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Abstract—Non-Terrestrial Networks (NTNs) in 6G are ex-
pected to integrate the Terrestrial Networks (TNs) coverage and
provide connectivity to a multitude of User Terminals (UTs). In
order to cope with the traffic demand, NTNs can employ cell-
free MIMO with full frequency reuse schemes to maximize the
spectral efficiency of the system. However, such technique can be
strongly affected by channel aging, impacting their application to
Low Earth Orbit (LEO)-based NTNs. Aiming at counteracting
this effect, we present in this paper a lightweight Artificial
Intelligence (AI) model for Channel State Information (CSI)
prediction. To predict the propagation channel, the proposed
algorithm learns its temporal statistics, e.g., the Line-of-Sight
(LoS) shadowing correlation, from data. The model then applies
the corrections to the feedback CSI, minimizing the difference
with respect to the propagation channel encountered at trans-
mission time. System-level analyses on a LEO-based CF-MIMO
system report an improvement of the per-user capacity by up to
15% and a reduction of the outage probability when predicted
CSI are used instead of aged channel coefficients.

Index Terms—Cell-free MIMO, Channel Prediction, Artificial
Intelligence, Non-Terrestrial Networks

I. INTRODUCTION

Non-terrestrial networks (NTNs) have recently seen a steep
growth in interest from both the scientific research and the
industrial side. On the one hand, advanced interconnected
satellite constellations with federated multiple input multiple
output (MIMO) capabilities are being theorized [1]. On the
other hand, unmodified handheld user terminals (UTs) have
been proven able to close the link budget with low Earth
orbit (LEO) satellites using third generation partnership project
(3GPP)-compliant communication standards [2]. Thanks to
digital beamforming, NTN systems can dynamically generate
beams pointing towards a service area or, more specifically,
towards single users in a cell-free (CF) fashion with full
frequency reuse. In the NTN context, CF-MIMO systems
may be implemented with multiple satellites, in a federated
fashion, or with a single satellite, moving from the tradi-
tional fixed beam lattice to a user-centric coverage. Such
technique has been demonstrated successful in improving
the spectral efficiency in NTNs, resulting in an increased
data rate experienced by the users. With the next generation
3GPP standard, 6G, foreseeing the integration of NTNs and
terrestrial networks, CF-MIMO may be employed to enable
higher spectral efficiency in NTNs, aiming at coping with
the large expected traffic demand [3]. However, CF-MIMO
systems typically rely on a downlink channel state information
(CSI) feedback from the UTs to the ground station where
digital beamforming coefficients are computed. Due to the

intrinsic propagation distance that characterizes NTNs, the link
is subject to strong delays, resulting in the CSI being partially
outdated once they are received by the ground station. This
effect, known as ”channel aging”, affects system performance,
as the feedback CSI accuracy with respect to the propagation
channel at transmission time is crucial to generate optimal
CF beams. To counteract this, several artificial intelligence
(AI) algorithms have been investigated. Such methods can
be employed to extract the propagation channel statistics
through a learning process and apply the gained knowledge
to improve the feedback CSI, aiming at matching the future
channel conditions. The authors in [4] trained a long short
term memory (LSTM) model to process a time series of CSI
and output consecutive CSI predictions. The work took into
account the deterministic line-of-sight (LoS) component of the
CSI, as well as random effects due to multiple secondary paths
in the non-LoS (NLoS) component. In [5], a convolutional
neural network (CNN) was implemented to transform uplink
CSI into downlink CSI, aiming at removing the need of a
feedback message. The CNN was shown to be able to provide
more accurate predictions for satellites at lower orbits and for
smaller distance between the uplink and downlink bands. The
gated recurrent unit (GRU) architecture implemented in [6]
was able to learn the temporal correlations of a LEO satellite
channel based on historical time series, showing the impact of
the elevation angle and the LEO altitude, among the others,
on the symbol error rate. It must be mentioned that traditional
algorithms have also been proposed for CSI prediction, e.g.,
the authors in [7] implemented a closed form for the prediction
of the NTN channel based on an autoregressive model of order
2 (AR(2)). However, AI-based algorithms have the potential
to learn from real data and perform more accurate predictions,
despite typically requiring larger computational capabilities.

