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Space weather forecasting using SARIMA
Mina Baniamein, Mission Analysis Engineer, Capsule Corporation Srl

Abstract—Solar fluxes and geomagnetic activity influence the
temperature of the air, and consequently the density. These
phenomena are hard to predict because of their highly nonlinear
and stochastic nature. However, they have significant effects on
LEO space missions and orbital decay time estimations, since air
drag is one of the major perturbations in this region. Inaccurate
density estimates can indeed result in substantial errors in
SmallSat mission operations-related quantities, such as station-
keeping delta-v budgets, and compliance with mission disposal
requirements that are getting stricter due to the growing amount
of space debris.

This study addresses the problem of forecasting future at-
mospheric conditions by focusing on the prediction of key space
weather indicators. Historical time series of the F10.7 solar radio
flux and the Ap geomagnetic index are analyzed using a Seasonal
Autoregressive Moving Average (SARIMA) modeling approach.
This technique is selected for its ability to represent both long-
term trends and recurring seasonal patterns embedded in the
data. The resulting forecasts are expressed as probabilistic ranges
rather than single-point estimates, allowing uncertainty to be
explicitly quantified.

The predicted indices are then used to derive corresponding
atmospheric density values, which can be directly employed in
preliminary mission design activities. The proposed methodology
is demonstrated through representative LEO use cases, including
the estimation of station-keeping delta-v requirements and the
assessment of orbital decay times. Results are evaluated with re-
spect to European Cooperation for Space Standardization (ECSS)
guidelines, showing that the approach provides a practical and
statistically sound tool for early-phase mission analysis under
space weather uncertainty.

Index Terms—Space, weather, forecast, SARIMA, decay,
station-keeping

I. INTRODUCTION

THIS work addresses the long-term prediction of atmo-
spheric density and thus aerodynamic drag, a primary

perturbation influencing Low Earth Orbit (LEO) missions. The
approach chosen was to model the density with the high-
fidelity NRLMSISE00 model [1, 2] and couple it with the
numerical integration of the orbital dynamics equations. A key
challenge in this method is giving the correct inputs of future
spacecraft state and environment to the atmospheric model.
NRLMSISE00 requires data related to the time and position
of the spacecraft, which are relatively simple to predict, but
also the future values of:

• F10.7: represents the daily measure of solar radio flux
density at a wavelength of 10.7 cm. It has an estimated
seasonal trend of 11 years.

• ap: planetary geomagnetic index measured that quantifies
the level of geomagnetic activity over 3-hour intervals
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on a linear scale. For every day, eight values of ap are
measured. tudies suggested a semiannual seasonality for
this parameter [3].

• Ap: daily mean geomagnetic activity, which corresponds
to the average of the eight 3-hourly ap values recorded
within a 24-hour period.

To predict these values, depending from highly stochastic
phenomena, there exist currently many approaches, ranging
from statistical and regression-based models [4–6] that provide
simple empirical forecasting capabilities, to physics-based
frameworks, such as the Space Weather Modeling Frame-
work [7] and ESA’s uncertainty-aware tools [8], that offer
high-fidelity space weather simulations. Machine learning is
the state of the art, with applications by Camporeale et al.
[9], ESA’s DENSER project [10], and heliophysics studies
[11]. The forecasting techniques applied in this work is
the SARIMA (Seasonal Autoregressive Integrated Moving
Average) model applied to time series formd by past solar
and geomagnetic data. This is chosen as an intermediate
approach between simple empirical heuristics and full physics-
based models, without requiring complex models and high
computational load to run, and still capturing key seasonal
properties for predicting the atmospheric density in early-
phases space mission analysis works.

II. SARIMA FRAMEWORK

SARIMA is an extension of the ARIMA (Autoregressive In-
tegrated Moving Average) model [12] for time series character-
ized by recurring seasonal patterns, in this work denoted as yt.
While ARIMA accounts for autoregressive, differencing, and
moving-average components, SARIMA additionally includes
seasonal autoregressive, seasonal differencing, and seasonal
moving-average terms. The mathematical representation of an
ARIMA modeled time series is expressed as:

∇dyt = zt

zt = δ + ϕ1zt−1 + · · ·+ ϕpzt−p

+ at −Θ1at−1 − · · · −Θqat−q

(1)

where zt is the differenced time series of d order, δ denotes
a constant, ϕ represents autoregressive parameters and at
corresponds to a random white noise at instant t. Similarly,
Θ represents the moving average parameters.

