

Even if a large variety of applications can be found for Al and
ML techniques, few works have been published that employ XAI for
space applications. Recently, explainable clustering techniques were
applied for the discovery of an equation representing the relation-
ship between solar wind speed, galactic cosmic-ray variations and
interplanetary magnetic field intensity observations [24]. The study
is applied to the ESA’s Laser Interferometer Space Antenna (LISA),
which is aimed at the study of gravitational waves and is planned to
be launched in 2035.

In spite of the current dearth of applications, XAl appears to have
a huge potential in the interpretation of complex phenomena in as-
trophysics. This research explores that potential, beginning with the

case study of MARSIS and the relationship between its activities and
the Mars environment.

3 The MARSIS Observation Scheduling Problem

The current MARSIS operative mode limits the acquisition opera-
tions to short time window within each orbit around the planet. In
addition, due to limited data rate and volume, at most 134 seconds per
day can be used to collect high resolution data, which can be stored
without on-board processing, thus preserving its full content of infor-
mation. Then, a down-link window (i.e., a time interval where data
can be transmitted to Earth) is needed to empty the memory before a
new observation can be acquired. Every observation results in a large
amount of data that are analyzed and visualized as radargrams, pro-
viding information on the properties of the observed portion of the
Martian subsurface. Several factors can influence the quality of data,
and hence the effectiveness of the subsequent analysis. Therefore,
when planning the acquisition sequence of MARSIS, it is fundamen-
tal to consider the expected quality for each observation opportunity,
in order to optimize scientific return. The maximization of the ex-
pected quality proceeds along with the aim of maximizing the cov-
erage of the planet or specific areas on it, depending on the scientific
goals.

MOSP aims to optimize the observation plan of MARSIS, by tak-
ing into consideration all these constraints and objectives. Specifi-
cally, it studies the coverage of the South Pole of Mars, which is a
region of high interest for the mapping of liquid water. The problem
falls within a broader class of Satellite Scheduling Problems (SSPs).
According to the taxonomy introduced in [7], it is categorized as a
regional mapping SSP, as it does not involve scheduling individual
observation requests but rather aims to cover a large geographical
area. Specifically, in MOSP we have to select a subset of available
observation opportunities to perform within a limited time horizon,
with the objective of maximizing the total data quality collected from
the coverage of the target area. Due to this characteristic, MOSP has
previously been formulated as a specific case of the Maximal Cover-
ing Location Problem [8].

In the process of selection and scheduling of future observations,
an important guideline is the quality with which a specific area can
be observed at a certain time (i.e., at a certain position in an orbit). In
this context, we define quality as the peak power of the radar signal
reflected from the surface and subsurface of Mars, expressed in deci-
bels. The main factors influencing data quality can be grouped into
three categories:

o Instrument-related factors: Radar performance may vary due to
intrinsic noise, which was not fully characterized during ground
testing and is difficult to estimate in-flight. Additionally, the
spacecraft altitude as well as the orientation and slope of the two
radar antennas may affect measurement accuracys;

e Sun-related factors: Solar activity can significantly affect observa-
tion resolution. The extent of the impact may vary depending on
the relative position of Mars and the Sun and the phase of the solar
cycle;

e Jonosphere-related factors: The Martian ionosphere can disrupt
electromagnetic wave transmission, especially since its stability
is influenced by solar activity. Sudden solar events, in particular,
may cause observation blackouts.

Taking into account all these factors at the same time is a difficult
task, which however could greatly increase the effectiveness of the
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Table 1: Summary of the features for the ML approaches.

Feature Description

Orbit number
Ephemeris time
Local true solar time

Id of the orbit of Mars Express
Time of the data sampling [s]
Solar time computed on Mars [s]

Band Band in which the observation was performed

Altitude Mars Express probe height above ground level [m]

Latitude Latitude of the projected position of Mars Express probe [°]
Longitude Longitude of the projected position of Mars Express probe [°]

X coordinate

Y coordinate

Mars Sun distance
Sun elevation angle
Roughness

Projected x-position of Mars Express probe [m]

Projected y-position of Mars Express probe [m]

Distance from the center of Mars to center of the Sun [km]
Angle between the Sun rays and the surface [°]

Roughness of the point on the surface of Mars [m]

Slope Slope of the points on the surface of Mars [°]

