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An Atmosphere Data Driven Q Band Satellite
Channel Model with Feature Selection

Lu Bai, Member, IEEE, Qian Xu, Ziwei Huang, Graduate Student Member, IEEE, Shangbin Wu, Spiros
Ventouras, George Goussetis, Senior Member, IEEE, and Xiang Cheng, Senior Member, IEEE

Abstract—This paper proposes a novel atmosphere data driven
Q band satellite channel model using two artificial neural
networks, i.e., multi-layer perceptron and long short-term mem-
ory (LSTM), to estimate real-time channel attenuation at Q
band via a set of atmosphere parameters. Seven atmosphere
parameters for modeling satellite channel attenuation are selected
by the least absolute shrinkage and selection operator (LASSO)
algorithm from fourteen commonly used atmosphere parameters.
Simulation results demonstrate that the multi-layer perceptron-
based atmosphere data driven Q band satellite channel model
via those seven atmosphere parameters is more accurate and
less complex than that via the fourteen atmosphere parameters.
Meanwhile, the accuracy performance of multi-layer perceptron-
based and LSTM-based atmosphere data driven Q band satellite
channel models, such as absolute errors and mean squared errors
(MSEs), are discussed and analyzed. The complexity of multi-
layer perceptron and LSTM in this model, such as training time,
loading time, and estimation time, are also investigated. It can be
seen that the estimated channel attenuation can well align with
the measured channel attenuation.

Index Terms—Satellite communication channel attenuation, Q
band, key atmosphere parameters, data driven, feature selection.

I. INTRODUCTION

THE research and development of the sixth generation
(6G) wireless communication networks is emerging while

the fifth generation (5G) wireless communication networks are
at the stage of commercial deployment in 2020. In addition to
further improving the wireless communication performance on
the basis of 5G, the 6G vision states the essence “Ubiquitous,
Wireless, and Intelligence” [1]. Ubiquitous communication
means that services follow users everywhere seamlessly, which
is going to be achieved by unmanned aerial vehicle (UAV)
communication [2]–[4], satellite communication, and other
key technologies. Satellite communication is attractive for its
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excellent signal quality, wide coverage, reduced vulnerability
of natural disasters and physical attacks [5]. Compared with
conventional satellite communication, satellite communica-
tions applied in 6G wireless communication require higher
data throughput, higher channel capacity, and improved qual-
ity of service. Therefore, satellite communication at higher
frequency band plays a more important role in 6G wireless
communication. For designing and evaluating 6G satellite
communication systems and protocols, it is important to es-
tablish an accurate and easy-to-use model to fully mimic the
underlying channel characteristics of satellite communications
[6], [7].

Satellite communication channel modeling has been boom-
ing since 1980s. However, the research on satellite channel
modeling is focusing on low frequency bands until now, such
as UHF band [8]–[14], L band [14]–[20], S band [21]–[23],
X band [24]–[27], Ku band [25]– [39], K band [40], Ka band
[41]–[46]. Satellite channel models at higher frequency bands,
such as Q band and V band are less studied. The satellite
communication channel attenuation varies with bands, such
as that the tropospheric scintillation is sensitive to weather
conditions at high frequency band [47]; rainfall attenuation
becomes one of the main attenuation in the troposphere when
the frequency is higher than 10 GHz [48]; cloud attenuation
results in serious performance degradation above 20 GHz
[49]. Therefore, the existing satellite channel models at low
frequency band cannot represent the channel propagation at
Q/V band to apply. Satellite communication at Q/V band plays
an increasing role in realizing space-air-ground-sea integrated
ubiquitous network, because its high data throughput is more
suitable for the broadband services in 6G wireless communi-
cations. Meanwhile, to free Ka band for reducing the cost of
the ground segment, Q/V band are used for the feeder links of
satellite communication systems [50]. Therefore, the research
on satellite channel modeling at Q/V band is imperative.