In this paper, we present a low-complexity AI-based model
to perform CSI prediction based on the downlink CSI feed-
back, the user location and the LEO satellite’s ephemeris.
Differently from previous works, the proposed model is trained
to extract temporal statistics of not only the contributes
due to the satellite’s movement, but also due to correlated
LoS shadowing and further additional losses that characterize
NTN propagation channels. We assess the impact of the CSI
prediction in a LEO-based CF-MIMO system, reporting key
percentiles of the capacity achieved by each UT, as well as
the outage probability.



Fig. 1. System architecture.

Fig. 2. UPA antenna model [8].

II. SYSTEM MODEL

In this work, we consider a LEO satellite providing con-
nectivity from orbit to a set of UTs in a CF fashion using
feed space (FS) digital beamforming (Figure 1). The satellite
is equipped with an N -feed uniform planar array (UPA),
represented in Figure 2, with the antenna boresight directed
towards the sub-satellite point. The array response of the UPA
with respect to UT i, i.e., in the direction represented by the
pair of angles (ϑi, φi), can be written as:

a(ϑi, φi) = gE(ϑi, φi)(aH(ϑi, φi)⊗ aV (ϑi)), (1)

where gE(ϑi, φi) is the radiation pattern of an array feed, ⊗
represents the Kronecker product, and aH(ϑi, φi) and aV (ϑi)
are the steering vectors of two uniform linear arrays, with
NH feeds for the y axis and NV feeds for the z axis. The two
steering vectors can be computed as:

aH(ϑi,φi)=

[
1, ejk0dH sinϑi sinφi , . . . , ejk0dH(NH−1) sinϑi sinφi

]
(2)

aV (ϑi)=

[
1, ejk0dV cosϑi , . . . , ejk0dV (NV −1) cosϑi

]
(3)

An on-ground gNodeB (gNB), which is assumed to have
continuous visibility of the satellite, performs scheduling to
select a subset of K users to serve within time slot t. A
coverage with a fixed Ntier-tiered beam pattern would allow
to schedule at most one user per beam; thus, we here fix
the maximum number of schedulable users per time slot
to K = 1 + 3 × Ntier × (Ntier + 1). As the scheduling
algorithm is out of the scope of this paper, we here consider
a random scheduler for the sake of simplicity. The gNB

transmits downlink pilot symbols at time τ0, which are used
by the scheduled UTs to estimate the downlink FS CSI vector
with respect to the N on-board feeds, ĥi. We here consider
the system level 3GPP LoS propagation model [9]:

ĥi =h̃0
i × a(ϑ0

i , φ
0
i ), (4)

h̃0
i = G

(rx)
i

λ

4πd0i

√
L0
i

κBT
e−j 2π

λ d0
i , (5)

where G
(rx)
i represents the i-th UT receiving gain, λ is the

carrier wavelength, and d0i is the slant range at time τ0.
The CSI are normalized with respect to the noise power,
represented by Boltzman’s constant κ, the channel bandwidth
B and the receiver noise temperature T (assumed to be the
same for each UT). The term L0

i includes all additional losses
that may incur within the i-th propagation channel at time
τ0, e.g., atmospheric attenuation Latm, scintillation losses
Lscint, and LoS shadowing Lsh (e.g., due to foliage). In
general, each contribution to the additional losses is char-
acterized by different statistics. The atmospheric attenuation
in NTN represents gaseous absorption and is thus dependent
on the density and type of gas molecules encountered during
propagation. Similarly, scintillation losses are also linked to
physical interactions between the radiated electromagnetic
wave and the gas molecules in the atmosphere, in particular
in the troposphere for transmissions at a carrier frequency
above 6 GHz [9]. For these two contributes, the considered
channel model associates empirical constant attenuation values
to different ranges of elevation angles, as these type of losses
vary slowly with the satellite movement. On the other hand,
LoS shadowing is modeled as a log-normal zero-mean random
variable with an elevation-angle-varying standard deviation.
However, each sample is typically uncorrelated from another;
hence, the temporal correlation of time-consecutive shadowing
samples would not be represented in this model, making it
not suitable to generate time series. To take the temporal
correlation into account, we assume that each shadowing
sample exhibits a correlation ρ with respect to its antecedent.
Hence, we represent the shadowing time series experienced by
each link as an autoregressive model of order 1 (AR(1)), i.e.,