Using the backshift operator B:

Bkyt = yt−k (2)

the differenced seasonal process fitted by SARIMA can be
written as

zt = ∇D
s ∇dyt = (1−Bs)D(1−B)dyt, (3)
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where d and D are the non-seasonal and seasonal differencing
orders, respectively. s is the seasonal period of the time
series. The complete model is denoted as SARIMA(p, d, q)×
(P,D,Q)s.
The appropriate SARIMA model identification follows the
Box-Jenkins methodology [12], which relies on statistical
tools such as the autocorrelation function (ACF), the partial
autocorrelation function (PACF), and the Augmented Dickey–
Fuller (ADF) test [13]. The ADF test is first used to assess
stationarity and determine the required differencing orders.
Then, ACF and PACF plots are analyzed to identify the non-
seasonal parameters p and q, as well as the seasonal parameters
P and Q. After selecting the model orders, the SARIMA
model is estimated and validated through residual diagnostics,
ensuring the absence of serial correlation through the Ljung-
Box test [14]. It is also required to assess the type of uncer-
tainty distribution associated with the model and the forecasts.
In the first instance, the normality of distribution is assessed
with the Jarque-Bera test [15]. Furtherly, heteroskedasticity of
the model variance is checked with the Goldfeld-Quandt test
[16]. An additional validation is done by cross-validating the
model against real historical trends. Once validated, the model
can be used for forecasting future values of the time series.

III. MODEL IDENTIFICATION AND VALIDATION

In this work, the SARIMA identification procedure was
implemented in Python using the statsmodel and pmdarima
libraries to plot the required quantities and grid search for
the optimal SARIMA models. Historical input data were ob-
tained from the Geomagnetic Observatory Niemegk [17, 18],
including observed and adjusted F10.7 solar radio flux values,
the eight 3-hourly ap indices, and the daily mean Ap. These
variables were subsequently post-processed for use in the
NRLMSISE-00 model. The following subsections illustrate
the model identification and validation process for solar and
geomagnetic indices.

A. F10.7

To apply the SARIMA model, the F10.7 series was first
preprocessed to reduce computational complexity. The orig-
inal data exhibit an approximately 11-year seasonal cycle,
corresponding to about 4,015 observations, which makes the
identification of the seasonal parameters P and Q computa-
tionally demanding. To address this issue, monthly averaged
values were used, reducing the seasonal period from 4,015
to 132 data points. This choice improves computational effi-
ciency, although it may reduce forecast accuracy because the
SARIMA model is calibrated on aggregated rather than indi-
vidual observations. To reduce the data variance, a logarithmic
transformation was applied. The deduced forecast trend from
monthly averages is then scaled to daily units
The ADF test indicated that first-order differencing was re-
quired to achieve stationarity, while the ACF and PACF plots
of the solar flux series shown in Figure 1 exhibited an early
truncation pattern, suggesting the use of unitary or null model
orders.

Fig. 1. ACF and PACF trends of F10.7 time series

The following table summarizes the identified model and
the corresponding test results:

SARIMA Model (1, 1, 1)× (1, 1, 0, 132)
Ljung–Box test 0.54

Jarque–Bera test 0.00
Goldfeld-Quandt test 0.04

TABLE I
IDENTIFIED SARIMA MODEL FOR THE F10.7 SERIES.

What results from this model fitting is that the model
residuals, according to the Ljung-Box test, are independent
and random, due to the test value being higher than the
0.05 threshold. This means the model captured correctly the
seasonal patterns and trends of the time series. On the other
hand, the assumption of a normal and heteroskedastic uncer-
tainty distribution is rejected by the Jarque-Bera and Goldfeld-
Quandt tests. The cross-validation analysis further supported
this conclusion by comparing the forecast uncertainty of the
F10.7 trend over the 2020-2026 interval with the corresponding
observed measurements.