Compared with lower band satellite channel modeling, the
Q band satellite channel modeling is more difficult due to the
extremely high cost of the development of Q band satellite
channel measurement campaigns. Therefore, compared with
the satellite channel modeling at other lower frequency bands,
the Q band satellite channel modeling is in the preliminary
stage [51]. The authors in [51]–[53] evaluated and analyzed the
satellite fading estimation at Q band, but they did not propose a
complete Q band satellite channel model. A three-dimensional
satellite channel model at Q band in a high latitude was
proposed in [54]. It is a stochastic channel model and cannot
accurately estimate satellite channel attenuation at a real time.
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The correlation between the weather condition and the satellite
channel attenuation found at medium and high frequency band
[47]–[49] inspires that there should be a more direct and
stronger correlation between them at Q band. Compared with
the satellite channel measurement data at higher frequency
band, the corresponding atmosphere data is much easier to
obtain. Therefore, if we could discover and analyze the cor-
relation or mapping relation between the atmosphere data and
the satellite channel attenuation, a completely new solution for
the satellite channel modeling at higher frequency band, e.g.,
Q band, would arise. Meanwhile, the application of artificial
intelligence (AI) gives huge benefits to channel analysis [55].
The current AI-based channel models are limited to model
channel characteristics based on channel propagation data
obtained from real wireless channel measurement campaigns
[56]. An AI-based channel model based on the atmosphere
data rather than the channel propagation data can overcome
the deficient of satellite channel measurement data at Q band.
Therefore, we have done some preliminary research in [57],
where the correlation and relationship between the atmosphere
data and the Q band satellite channel attenuation has been
discussed and analyzed preliminarily.

In this paper, based on the preliminary research and analysis
in [57], we propose a completely new Q band satellite channel
model, named as the atmosphere data driven Q band satellite
channel model. The proposed channel model is based on the
multi-layer perceptron and long short-term memory (LSTM) to
estimate the Q band satellite channel attenuation via seven key
atmosphere parameters selected by least absolute shrinkage
and selection operator (LASSO). The main contributions and
novelties of this paper are summarized as follows:

1) A novel atmosphere data driven Q band satellite channel
model with feature selection is proposed. Without using
the channel measurement data at all, the proposed model
is purely based on the atmosphere data, which is widely
available and easy-to-obtain. Therefore, the model can
efficiently use common atmosphere data to obtain the
accurate satellite channel attenuation at any specific time
with significantly low complexity.

2) The Q band satellite channel measurement and at-
mosphere measurement are carried out at Chilbolton,
Hampshire, UK. This work properly relieves the lack of
satellite channel measurement at high frequency band,
verifies the research on the relationship and correlation
between the weather condition and the corresponding
satellite channel attenuation, and supports the research of
atmosphere data driven Q band satellite channel model
in this paper.

3) The seven most significant atmosphere parameters for
estimating satellite channel attenuation are selected by
the LASSO algorithm from the common fourteen at-
mosphere parameters. Simulation results demonstrate
the channel model via the selected seven atmosphere
parameters is more accurate and less complex than that
via common fourteen atmosphere parameters and that
via randomly selected seven atmosphere parameters in
[57].

4) This atmosphere data driven Q band satellite channel
models based on both multi-layer perceptron and LSTM
are built and compared sufficiently. According to the
accuracy and complexity, the time step of LSTM applied
on this model is properly discussed. Compared with
multi-layer perceptron, LSTM has a significant advan-
tage in estimating satellite channel attenuation. However,
the accuracy performance of atmosphere data driven
Q band satellite channel model based on LSTM only
increases slightly with the time step.

The rest of the paper is organized as follows. In Section II,
the Q band satellite communication propagation measurement
system and the atmosphere measurement system are presented.
The measured channel attenuation data and the correspond-
ing atmosphere data are also discussed and analyzed. In
Section III, feature selection of atmosphere parameters to
model satellite channel attenuation is fulfilled by LASSO.
Its performance is also obtained and analyzed. The LSTM-
based atmosphere data driven Q band satellite channel model
and the multi-layer perceptron-based atmosphere data driven
Q band satellite channel model are shown in Section IV.
Their accuracy performance and complexity are discussed and
analyzed in this section. In Section V, conclusions and future
work are given.

II. THE MEASUREMENT SYSTEMS AND DATA ANALYSIS

The Q band satellite propagation measurement data and its
corresponding atmosphere data from 1st Jan. 2017 to 31st Dec.
2017 are collected for the atmosphere data driven Q band
satellite channel model. For the trade-off between accuracy
and complexity, the received signal and atmosphere data are
sampled by 1/60 Hz. In order to improve the performance
of the proposed atmosphere data driven Q band satellite
channel model, the atmosphere data and the corresponding
satellite channel attenuation data are synchronized over time
by seconds. In this section, the environments and instruments
of satellite propagation measurement and atmosphere measure-
ment are given. Detail of measured data is also shown in this
section.