Solar longitude

Angle between the Mars-Sun line at the ephemeris time and the Mars-Sun line at the vernal equinox [°]

Tangential magnetic field Magnetic field tangential to the surface [Hz]

Radial magnetic field
Total magnetic field
Dipole Tilt
Monopole Tilt
Quality

Magnetic field perpendicular to the surface [Hz]

Sum of the tangential and radial component of the magnetic field [Hz]

Tilt of MARSIS dipole antenna with respect to the nadir [°]

Tilt of MARSIS monopole antenna with respect to the nadir [°]

Peak power of the electromagnetic signal received by MARSIS during the observation [dB]

acquisition plans. Higher observation quality indeed enables better-
resolution radargrams, thus leading to clearer and more informative
subsurface analyses. Given the strict resource constraints, it is essen-
tial to prioritize high-quality opportunities to maximize early cover-
age and minimize inefficient use of on-board storage and down-link
bandwidth. Although the exact quality of future observations cannot
be known in advance, it can be estimated based on observable con-
textual features, such as local surface morphology and solar elevation
angle. These predictive features are detailed in Section 5.1.

4 XAI for Quality Estimation of Observations

In our prior research, several ML techniques have been compared to
estimate the quality of MARSIS future observations [8]. After exten-
sive testing, a traditional Deep Neural Network (DNN) was found to
be the best performing regressor and was integrated into a predict-
then-optimize framework. In this approach, predicted quality val-
ues are incorporated into the mathematical formulation of MOSP as
profit weights in the objective function, guiding the selection of the
most valuable observation opportunities.

However, traditional deep networks are notoriously black-box
models that completely lack transparency and interpretability, limit-
ing our ability to understand which factors are the most influential in
predicting signal quality. Such information would allow us to better
analyze the model, thus proving its robustness, and gain an invalu-
able insight on the physical phenomena that mostly affect the perfor-
mance of MARSIS. An explainable model would also be easier to
trust, due to its ability to motivate its predictions, in stark contrast
with opaque, oracle-like, black-box approaches. In this work, we
compare two distinct techniques for XAI: namely, Shapley Additive
Explanations (SHAP) and Explainable Boosting Machines (EBMs).

SHAP is a model-agnostic, post-hoc explanation tool that takes
advantage of concepts from game theory. Each input feature is con-
sidered as a player in a game, and it is credited a certain amount for
every prediction following fair allocation results from cooperative
game theory. By perturbing the inputs in a controlled fashion, SHAP
can determine the contribution of a specific value of a certain input
feature to the final prediction. Therefore, this method can be applied
to explain a posteriori the prediction of any black-box model, such
as a DNN [14].

EBMs, on the other hand, are an interpretable-by-design approach
that for tabular data have been shown to perform closely to (or even

better than) black-box models [3, 13]. An EBM is an implementation
of a Generalized Additive Model (GAM), that learns the prediction
function as a sum of non-linear functions, one for each feature, in-
dependently. Possibly, also pairs of features can be considered, in
which case we speak of GA2M (i.e., a GAM with interaction terms).
Being p the number of features, the discriminative function is:

f(ﬂf):Zfi(l‘i)+Z > fi(wi,g) (M

i=1 j=i+1

In the case of EBMs, individual functions f;(z;) or fi;(zi, x;) are
implemented as boosting trees. The output of the learning process
is thus a collection of trees for each individual feature, which can
be easily summarized into graphs depicting the one-dimensional (or
two-dimensional, in case of interaction pairs) function, that can be
easily represented, ensuring interpretability.

5 Experiments

An experimental evaluation was conducted to assess the performance
of both XAI techniques discussed in Section 4, namely the SHAP
tool applied to a black-box model and EBMs.

5.1 Dataset and Setting

The MARSIS observation dataset that we adopt for our analysis con-
tains information on the observations performed since its deploy-
ment, spanning a period of more than 15 years, from December 6,
2005 (orbit 2438), to January 27, 2021 (orbit 21578). To the aim
of our research, we selected only the observations that covered the
South Pole of Mars, with their features sampled each 2 seconds.
Moreover, we only selected data obtained at the frequency of 4.0
MHez, as it is the most widely used and therefore provides the most
reliable information. The final dataset is then composed of 2,083,317
entries, each described by 20 features, including the regression target
used for the prediction (i.e., the peak power). Such variables are re-
ported in Table 1. The ephemeris time is an astronomical convention,
which measures the time (in seconds) starting from January 1, 2000,
12:00 UTC. In the MARSIS dataset, it measures the time when the
Mars Express probe reached a certain position, and therefore the time
in which all the other features were computed.
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Figure 1: Examples of observation radagrams: high-quality observa-
tion (top); observation showing radar malfunction that interrupted
the receipt of the signal (middle); observation signal completely
canceled as an effect of intense solar activity (bottom).