Λt = ρ× Λt−1 + ϵt, (6)

where ϵt is the realization of a zero-mean Gaussian random
process with variance σ2

ϵ = 1 − ρ2, such that the generated
process Λ has unit variance. The covariance of the process can
then be written as [Σ]i,j = ρ|i−j| [10], and the unit-variance
shadowing time series can be obtained by sampling a zero-
mean multivariate normal distribution with covariance matrix
Σ. Finally, we obtain the length-ν shadowing time series for
UT i {Lshi}1,...,ν by multiplying each shadowing sample
in the unit-variance sequence by the shadowing standard
deviation specified in the system level 3GPP model, according
to the corresponding elevation angle.

After the CSI vectors are reported to the ground station, the
FS beamforming matrix can be computed and used to transmit
user data with space division multiplexing at time τ1 = τ0 +



∆τ . ∆τ represents the delay between the channel estimation
phase and the actual data transmission:

∆τ = τUT,max + 2τfeeder + τp + τad, (7)

with τUT,max being the maximum delay between the set of
scheduled UTs and the satellite, τfeeder represents the delay
contribution on the feeder link, τp including all processing
delays and τad representing possible additional losses. Clearly,
as ∆τ increases, the distance traveled by the satellite during
such time interval makes the channel aging effect stronger,
making the beamformed transmissions less accurate. Hence, in
our proposed method, the AI-based channel prediction block
is employed to project the outdated CSI amplitude |h̃0

i | to
transmission time τ1:

h̃AI
i = f(|h̃0

i |, d1i , α1
i ,Θ)× e−j 2π

λ d1
i , (8)

where d1i and α1
i are the slant range and the elevation angle,

respectively, at transmission time, and f(·) is a properly
trained AI function with optimal parameters Θ. Assuming
no user mobility, d1i and α1

i are geometric terms that can
be estimated on the network side from the position of UT
i and the satellite ephemeris. It must be noted that, if user
mobility was to be taken into account, the message carrying
the CSI feedback should also include the UT position. As in
Equation 4, the CSI vector hAI

i can be obtained by evaluating
the UPA array response in the updated UT i direction (ϑ1

i , φ
1
i ).

At transmission time, the K CSI vectors, either estimated at
τ0 or predicted, are collected in a K×N complex CSI matrix
H. The gNB then computes the complex N×K beamforming
matrix W using the selected beamforming algorithm. Such
matrix is applied to the K user symbols to project them onto
the feed space, resulting in the formation of a dedicated beam
towards each scheduled UT. After propagation, the signal
received by UT i can be written as [11]:

yi = h1
iwisi +

K∑
k=1
k ̸=i

h1
iwksk + zi, (9)

where s = [s1, s2, . . . , sK ]⊺ is the vector of user symbols
to be transmitted, wi represents the beamformer dedicated to
UT i (i.e., the i-th column of W), h1

i represents the i-th CSI
vector at transmission time τ1, and zi represents additive white
gaussian noise (AWGN). Clearly, the first term of the equa-
tion represents the desired contribute, while the summation
contains the co-channel interference contributes deriving from
beams directed towards other UTs. From these observations,
the signal-to-interference-plus-noise ratio (SINR) at UT i can
be assessed as follows:

SINRi =

∥∥h1
iwi

∥∥2
1 +

K∑
k=1
k ̸=i

∥∥h1
iwk

∥∥2 . (10)

The capacity achievable by UT i can then be computed as:

Γi = B × log2 (1 + SINRi). (11)

Fig. 3. AI model for CSI prediction.

Clearly, the choice of the beamforming algorithm affects the
SINR, which in turn has a strong impact on the achievable
user capacity. In this work, we employ the linear minimum
mean squared error (MMSE) equation to compute W [11]:

W = HH(HHH + αrIK)
−1

, (12)

where (·)H is the Hermitian operator, IK is the K × K
identity matrix, and αr is the regularisation factor, here set
to 1. The beamforming matrix requires a normalization step
to ensure that the payload power constraints are not broken
[12]. In particular, the maximum power constraint (MPC)
normalization is here employed to limit the power supplied
to each feed to the most stringent feed power constraint:

W̃ =

√
PtotW√

NF maxj [WWH ]j,j

. (13)

While this power normalization maintains the column-wise
orthogonality and ensures that all power constraints are re-
spected, the limitation to the same power level results in the
total available payload power not being fully utilized.