A. The satellite channel attenuation measurements

Radio propagation measurement at 39.402 GHz (Q band) is
carried out using the Alphasat (also referred to as Inmarsat-
4A F4) satellite at 25.0◦E and the Aldo Paradoni Payload
(TDP5) propagation beacon at Chilbolton, Hampshire, UK.
The beacon is mounted approximately on the roof of a cabin
(51.1445◦N, 1.4370◦W) and approximately 100 m above mean
sea level. It is made as part of the large scale assessment
of Ka/Q band atmospheric channel using the Alphasat TDP5
propagation beacon project, which is funded by European
Space Agency (ESA). The Q band satellite propagation mea-
surement and atmosphere measurement began in July 2016
and are currently ongoing. The raw received signal power with
respect to time follows is shown in Fig. 1a. Here, we use the
excess attenuation of received signal to record the propagation
characteristics. The excess attenuation is obtained via the
received signal such that effects of ground equipment can be
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(a) The raw received signal.
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(b) The signal excess attenuation.

Fig. 1: The time series of radio propagation signals.

removed. It is computed based on the difference between the
measured signal power at a real time and a reference signal
power measured in the clear sky [58]. A snap shot of excess
attenuation in seven days is shown in Fig. 1b.

B. Atmosphere measurements

The atmosphere measurement is carried out by Chilbolton
Facility for Atmospheric and Radio Research (CFARR). The
atmosphere data is collected by the Chilbolton Observatory,
Hampshire, UK in addition to satellite communication channel
attenuation measurements conducted at Chilbolton, UK. Fig.
2a is the Chilbolton Observatory [59]. Fig. 2b is the location
of Chilbolton.

The atmosphere data in this paper was collected using
three instruments, including multiple raingauges, Campbell
Scientific PWS100 present weather sensor (PWS100), and
meteorological sensors.

The PWS100 is mounted on the roof of a cabin, which is
approximately 10 m above ground. It observes the scattering
of a laser beam 20 degrees off the forward direction in the
horizontal and vertical planes and detects precipitation [60].
The data collected by PWS100 data includes air temperature,
rainfall rate, relative humidity, thickness of rainfall amount,
visibility, average particle speed, and average particle diameter.

(a) The Chilbolton Observatory.

(b) The location of Chilbolton.

Fig. 2: The photograph and location of Chilbolton Observatory.

The data collected by multiple raingauges is provided from
two types of raingauges, tipping-bucket and drop-counters
[61]. The tipping-bucket raingauge has been widely used to
measure rain rate, but its resolution is poor. Drop-counter
raingauges, a standard drop-counter and a low-rate drop-
counter, have been developed to measure every drop rather
than every tip of a bucket at high time resolution (10 seconds).
Two standard drop-counters are placed on the ground and
within a circular low turf wall which is 0.45 m high. The
low-rate drop-counter is placed on the ground. The common
measurements include rainfall drop count A (standard drop-
counter within turf wall enclosure), rainfall drop count B
(standard drop-counter on ground), rainfall drop count C (low-
rate drop-counter on ground), and rainfall tip count.

The meteorological sensor data provides information about
weather conditions, including air temperature, barmetric pres-
sure, relative humidity, wind direction, wind speed, and rainfall
rate. Here, barmetric pressure, wind direction, and wind speed
are collected to additionally supplement PWS100 data and
multiple raingauges data.

These datum of three atmosphere measurement instruments
and their units are shown in Table I.

III. FEATURE SELECTION AND PERFORMANCE ANALYSIS

A. LASSO

LASSO is a regression analysis method in machine learning
and statistical learning. It is able to process both feature
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TABLE I: The three kinds of datum and their units.

Instruments Atmosphere Parameters Unit

Campbell  
Scientific 
PWS100

Air temperature K
Rainfall rate m/s

Relative humidity %
Thickness of rainfall amount m

Visibility m
Average particle speed m/s

Average particle diameter mm

Multiple 
Raingauges

Rainfall drop count A
(standard drop-counter within turf wall enclosure)

count

Rainfall drop count B
(standard drop-counter on ground)

count

 Rainfall drop count C
(low-rate drop-counter on ground)

count

Rainfall tip count count

Meteorological 
Sensor

Barmetric pressure Pa
Wind direction degree

Wind speed m/s

selection and regularization. It is widely used to enhance
accuracy performance and interpret ability of the statistical
model. LASSO, firstly proposed by Robert Tibshirani in 1996
[63], has very low requirements for data. It can overcome
the weakness of traditional methods well in model selection
and is better than principal component regression, stepwise
regression, partial least square, and ridge regression in feature
selection. It constructs a penalty function to establish a more
accurate refined model and compresses some regression co-
efficients to make the absolute value of force coefficient less
than a certain value. Meanwhile, some regression coefficients
are initialized to zero. Therefore, the advantages of the subset
contraction are retained, which is a partial estimation of the
complex colinear data. In this paper, LASSO is applied to
selecting the more important features that contribute to the
channel attenuation modeling from the common fourteen at-
mosphere parameters measured in Section II-B. The algorithm
principle is outlined as follows.