The dataset was pre-processed to be reliably ingested by ML algo-
rithms. First, it was cleaned from spurious patterns, including sam-
ples associated with instrumental malfunctions or notable solar ac-
tivity (see Figure 1). This led to a reduction of 8.5% of the samples
and to 1,905,841 observations in the final dataset. Ordinal features
such as orbit number and ephemeris time were omitted, and the solar
longitude was converted into its sin and cosine components. Finally,
standardization was applied for algorithms sensitive to feature scale.

5.2 Results

We performed a 10-fold cross-validation, splitting the dataset into 10
folds according to the chronological ordering of the orbits. We com-
pared the performance of the considered predictors, a DNN and an
EBM, in terms of the average Mean Absolute Error (MAE) computed
across the 10 folds. The DNN consists in five dense layers contain-
ing, respectively, 800, 400, 200, 100, and 1 neuron(s). The model was
implemented in the keras library. For EBM, we used the default
implementation in the interpretml library. Not surprisingly, the
performance of the DNN is slightly superior to that of the EBM, with

a MAE equal to 3.37 against 4.50. Yet, performance in terms of re-
gression error is not the main focus of this work, where our goal is
to investigate the explanations behind the physical phenomenon of
signal acquisition: this aspect will be covered in the subsequent sec-
tions. However, we hereby remark that the achieved performance in
terms of regression error is sufficient to successfully implement the
predict-and-optimize approach to improve MARSIS scheduling op-
erations [8].

5.2.1 SHAP analysis

As a first attempt to investigate the most important factors in the
quality of signal acquisition, we applied the SHAP technique to the
trained DNN. Due to the high dimensionality of the dataset, and to
the large computational cost of the SHAP analysis, we tested it on
a random sample corresponding to 1% of the dataset. The result of
the analysis is shown in Figure 2. The figure reports, for each feature
in the dataset, a violin shape that represents the impact of the cor-
responding feature on the regression target, depending on the mag-
nitude of the values (represented by a color scale). Individual violin
plots are ordered by the importance of the corresponding feature on
the model output (sum of the absolute values of the SHAP values per
feature). Each violin displays the distribution and density of SHAP
values for the respective feature.

The SHAP analysis reveals that the most influential feature is the
Sun Elevation Angle (SEA). This result is not surprising, as SEA sig-
nificantly affects observation quality, typically with a positive effect
when values are low (i.e., during nighttime), and a negative one dur-
ing daylight hours. This pattern aligns with prior observations (see
Figure 3a), which show a Pearson correlation coefficient of -0.623,
and with theoretical expectations, as high SEA values increase iono-
spheric particle activity, which interferes with signal transmission
and causes radargram distortion [9].

High
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Figure 2: SHAP values distribution for each feature of the dataset.
A high feature value corresponds to a positive impact on the ob-
servation quality, while a low value corresponds to a negative impact.
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Figure 3: Correlation plots of the three most influencing features derived from historical data. The visual representation confirms the results of

the SHAP analysis.
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Figure 4: Feature importance at global level, estimated by the EBM regressor (top 15 features are shown).
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Figure 5: Function learned by the EBM model for the Sun Elevation Angle (SEA) feature (top) and corresponding density histogram (bottom).

Data altitude exhibits a similar trend: higher spacecraft altitudes
tend to reduce observation resolution, as confirmed by historical data
represented in Figure 3b, where a correlation coefficient of -0.320
confirms a moderate negative correlation. This relationship is also
supported by findings in [19]. Another notable result is the impor-
tance of the Mars-Sun Distance (MSD), which was unexpectedly
ranked among the most impactful features, reporting a correlation
value of 0.566. Specifically, observations tend to improve when Mars
is farther from the Sun, likely due to reduced exposure to solar parti-
cles (Figure 3c). However, a high MSD correlates with poorer obser-
vation quality for a significant subset of cases, as also shown by the
bimodal distribution of the SHAP values. This apparent contradiction
will be explored in more detail later, with EBMs.