III. AI-BASED CHANNEL PREDICTION

As highlighted in the previous section, the delay ∆τ be-
tween channel estimation and data transmission results in a
mismatch between the estimated CSI matrix H0, which is
used in Equation 12 to compute the beamforming matrix, and
the CSI matrix that is encountered at transmission time H1.
In particular, considering Equation 4, two main sources of
mismatch can be identified:

• The variation of the slant range di, which affects both
the amplitude and the phase of the CSI;

• The losses Li, which affect the CSI amplitude only.
Given the satellite position, which can be obtained from
ephemeris data, and the UTs positions, which are here assumed
to be constant and known at the network side, the gNB can
estimate the slant range for each scheduled UT. Indeed, the
literature has shown that similar techniques can be employed
to perform MIMO beamforming without the need of a CSI
feedback from the UTs, e.g., [12]. Furthermore, it must be
noted that eventual phase mismatches due to imperfect slant
range estimations do not affect the SINR, as the complex
scalar term is canceled by the norm operator in Equation 10.
However, a CSI feedback is necessary to assess the additional
propagation losses. As mentioned in the previous section, each



TABLE I
SIMULATION PARAMETERS.

Parameter Value
Carrier frequency 20 GHz

System band Ka (400 MHz)
Receiver type VSAT

Receiver antenna gain 39.7 dBi
Noise figure 1.2 dB

System scenario Sub-urban
Available power per beam 2.21 dB

Number of tiers Ntier {2, 4}
User density 0.05 users/km2

Total delay ∆τ 20 ms
Number of transmitters NF 1024 (32× 32 UPA)

contribute to Li exhibits a different temporal statistic, which
can be learnt and partially compensated by a deep learning
algorithm. We consider a fully-connected deep neural network
(FC-DNN) with a single hidden layer, taking as input the
amplitude of the i-th CSI at estimation time at the output
of the UPA |h̃0

i |, and the slant range d1i and elevation angle
α1
i experienced by UT i at transmission time τ1. The model

is depicted in Figure 3. The input data, originated from a
synthetic dataset, is standardized using the first and second
order statistics of each input estimated over the entire dataset,
obtaining the input vector xN =

[
|h̃0

i,N |, d1i,N , α1
i,N

]
, where

the subscript N indicates the data standardization. The hidden
layer, composed by NH = 10 fully-connected neurons, ex-
tracts optimal features from the inputs as follows:

yH = WHxN + bH , (14)

where xN represents the model’s input vector, and WH and
bH are the weights matrix and bias vector obtained through
the training process. The features are then fed to a batch
normalization (BN) layer, which task is to estimate mean and
standard deviation of yH during each training mini-batch and
standardize the features. To introduce non-linearities in the
network, the standardized features are processed through a
leaky rectified linear unit (LeakyReLU) layer, which applies
the following operation on each standardized feature:

LeakyReLU(x) =

{
x if x > 0

0.3× x otherwise
(15)

Finally, the activated features are combined together in a single
dense output neuron yO with weights vector wO and bias
bO, representing the (standardized) predicted CSI amplitude
at transmission time τ1. Assuming that the CSI amplitude
has mean value µCSI and standard deviation σCSI over the
training dataset, the predicted CSI amplitude of the i-th link
has the following overall formulation:

h̃AI
i = h̃AI

i,N×σCSI + µCSI , (16)

h̃AI
i,N = wO × LeakyReLU(BN(WHx+ bH)) + bO. (17)

TABLE II
AI-PREDICTED AND FEEDBACK CSI AMPLITUDE ERROR.

Method Mean Error Error Standard Deviation
AI-predicted CSI 0.00 dB 2.16 dB

Feedback CSI 0.00 dB 2.49 dB

Fig. 4. Distribution of the CSI amplitude error at τ1.