In this linear regression, the number of samples is N .
Let xi = [xi1, xi2, · · · , xip] be the i-th sample, which is
a p-dimensional vector, i.e., there are totally p features se-
lected. yi is the label of data xi. In this paper, p = 14,
N = 316175. Each sample xi is a vector of 14 atmosphere
parameters, including air temperature, rainfall rate, relative
humidity, thickness of rainfall amount, visibility, average par-
ticle speed, average particle diameter, rainfall drop count A
(standard drop-counter within turf wall enclosure), rainfall
drop count B (standard drop-counter on ground), rainfall drop
count C (low-rate drop-counter on ground), rainfall tip count,
barmetric pressure, wind direction, and wind speed. yi is
the corresponding satellite channel attenuation measured in
Section II-A. β is the regression coefficient, which could con-
struct a linear model (

∑p
j=1(xijβj)) to estimate corresponding

satellite channel attenuation yi. Then the loss function could
be Error=

∑N
i (yi −

∑p
j=1 xijβj)

2. The optimization goal is
finding β to minimize the Error with condition, and the
formulas are as follows.

β̂LASSO = arg min
β

N∑
i=1

(yi −
p∑
j=1

(xijβj))
2 (1)

subject to

p∑
j=1

|βj | ≤ t. (2)

Here, subjecting to the sum of the absolute value of the
coefficients |βj | being less than the constant t, we try to
minimize the sum of error squares.

Combining (1) and (2), we can obtain an objective function
with a penalty function embedded, i.e.,

β̂LASSO = arg min
β

1

2

N∑
i=1

(yi −
p∑
j=1

(xijβj))
2 + α

p∑
j=1

|βj |

 .

(3)
where

∑p
j=1 |βj | is the regularization term of L1-norm, and

α is the tuning parameter of the regularization term, which is
utilized to control the intensity of punishment. Let β0

j be full
least squares estimates and let t0 =

∑p
j=1

∣∣β0
j

∣∣. When t < t0,
shrinkage of the solutions towards 0, and some coefficients
may be exactly equal to 0, which means the features is not
important and should be discarded. (3) is the penalty form
of the LASSO algorithm. It is equivalent with (1) and (2),
which are the constrained forms of LASSO algorithm. We use
a python toolkit called sklearn to realize the LASSO algorithm.

B. Performance analysis
By adjusting the parameter α, the weights and the number

of selected features vary. Fig. 3 and Fig. 4 illustrate the
absolute values of weights of features in terms of different
α values. It can be observed that the weights of features
show a flat or decreasing trend when α increases. The rainfall
rate is selected by LASSO as the most significant feature.
When α is small, wind direction is the second most important.
However, it disappears when α becomes larger. After the point
of α = 5.1×10−5, only three features, air temperature, relative
humidity, and visibility, remain to be significant. It should be
noticed that, among those 14 parameters, five of them (average
particle diameter, rainfall drop count A/B/C, and rainfall tip
count) are never selected by LASSO, which means that they
have no effect on the satellite channel attenuation. Note that as
the coefficient term α increases, the sensitivity of the model to
independent variables increases, while the number of selected
features selected decreases. Detailed weights of features can
be found in Table II.

Another important factor to consider is the number of
features. It should provide a balance between accuracy and
complexity. R2-scores, mean square error (MSE) losses of the
training sets and the test sets, and the number of features of
LASSO are used to quantify this balance. R2-score is used to
evaluate the goodness of fit, which is as follows.

R2 = 1−
∑M
m (yprem − ym)2∑M
m (ȳ − ym)2

(4)

where yprem and ym are the estimated value and measured
true value of m-th sample in data sets, respectively. M is the
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TABLE II: The weights of features with various α.

Alpha 1.00E-04 2.00E-05 1.00E-05 9.00E-06 8.00E-06 7.00E-06 6.00E-06 5.00E-06 4.00E-06 3.00E-06 2.00E-06 1.00E-06

Air temperature 4.57E-03 9.68E-03 1.02E-02 1.03E-02 1.04E-02 1.04E-02 1.04E-02 1.04E-02 1.04E-02 1.04E-02 1.03E-02 1.03E-02

Relative humidity 1.53E-03 5.60E-03 6.19E-03 6.24E-03 6.29E-03 6.32E-03 6.30E-03 6.27E-03 6.25E-03 6.23E-03 6.42E-03 6.70E-03

Rainfall rate 0.00E+00 3.44E-01 5.62E-01 5.83E-01 6.05E-01 6.27E-01 6.49E-01 6.70E-01 6.92E-01 7.14E-01 7.36E-01 7.59E-01