As expected, surface roughness and slope also influence observa-
tion quality, as irregular surface can cause signal deviation from the
nadir direction. Additionally, the 40-meter dipole tilt appears to neg-
atively affect observations when it deviates significantly from the op-

timal 90-degrees position. Finally, the importance of positional fea-
tures may be attributed to the geophysical characteristics of specific
regions.

5.2.2 Explainable Boosting Machine

The results provided by the SHAP analysis were considered inter-
esting by domain experts, although some aspects deserved a deeper
investigation. EBMs enable such a detailed analysis by assessing how
individual features — or pairs of features — in the dataset influence ob-
servation quality. The global ranking of feature importance obtained
with EBM is very close to that obtained with DNN (see Figure 4).
The two most important features are related to solar activity, i.e.,
SEA and MSD. Therefore, we investigated in more detail the impact
of SEA: Figure 5 displays the score function for SEA, illustrating
its impact on observation quality (y-axis) as a function of the values
of the variable (x-axis). The orange histogram also shows the distri-
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Figure 7: Representation of the SEA and the year of the correspond-
ing observation. Color scale describes observation quality.

bution of the variable. Generally, a clear negative trend is observed,
which confirms the bad effect of SEA values above zero-degrees,
in agreement with the SHAP analysis. Yet, notably, an off-trend be-
havior is observed in the SEA range between —35 and —20 degrees,
where the contribution to signal quality quickly degrades. To investi-
gate this anomaly, we conducted a focused analysis using traditional
statistical and data visualization techniques. Figure 7 plots each ob-
servation sample according to its SEA value and the year in which
it was acquired. The color scale indicates the associated observation
quality. A sinusoidal pattern emerges, reflecting the orbital dynamics
and seasonal opportunities to observe the Martian South Pole. In-
terestingly, nighttime observations in the [-35, —20] degree interval
occurred primarily between 2012 and 2015, a period that coincides
with the peak activity of Solar Cycle 24 [12].

To confirm this idea, we introduced a new variable into the analy-
sis: the F10_7 index. This index represents solar activity levels and is
only available after observation, due to the intrinsic difficulty in fore-
casting it. For this reason it was not included in the initial model. The
relation between SEA and F10_7 is shown in Figure 8. The diagram
shows a clear increase in the F10_7 index in correspondence with the
night-time SEA range: in particular, we notice how all observations
with F10_7 values above the third quartile were conducted during
the night. Therefore, a significant sample of night-time observations
were heavily affected by elevated solar activity, which negatively im-
pacted their quality despite favorable SEA conditions.

The MSD score function (Figure 6), still linked to solar activity,
shows a highly irregular shape, although a positive trend is still visi-
ble: the solar flux typically decreases with the square of the distance,
and thus it is not surprising to observe that larger values of MSD usu-
ally correspond to better signal quality. To explore further, we also
considered the scatterplot representing SEA and MSD (Figure 9) for
which we observed a distinct linear trend. Specifically, when Mars
was closer to the Sun (low MSD values), observations were predom-
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Figure 8: Correlation between SEA and F10_7 index. Several
nighttime observations were performed when the solar activity, and
hence the F10_7 index, was high.
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Figure 9: Correlation between SEA and MSD. A clear negative trend
is visible.

inantly conducted during daylight (high SEA values). Conversely,
when Mars was farther from the Sun (high MSD values), observa-
tions were more likely to occur at night (low SEA values). This find-
ing suggests that high-MSD observations benefited from lower SEA
values. At the same time, night-time observations frequently coin-
cided with periods of high solar activity (Figure 8). As a result, in
many cases, high MSD values were still associated with degraded
signal quality, as shown by SHAP values.