Fig. 2. Forecasted monthly averaged F10.7 time series cross-validation in the
2020-2026 interval with normal distribution assumption

The results resumed in figure 2 showed that the uncertainty
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interval obtained under the assumption of a normal distribu-
tion was excessively wide, with its lower bound extending
well below historically observed minimum values, which are
approximately 70 sfu.
There are indeed strong indications by NASA [19] of the fact
that F10.7 uncertainty has to be modeled using equally spaced
quantiles derived from data covering the past solar cycles and
creating an analog uncertainty distribution. These indications
are followed, creating a past data based uncertainty range that
is contained within realistic boundaries, while capturing most
of actual and forecasted trends, as shown in figure 3, where
most of an exceptionally high solar flux activity between 2024
and 2025 is included.

Fig. 3. Forecasted monthly averaged F10.7 time series cross-validation in the
2020-2026 interval with pasta data based uncertainty distribution

B. Ap and ap

The preprocessing procedure applied for F10.7 was repeated
for the average daily Ap and ap, applying monthly averag-
ing and logarithmic transformation. A semiannual SARIMA
model was grid searched and fit through the past geomagnetic
data, with the autoregressive and moving average parameters
suggested by ACF and PACF plots as boundaries. As a
representative case these are shown for Ap in figure 4.

Fig. 4. Ap PACF and ACF trends

Fig. 5. Ap historical and forecasted trend with past data based uncertainties
and mean

Fig. 6. Cross-validation of the Ap model

The grid search resulted in an ARIMA model that drops
the seasonality assumption, and stabilizes on a constant value
after a short transient. The following table summarizes the
characteristics of the identified Ap model as a representative
for the geoagmetic parameters, and the corresponding test
results.

ARIMA Model (2, 0, 1)
Ljung–Box test 0.69

Jarque–Bera test 0.03
Goldfeld-Quandt test 0.00

TABLE II
IDENTIFIED ARIMA MODEL FOR THE Ap SERIES.

Even in this case, the normal distribution hypothesis is
rejected, leading to applying the NASA guidelines again on
the uncertainty distribution. This lead on discovering how the
constant value at which the ARIMA model settles down is
around the mean of the distribution.

The cross-validation on 2020-2026 time period suggested
that the model identified for this data is not fixed for every
case, as for this time interval the best identified model is a
SARIMA (3, 0, 0)x(2, 0, 0, 6). Nevertheless, this model aligns
as well to the historical mean as the previous one, as it is
shown in figure 6.

This indicates that SARIMA models, for such highly vary-
ing and stochastic time series as the geomagnetic ones, are
able to suggest only a short-term varying forecast that doesn’t
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Fig. 7. Daily F10.7 measuraments in the 2015 - 2026 time interval

Fig. 8. Measured ap1 monthly average trend and uncertainty distribution

fall far from the actual measurements, while in the long-term
they settle down to the average mean.

C. Scenarios definition

To compute the future air density values, it was decided
to use the forecasted F10.7 value ranges, while for Ap and
hourly ap values it was decided to discard ranges and just
use the average activity. This is justified by the following
considerations:

• It is reasonable to consider that the F10.7 value can
stay on the bounds of the confidence intervals for a
considerable amount of time, for instance during the
approach of the seasonal minima, as figure 7 shows

• On the other hand, considering Ap and hourly ap to be
on the lower edge for too much time (e.g. 5 years) it’s
unrealistic and would not capture the stochastic nature
of this parameter, as for instance shows the monthly
average historical trend of ap1 in figure 8. Using ranges of
geomagnetic data and combining it with combining them
with maximum and minimum values of F10.7 would lead
to estimate excessively low and unrealistic density values,
consequently computing for instance overly conservative
reentry times of an orbital decay.

This led to the definition of 3 scenarios:
1) Low solar activity: F10.7 values are from the lower

bound of the forecast uncertainty range
2) Forecasted solar activity: F10.7 values are the fore-

casted by the SARIMA model
3) High solar activity: F10.7 values are from the upper

bound of the forecast uncertainty range

IV. USE CASES

In this section, examples of the application of air density
range forecasting are exposed. Two types of problems are
considered:

1) Orbital Decay: drag, J2 and solar radiation pressure per-
turbed gaussian equations of motion of an uncontrolled
spacecraft are propagated under every solar activity sce-
nario, until the 150 km altitude is reached. This allows
estimation of reentry time windows and compliance with
5 years limit indicated by ESA Space Debris Mitigation
Requirements document [20], which integrates ECSS
guidelines to support a debris-free space environment.