Visibility -2.17E-03 -2.05E-03 -2.00E-03 -2.01E-03 -2.02E-03 -2.04E-03 -2.10E-03 -2.16E-03 -2.22E-03 -2.28E-03 -2.48E-03 -2.72E-03

Thickness of rainfall amount 0.00E+00 5.31E-03 4.67E-03 4.56E-03 4.45E-03 4.28E-03 4.04E-03 3.81E-03 3.57E-03 3.62E-03 3.44E-03 3.03E-03

Average particle diameter 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

0.00E+00 6.50E-02 5.89E-02 5.83E-02 5.77E-02 5.70E-02 5.61E-02 5.52E-02 5.44E-02 5.35E-02 5.22E-02 5.08E-02

0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

Rainfall tip count 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00

Barmetric pressure 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 -2.99E-03 -1.30E-02 -2.31E-02 -3.31E-02 -4.32E-02 -3.96E-02 -3.01E-02

Wind speed 0.00E+00 0.00E+00 5.44E-04 7.66E-04 9.88E-04 1.20E-03 1.40E-03 1.59E-03 1.79E-03 1.98E-03 1.96E-03 1.84E-03

Wind direction 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 0.00E+00 1.52E-01 3.69E-01

Rainfall drop count B
Rainfall drop count C
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Fig. 3: The weights of features with various α.

number of samples in the data sets. ym is the mean value of
all measured true value. Higher R2-score, better performance.
The highest R2-score is 1, which means that the estimated
value is completely consistent with the measured true value.

MSE, which is expressed as R, is the average value of the
squared distances between estimated value and measured true
value. It has been widely used and can be expressed as

R =

∑M
m (ym − yprem )2

M
. (5)

Scores, loss, and number of features with various α are
presented in Fig 4. The scores of both the training sets
and the test sets remain flat when α is less than 10−5.
Meanwhile, when the number of features is larger than 8, the
loss starts to soar, which indicates that more features selected
may provide negative results to the overall loss. Therefore,
an optimal number of features should be chosen maintaining
high score and low loss. From the experiment, 7 features with
α = 8 × 10−6 are able to provide balance between accuracy
and complexity. In this case, the test set score is approximately
0.52 and the test set loss reaches as low as 2.4 × 10−4.
Detailed numbers of scores, losses, and numbers of features
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Fig. 4: Scores, loss, and number of features with various α.

with different α can be found in Table III.
The accuracy metric measured via MSE and cumulative

density function (CDF) of the absolute error, and the com-
plexity metric measured via loading time and estimation time
of feature selection on this atmosphere data driven Q band
satellite channel model are discussed and analyzed in this
subsection.

Fig. 5 compares CDFs of the absolute error between mea-
sured and estimated channel attenuation of three different
approaches.

1) Approach 1 is with 7 parameters selected by LASSO.
2) Approach 2 is with all 14 measured parameters in total.
3) Approach 3 is with those 7 parameters used in [57].

The atmosphere parameters of three approaches is illustrated
in Table IV.

In the absolute error range between 0-0.4 dB, approach
2 has the highest CDF of lower absolute error. Meanwhile,
approach 1 has better performance than approach 2 when the
absolute error between an estimated value and measured true
value is higher than 0.4 dB. The percentages of the absolute
error within 2 dB of these three approaches are 98.59%,
98.21%, and 97.19%, respectively. The statistical analysis
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TABLE III: The performance of LASSO with various α.

Alpha Training set score Test set score Training set loss Test set loss Number of features used

1.00E-04 3.80E-01 3.50E-01 2.40E-04 2.60E-04 4

2.00E-05 5.00E-01 4.70E-01 2.80E-04 2.90E-04 6

1.00E-05 5.30E-01 5.10E-01 1.20E-04 1.30E-04 7

9.00E-06 5.40E-01 5.20E-01 2.30E-04 2.40E-04 7

8.00E-06 5.40E-01 5.20E-01 2.20E-04 2.40E-04 7

7.00E-06 5.40E-01 5.20E-01 3.00E-04 3.10E-04 8

6.00E-06 5.40E-01 5.20E-01 6.80E-04 6.90E-04 8

5.00E-06 5.40E-01 5.30E-01 1.25E-03 1.27E-03 8

4.00E-06 5.50E-01 5.30E-01 2.01E-03 2.03E-03 8

3.00E-06 5.50E-01 5.30E-01 2.96E-03 2.98E-03 8

2.00E-06 5.50E-01 5.30E-01 9.76E-03 9.76E-03 9

1.00E-06 5.60E-01 5.40E-01 5.14E-02 5.14E-02 9

TABLE IV: The atmosphere parameters of three approaches.