IV. SIMULATIONS AND RESULTS

In the following section, we report the results of numerical
simulations assessing the impact of the CSI prediction module
on CF-MIMO systems. The FC-DNN was implemented using
Python’s TensorFlow library [13] and trained for 100 epochs
using the popular Adam optimizer, aiming at minimizing the
mean squared error (MSE) between the predicted CSI and
its true value. The training, validation, and test datasets were
synthetically generated using the parameters reported in Table
I, based on [9], [14]. We assume that UTs can be scheduled for
an integer number of consecutive 5G new radio (NR) frames of
length 10 ms, and that pilot symbols for channel estimation
are transmitted at the beginning of each frame. Considering
Equation 7, the total delay for a LEO system can be assumed
to be 16.7 ms [1]; hence, we set the total delay equal to the
duration of two frames, i.e., ∆τ = 20 ms.

Figure 4 reports the distribution of the CSI amplitude error
on the test dataset, encompassing more than 4 million tests, for
both the feedback CSI and the predicted CSI. The plot shows
that the FC-DNN is able to reduce the standard deviation of the
CSI amplitude error: indeed, as reported in Table II, this value
decreases from 2.49 dB to 2.16 dB using the CSI prediction
module. The mean error remains at 0 dB for both solutions,
as expected. However, further analysis is needed to assess the
impact of the AI model on the CF-MIMO performance.

To this aim, we carried out system level numerical sim-
ulations of a LEO-based CF-MIMO system on MATLAB,
evaluating the capacity achieved by the UTs using Equation
11. We report in Figure 5 the 10, 50, and 90%-iles of the
achieved user capacity. Regardless of Ntier, the AI model is
able to greatly improve the capacity low 10%iles, increasing
the capacity achieved by users with low SINR. In particular,
the CSI prediction increases the achievable capacity from 107
Mbps to 119 Mbps in a 2-tiered system (an 11% improvement)
and from 78 Mbps to 90 Mbps in a 4-tiered system (a 15%



Fig. 5. Comparison of the user capacity percentiles.

improvement). UTs with large SINR also experience a slight
increase in capacity (90%-ile), corresponding to 1.55% and
1.52% in systems with 2 and 4 tiers, respectively. On the
opposite, the median capacity is reduced from 351 Mbps to
349 Mbps in the 4-tiered system and from 278 Mbps to 275
Mbps in the 2-tiered system. However, given the magnitude
of the reduction, these last results may be within margin of
error. Finally, the AI channel predictions result in lower outage
probabilities, i.e., the probability that the SINR falls under a
minimum threshold (here set to -10 dB), from 3.02% to 1.53%
with 2 tiers and from 5.47% to 3.22% with 4 tiers.

It is clear that the AI-based channel prediction module
introduces an advantage within the CF-MIMO system while
requiring only a fractional increase in computational com-
plexity. Indeed, the AI model employs only 91 parameters to
predict the CSI amplitude, making it extremely lightweight.
Furthermore, the prediction can be carried out for multiple
UTs in a single batch, exploiting the parallelization capabilities
of AI techniques. It must be mentioned that, while this work
is based on a synthetic dataset, real data would be necessary
to ensure that the AI model is able to cope with the real
additional losses statistics. Moreover, a real implementation
of the proposed technique may benefit from online learning,
i.e., continuously or periodically fine tuning the model using
recent data. Indeed, while offline learning makes the model
learn general short-term statistics, online learning allows the
training process to learn and take into account local variations,
e.g., temporary fades due to clouds or rain. Nonetheless, this
work showed that the AI model is able to learn NTN channel
statistics, resulting in performance gains in LEO-based CF-
MIMO systems over the simple CSI feedback.

V. CONCLUSION

In this work we presented a lightweight AI model that
refines outdated CSI estimates by learning and applying NTN
channel statistics, projecting the CSI estimates to transmission
time. We evaluated at system level the performance impact
of the model on a LEO-based CF-MIMO system. Numerical
analyses proved that CSI prediction enables an improvement
of the user capacity 10%-iles by up to 15% and a reduction of
the outage probability, regardless of the number of tiers of the

multi-beam satellite. Future works should aim at validating
the AI model performance on real data, also providing a
comparison in terms of accuracy and complexity with other
AI-based techniques. Further activities may also assess the
performance impact of CSI prediction on user scheduling.
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