5.3 Discussion

The implemented XAl techniques produced consistent results. Most
of the findings align with theoretical expectations derived from pre-
vious studies on the influence of individual features on observation
quality. However, differently from previous research, our approach
enables a comprehensive analysis of all relevant features simulta-



B. Ferrari et al. / Explainable Artificial Intelligence for Quality Estimation of MARSIS Observations 5477

300k 400k 500k

Density
s
2

és’*‘, 3,% J_sq* 353, J;]* J;j‘(_r v")/s q'a"&', q'i’lr -;)“‘ qgi‘f

Srg g dmy W ey Tup m ey Ty de, Sy Sw Sy, Se Seg,

i

600k
FM_data_altitude

3, 3 $: S 5 6
Yo o Sop 05 Gy 0o

700k 800k 900k

2 2 2 % 2
5Ja*_r 5@&7 '5644*_ 585 O o T Ty e -305+ d"es*r 5"‘"‘. ”6,*_7 é’a%

Cog, O, Oy Oy Soy oy o ug ey g %05 %5 ey ey S8y %05

FM_data_altitude
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Figure 11: Function learned by the EBM model for the dipole tilt feature (top) and corresponding density histogram (bottom).

neously, allowing us to assess their relative importance in a unified
framework. This evaluation is particularly valuable for identifying
key parameters to be monitored when designing observation plans.

Overall, observation quality strongly depends on three families of
variables: (i) instrumental activity; (ii) solar activity; (iii) ionosphere.

Regarding instrumental activity, Figures 10 and 11 show the im-
pact of spacecraft altitude and dipole tilt angle, respectively: the for-
mer clearly shows a clear decrease in signal quality as the spacecraft
altitude grows, whereas the latter exhibits a distortion for values dif-
ferent from the optimal tilt values, known to be equal to 90 degrees.

Regarding solar activity, the specific analyses conducted on SEA
and MSD revealed a potential bias in the dataset, which is influenced
by orbital dynamics and also human choice of when performing the
observations. For these reasons, models cannot be trained on samples
that fully cover the data distribution, and this may introduce errors
both in the estimated quality, and in the interpretation.

Regarding the third factor, namely the impact of the ionosphere,
the current dataset does not contain variables that directly measure
it. Yet, its importance is underlined by other related variables, such
as solar activity, which is known to have a direct effect on the po-
larization of ionosphere, which can induce a degradation in signal
transmission and acquisition. In the future, to achieve a more accu-
rate characterization of the factors affecting observation quality, it
is essential to expand the feature set. In particular, introducing ad-
ditional variables that explicitly represent solar activity (e.g., solar
flux indices, solar wind parameters) and ionospheric conditions could
help mitigate these effects and improve model generalization.

The results of SHAP and EBM would allow experts to confidently
rank and evaluate the weight of each environmental parameter when
manually establishing an observation plan. In addition, we are in-
tegrating DNN into the decision process, providing an effective tool
that predicts the quality of future observations and automatically gen-
erates optimized plans. Although the use of XAl does not directly im-
prove the prediction performance over DNNs, explainable methods
would allow Al models to gain the trust of their users, and therefore

enable their operational deployment.

6 Conclusions

This study demonstrates the value of integrating eXplainable Al
(XAI) techniques to analyze the factors influencing observation qual-
ity in planetary missions. By exploiting SHAP analysis and EBMs,
we provided insights that are both consistent with theoretical expec-
tations and capable of revealing previously unnoticed patterns. Key
features such as the Sun Elevation Angle (SEA), spacecraft altitude,
magnetic field, and surface properties were confirmed to play signif-
icant roles in observation performance. Additionally, the Mars-Sun
Distance (MSD) has shown an interesting behavior that needs fur-
ther, more detailed investigation.

Targeted analyses also revealed potential biases in the dataset, par-
ticularly due to orbital geometry and solar activity, that may affect
interpretation. These findings underline the need to incorporate ad-
ditional variables related to solar and ionospheric behavior to further
refine model accuracy and physical interpretability.

To conclude, this work represents a first advancement in the appli-
cation of XAI to planetary science, supporting both informed op-
erational decision-making and scientific exploration. The compre-
hensive feature evaluation offers practical guidance for future ob-
servation planning, overcoming the drawbacks of black-box regres-
sors previously trained for predicting observation quality. Similar ap-
proaches could allow mission designers to prioritize the monitoring
and control of the most impactful parameters. Moreover, expanding
this kind of analysis to additional variables will also provide new and
independent insights regarding the factors that influence radio wave
propagation across the Martian ionosphere. Finally, the same kind of
methodology could be applied to future planetary missions, such as
BepiColombo for the observation of Mercury [6] and Juice for the
icy moons of Jupiter [22].
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