Atmosphere Parameters Approach 1 Approach 2 Approach 3
Air temperature √ √ √

Rainfall rate √ √ √

Relative humidity √ √ √

Thickness of rainfall amount √ √ √

Visibility √ √ √

Average particle speed √ √ √

Average particle diameter × √ √

Rainfall drop count A
(standard drop-counter within turf wall enclosure)

× √ ×

Rainfall drop count B
(standard drop-counter on ground)

× √ ×

Rainfall drop count C
(low-rate drop-counter on ground)

× √ ×

Rainfall tip count × √ ×

Barmetric pressure × √ ×

Wind direction × √ ×

Wind speed √ √ ×

demonstrates approach 1 has the best accuracy performance
among approaches 1-3. The MSEs of approaches 1, 2, and 3
are 5.22 × 10−1, 5.83 × 10−1, and 6.72 × 10−1 as Table V
shows. This means that approach 1 provides better accuracy
performance than approach 2, because some of the 14 parame-
ters have a negative effect on modeling. Meanwhile, approach
1 is also better than approach 3, which means that LASSO
algorithm is valid for the feature selection of satellite channel
attenuation modeling.

As Table V shows, the loading times of approach 1 and
approach 3 are very similar. Approach 2 needs more time to
load. Their estimation times has the similar conclusion. That
is to say, the multi-layer perceptron model with approach 2 is
more complex than those with approaches 1 and 3. Note that
all models are trained with Intel Xeon E5-2680V3 and 64 GB
memory.

Therefore, using the 7 parameters selected by LASSO
(air temperature, rainfall rate, relative humidity, thickness of
rainfall amount, visibility, wind speed, and average particle
speed) as input vector is more accurate and less complex,
so it has an important significance to the Q band satellite
channel attenuation modeling. In addition, the optimization
goal of LASSO is to remove irrelevant features and redundant

TABLE V: The performance comparison among the multi-
layer perceptrons with 3 input vectors.

Performance Approach 1 Approach 2 Approach 3

MSE 5.22E-01 5.83E-01 6.72E-01

Loading Time (s) 5.98E-03 9.01E-03 5.72E-03

Estimation Time (s) 1.67E-01 1.74E-01 1.69E-01
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Fig. 5: CDFs of the absolute error of estimated satellite
channel attenuation by 3 input vectors.

features to improve the model performance. As a result, these
seven parameters selected by the LASSO algorithm have a
high independence degree with each other. However, it should
be noticed that complete independence cannot be guaranteed.

IV. THE LSTM-BASED ATMOSPHERE DATA DRIVEN Q
BAND SATELLITE CHANNEL MODEL

A. System model

The input vector, i.e., atmosphere parameter, has a temporal
characteristic. As a result, the time sequence is one of the
most important factors for predicting the performance of the
satellite channel attenuation prediction. The LSTM has the
advantage of dealing with sequential modeling problems. The
atmosphere data driven Q band satellite channel model based
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Fig. 6: The flowchart of LSTM-based atmosphere data driven
Q band satellite channel model

on the LSTM is proposed in this section. The flowchart of
LSTM-based atmosphere data driven Q band satellite channel
model which models satellite communication channel attenu-
ation via atmosphere parameters is shown in Fig. 6. Firstly,
satellite propagation measurement data and atmosphere data
are collected and data pre-processed. One data sample is
made of input vector and output vector. The input vector is 7
atmosphere parameters, including air temperature, rainfall rate,
relative humidity, thickness of rainfall amount, visibility, wind
speed, and average particle speed. The output vector is Q band
satellite channel excess attenuation. Then, the samples are sep-
arated into the training dataset, the validation dataset, and the
test dataset by the proportion of 12:3:5. Secondly, the LSTM is
trained for the parameter selection and configuration of LSTM
by the training dataset and the validation dataset, containing
both input vector and output vector. After the training process,
the estimated channel excess attenuation are obtain by the
trained LSTM via inputting the input vectors of the test dataset.
The accuracy performance of the trained LSTM is measured
via MSE and CDF of the absolute error between the estimated
Q band satellite channel excess attenuation and the output
vectors of the test dataset which is the measured true value.
Thirdly, the trained LSTM could be used to estimate satellite
communication channel attenuation via atmosphere parameters
when the accuracy performance is satisfied.