2) Station-keeping: station keeping ∆v required under
different solar activity scenarios is computed through
the Arnas [21] approach for maintenance of Sun-
Synchronous orbits.

A. Orbital Decay

An illustrative 12U CubeSat case is considered, in which
the deorbiting time is compared between two scenarios: with
and without the presence of a propulsion system that can lower
its altitude at the end of life phase. In the following table the
spacecraft characteristics assumptions are resumed:

Across mdry cd cr
0.1 m x 0.2 m 34 kg 2.2 1.3

TABLE III
12U SPACECRAFT ASSUMPTIONS

The propulsive unit considered is WaterCube+, a green
hybrid propulsion system for CubeSats and small satellites,
developed by a consortium led by Capsule Corporation and
funded by ESA. It combines a water-based resistojet (RPM)
and a hydrolysis-based module (CPM), operating in com-
plementary thrust regimes to provide flexibility across mis-
sion requirements. The following table resumes WaterCube+
specifics:

TCPM TRPM Is
350 mN 4 mN 110 s

TABLE IV
WATERCUBE+ SPECIFICS

The initial orbit considered is 400 km high circular Sun
Synchronous orbit, while the time considered is when it is
forecasted a low F10.7 solar activity, leading to lower air
density values and higher decay times.

a e i Ω ω θ Date
6778 km 0 97° 0° 0° 0° 1/1/2029

TABLE V
INITIAL ORBIT AND TIME

The following altitude evolution plot shows that the initial
orbit placement of the spacecraft does allow compliance to the
5 years limit only in the high solar activity scenario, showing
absence of robusteness in the compliance forecast.
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Fig. 9. Altitude time evolution from initial orbit

By assuming 1 kg of fuel on board and impulsive firings at
the apogee of the orbit, it is now analysed the resulting reentry
window from of the modified perigee orbit, this time having
a lower perigee that allows to interact with higher density air.
The modified orbit has the following Keplerian elements:

a e i Ω ω θ Date
6723.264 km 0.008141 97° 0° 0° 0° 1/1/2029

TABLE VI
INITIAL ORBIT AND TIME

The following plot shows how compliance to the 5 years
rule is now achieved robustly, as in optimistic and pessimistic
solar activity assumptions the reentry window is still compli-
ant.

Fig. 10. Altitude time evolution from modified initial orbit with WaterCube+

B. Station-keeping

The 12U CubeSat described in Table III is analyzed under a
station-keeping scenario. In this case, the spacecraft employs
the WaterCube+ RPM module to perform orbit maintenance
of the same initial orbit defined in Table VI. A total propellant
mass of 1 kg is assumed to be available, corresponding to an
overall ∆v budget of 31.28 m/s.

Figure 11 illustrates the impact of different forecasted space
weather scenarios, computed within a 75% confidence interval,
on the achievable mission lifetime as constrained by the
available ∆v budget.

Fig. 11. Influence of different space weather scenarios on mission time

The application of this forecasting model enables the defini-
tion of a range of possible mission lifetime outcomes. This, in
turn, supports mission analysts in appropriately sizing the ∆v
budget, while ensuring a guaranteed minimum mission dura-
tion under worst-case conditions. Such a conservative bound is
represented by the high solar activity scenario, derived through
the robust uncertainty quantification methodology previously
described.

V. CONCLUSION

The application of SARIMA models to space weather in-
dices has yielded promising results in long-term space weather
forecasting. Particularly, the model demonstrates the capability
to capture the seasonal trend of the F10.7 index and to generate
forecasts which, when combined with an average geomagnetic
activity and with distributions derived from historical data,
enable the definition of a probabilistic range of plausible
space weather scenarios. This consequently allows for the
computation of statistically robust ensembles of atmospheric
density profiles.

As illustrated in the presented use cases, these results
can effectively support mission analysts in evaluating orbit
maintenance durations under ∆v constraints constraints, as
well as in estimating re-entry time windows. The latter is
particularly relevant for verifying compliance with end-of-life
disposal requirements, such as the 5-year re-entry guideline
established by the ESA Space Debris Mitigation Requirements
and ECSS standards.
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