LSTM [64] is a special recurrent neural network (RNN).
The exploding or vanishing gradient problem for RNN can
be solved by building dependencies between states at long
intervals. As Fig. 7 shows, three multiplicative units, including
forget gate, input gate, and output gate, are introduced to
control the rate of information accumulation.

The input gate deals with the present input data and the
output data of the upper cell. It is used to select the information
from upper cell which contained in the present memory cell
according to current input data. The process is shown as (6)
and (7),

it = σ(Wi [xt + yt−1] + bi) (6)

c̃t = g(Wc [xt + yt−1] + bc) (7)

where it, bi, and Wi are respectively the output of the input
gate, the vector of bias in this gate, and the weight matrix.
xt represents the input data at time t. yt−1 is the output
vectors of the upper cell. Wc and bc are the weight matrix
and bias to calculate c̃t respectively, and c̃t is the intermediate
variable to calculate the present memory cell ct. ct is the
long-term memory of the current cell, which combines the last
moment information saved by the input gate and the forgetting
gate according to the current state. σ and g are respectively
the sigmoid function and the tanh function of the activation
function.

The forget gate is used to select the information which is
to be forgotten, which can be expressed as

ft = σ(Wf [xt + yt−1] + bf ) (8)

ct = ft � ct−1 + it � c̃t (9)

where ct is the present memory cell which contains the
information at long intervals, ft is the output of the forget
gate, ct−1 is the retained information of the upper cell. c̃t is
the intermediate variable from (7). bf and Wf are the vector
of bias and the weight matrix in this gate, respectively.

The output gate combines the output of the previous node
and the current memory ct retained by the forgetting gate and
input gate. It means that the output gate calculates the result
yt based on the previous output yt−1, the input data xt at time
t, and the current memory cell ct as shown in (10) and (11)

ot = σ(Wo [xt + yt−1] + bo) (10)

yt = ot � h(ct) (11)

where bo and Wo are the bias vector and the weight matrix in
this gate respectively. ot is the intermediate variable to control
how many the information retain from ct to yt.

The detail structure of the LSTM-based model designed to
model the corresponding Q band satellite channel attenuation
is shown in Fig. 8. The LSTM model has one input layer,
one LSTM layer, three hidden layers, and one output layer.
The input layer is related to the data. For example, when the
input layer is a seven-dimension vector (selected by LASSO),
the numbers of neurons and weights in the LSTM model
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Fig. 8: The structure of channel model we designed.

are shown in Table VI. The LSTM layer has 32 neurons.
The numbers of neurons in hidden layers are 16, 32, and
64, respectively. The output layer is one-dimension. The loss
function is an MSE function. Back propagation is used to
optimize the weights of the proposed model. In detail, there
are 5120 weights between the input layer and LSTM layer.
Three hidden layers and one output layer are followed and
fully connected. The numbers of weights between the layers
are 512, 512, 2048, and 64, sequentially. Totally, the LSTM
model has 152 neurons and 8256 weights. Obviously, most of
the weights are located between the input layers and the LSTM
layer. In other words, the LSTM layer plays a major role in this
model. Meanwhile, the multi-layer perceptron model used in
approaches 1, 2, and 3 has one input layer, five hidden layers,
and one output layer. The input layer is a seven-dimensional
vector. The numbers of neurons in hidden layers are 16,
32, 64, 32, and 16, respectively. The output layer is one-
dimensional. Specifically, all layers are fully connected. The
numbers of weights between layers from input layer to output
layer are 112, 512, 2048, 2048, 512, and 16, sequentially.
Totally, the multi-layer perceptron model has 168 neurons and
5248 weights.

TABLE VI: The numbers of neurons and weights in each layer
of the LSTM model.

Layers No.of Neurons No.of Weights Between Layers

Input layer 7
5120

LSTM layer 32
512

Hidden layer 1 16
512

Hidden layer 2 32
2048

Hidden layer 3 64
64

Output layer 1

Total 152 8256

The experiment is done with Kera. The training times are
initialized to 1000 epochs with early stop when the patience is
set as 5. The learning rate of the model is 10−4. The initializer
is Xavier uniform initializer proposed in [66] to initialize the
weights of layers. The root-mean-square propagation (RM-
SProp) proposed in [65] is used to optimize the model. It
is with the momentum of 0.9 and the smooth factor of 10−6.

B. Performance analysis

The accuracy performance, shown as MSE and CDF of the
absolute error, and the complexity performance, measured by
loading time, training time, and estimation time of LSTM-
based atmosphere data driven Q band satellite channel model
are discussed and analyzed in this subsection. The MSEs
of multi-layer perceptron and LSTM-based atmosphere data
driven Q band satellite channel models with different time
steps, e.g., 0 min-15 min, for the training sets, validation sets,
and test sets are illustrated in Table VII. The loading time,
training time, and estimation time of multi-layer perceptron-
based and LSTM-based atmosphere data driven Q band satel-
lite channel models with different time steps are also shown
in it.

CDFs of the absolute error in multi-layer perceptron-based
and LSTM-based atmosphere data driven Q band satellite
channel models with time step= 0 min are presented in
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TABLE VII: The performance comparison among the multi-
layer perceptron-based and LSTM-based atmosphere data
driven Q band satellite channel models.

Dense

0 0 5 10 15

Training Set 6.15E-01 5.10E-01 4.68E-01 5.00E-01 4.58E-01

Validation Set 9.06E-01 7.86E-01 7.16E-01 7.29E-01 7.25E-01

Test Set 5.22E-01 4.64E-01 4.20E-01 4.31E-01 4.20E-01

Training 2.88E+01 6.01E+00 1.51E+01 3.88E+01 7.86E+01

Loading 5.98E-03 8.24E-02 1.56E-02 1.54E-02 1.30E-02

Estimation 1.87E-01 5.08E-01 6.40E-01 1.36E+00 2.20E+00
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Fig. 9: CDFs of the absolute error between measured and
estimated data in multi-layer perceptron-based and LSTM-
based atmosphere data driven Q band satellite channel models.

Fig. 9. When the absolute error is under 0.7 dB, the multi-
layer perceptron-based atmosphere data driven Q band satellite
channel model has a lower absolute error. Then, the LSTM-
based atmosphere data driven Q band satellite channel model
catches up with the growth of the absolute error. More
importantly, the LSTM-based atmosphere data driven Q band
satellite channel models have much lower MSEs than the
multi-layer perceptron-based atmosphere data driven Q band
satellite channel model in Table VII. Therefore, LSTM-based
atmosphere data driven Q band satellite channel model has
more accurate performance than that of multi-layer perceptron-
based atmosphere data driven Q band satellite channel model.

The performance of multi-layer perceptron-based and
LSTM-based atmosphere data driven Q band satellite channel
models with different time steps (time step = 0, 5, 10, 15
min) are compared and analyzed in Fig. 10. In the absolute
error range between 0-0.3 dB, the LSTM-based atmosphere
data driven Q band satellite channel model with time step
= 10 min has the best modeling performance. Then, the
LSTM-based atmosphere data driven Q band satellite channel
model with time step = 15 min is similar to the multi-layer
perceptron-based channel model when the absolute error is
higher than 0.5 dB. As Table VII shows, the MSEs of LSTM-
based atmosphere data driven Q band satellite channel models
decrease slightly with the increase of time step, but they are
very similar overall. However, the loading time, training time,
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Fig. 10: CDFs of the absolute error of between measured and
estimated data in LSTM-based atmosphere data driven Q band
satellite channel models with different time steps.

and estimation time of LSTM-based atmosphere data driven
Q band satellite channel model increase with time step.

V. CONCLUSION

This paper has proposed an atmosphere data driven Q band
satellite channel model of estimating satellite communication
channel attenuation. The input vector consists of 7 atmosphere
parameters selected by LASSO from 14 atmosphere param-
eters measured at Chilbolton, Hampshire, UK. The output
vector is the Q band satellite channel attenuation which is
calculated based on the received signal obtained by Alphasat
beacon receiver at Chilbolton, Hampshire, UK. Accuracy
performance is discussed by MSE and CDF of the absolute
error between measured and estimated data, and complexity
is analyzed by loading time, training time, and estimation
time of ANN. Statistical analysis demonstrates that using the
atmosphere data driven Q band satellite channel model with 7
atmosphere parameters selected by LASSO as the input vector
outperforms the atmosphere data driven Q band satellite chan-
nel model using all 14 atmosphere parameters. In this model,
compared with the multi-layer perceptron, the LSTM has
benefit effect on modeling Q band satellite channel attenuation.
The accuracy performance of LSTM-based atmosphere data
driven Q band satellite channel model only increases slimly
with time step. The selected 7 atmosphere parameters has
important influence on the Q band satellite channel attenuation,
and the proposed LSTM-based atmosphere data driven Q
band satellite channel model further improves the accuracy
of satellite channel attenuation. Until now, the atmosphere
data driven Q band satellite channel model only can model
satellite communication channel attenuation at a certain fre-
quency band. In the future, the multi band applied atmosphere
data driven Q band satellite channel model is going to be
researched. Also, more measurement data is needed to be
acquired, for example, the distribution of parameters, including
the wind direction, wind speed, etc., as a function of the height.
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