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ABSTRACT

While the use of weather radars to continuously monitor the spatio-
temporal dynamics of precipitation has grown in recent years, these
systems are expensive and sparsely deployed across the world. In
this context, densely located ground-based terminals for interactive
satellite services have the potential for dual-use as weather sensors
because they measure rain-attenuated power of the downlink signal.
Although in the millimeter-wave regime, the rain rate has almost a
linear relationship with specific attenuation, lack of other weather
radar observables at satellite terminals imposes a daunting task of
extracting rainfall rate from these highly attenuated signals. We ad-
dress this problem by designing a deep convolutional neural network
(CNN) that learns the relationship between the signal attenuation and
rainfall rate observed by weather radars and rain gauges at a given
location. During the prediction stage, the CNN accepts downlink
attenuation as input and classifies the rain intensity which is then
used to apply an appropriate rainfall estimator. Our experiments with
real data show that, despite severe attenuation, CNN-based downlink
rainfall accumulations closely follow the nearest C-band German
weather service Deutscher Wetterdienst (DWD) radar.

Index Terms— Convolutional neural network, rainfall estima-
tion, signal attenuation, satellite communication, weather radar

1. INTRODUCTION
In recent years, global environment change has become a worldwide
concern [1, 2]. During past few decades, national weather radar
networks have merged as powerful and essential means to monitor
space-time variability of precipitation in developed countries [3, 4].
Although rainfall estimation based on scanning weather radar mea-
surements has been increasingly adopted, it is well-known that such
estimates suffer from large uncertainties [5] and anomalous signal
propagation [6]. Further, considerably large portions of the world, es-
pecially developing countries, are unable to afford dense deployment
of state-of-the-art weather radars. Existing weather radar networks
in the developed world are restricted by their large footprint and cost
to cover lower troposphere at high spatio-temporal resolutions [3, 7].
For instance, the NEXRAD network of the U. S. National Weather
Service is able to yield rainfall estimates at only∼ 1-4 km2 resolution
for a 14-minute volume scan.

In this context, alternative low-cost, in situ weather sensors such
as rain gauges and disdrometers provide valuable high-resolution char-
acterization of precipitation structure [7, 8]. Recently, opportunistic
dual-use of communication satellite links as rainfall sensing devices
has gained much attention in regions where coverage of ground-based
weather radars is unavailable [9–12]. Conventional S- and C-band
weather radars are very expensive but there are millions of ground
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satellite terminals already spread across the world. Although these
stations are primarily intended for interactive satellite services, they
possess capability to measure the rain-induced attenuation of the
downlink signal and relaying this information to a central location
(gateway station) in real-time. By correlating these downlink signals
with colocated vertical profile measurements obtained by atmospheric
sounders, valuable precipitation information is obtained. While both
communications satellites and spaceborne weather radars provide
measurements from cloud-tops to the ground, the former far outnum-
ber existing space weather radars such as NASA’s Tropical Rainfall
Measurement Mission (TRMM) and Global Precipitation Measure-
ment (GPM) [13]. There is, therefore, immense recent interest in
exploiting these signals of opportunity for rainfall estimation [12].
Note that this is different than recent works on harnessing rainfall
from commercial microwave links (CML) for cellular communica-
tion [14] which do not propagate over the cloud-tops.

Communication satellites operate at lower millimeter-wave (mm-
Wave) bands (upward from 30 GHz) because of the availability of
wideband spectrum and small size of antennas at these frequencies.
Ground-based weather radars typically avoid transmission at these
frequencies because of very high attenuation of transmit signal due
to propagation in the rain medium [15, 16]. Further, Mie scattering
effects are significant at mm-Wave thereby causing difficulties in the
computation of scattering amplitudes [17–19]. Nonetheless, when
S- and C-band weather radars are unavailable, a few studies have
yielded valuable but less accurate rainfall estimates using mm-Wave
weather radars [20]. Further, mm-Wave is helpful in detecting small
hydrometeors such as graupel, cloud particles, drizzle and light snow
[21]. Recently, it has been demonstrated that short-range rain rate
retrieval is possible with mm-Wave vertical-pointing radars [22].

The mm-Wave precipitation estimation algorithms exploit the
fact that both rain rate R and the range derivative of attenuation (or
specific attenuation) A are approximately proportional to the 3.65th
rain drop size distributions (DSD) moment [23]. This results in
a nearly linear relationship between R and A. Moreover, the fact
that this connection is relatively immune, ∼ 10%, to variability in
temperature and DSDs is entirely fortuitous [20].

However, direct application of this linear R-A relationship is
impractical. It holds good only for heavy stratiform rain storms and
changes significantly by the wind shear [24] during convective storms.
In light rain, the attenuation is difficult to measure leading to large
uncertainty in R. An advanced sensor like weather radar is capa-
ble of distinguishing rain intensities and storms easily by observing
numerous target parameters (e.g. reflectivity, Doppler velocity, spec-
trum width and dual-polarization variables) [25]. However, satellite
user terminals (UT) are single-polarized passive receivers that are
unable to measure even the simplest parameters such as reflectivity
and Doppler velocity that are necessary to classify rainfall intensity.
Nearly all of existing mm-Wave weather radar algorithms have been
developed for cloud observation in zenith-pointing mode effectively
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canceling the variation imparted by oblate raindrops [22]. On the
other hand, the downlink rain estimates are directly affected by the
raindrop canting angles [19]. Hence, applying existing mm-Wave
radar rainfall procedures to UTs is not straightforward.

In this paper, we design a deep convolutional neural network
(CNN) to overcome the aforementioned challenges of weather esti-
mation using satellite downlinks. The input of the CNN are several
profiles of specific attenuation from the specific UT location. The out-
put is the rain intensity class obtained from a colocated radar or rain
gauge. The proposed deep network then learns this relationship dur-
ing the training stage. In the prediction stage, when the CNN operates
online, the rain intensities are estimated by simply feeding the CNN
with the downlink attenuation profiles so that the linear R-A relation-
ship can be appropriately exploited. In the face of non-availability
of critical meteorological observables, deep learning (DL) methods
have the potential to extrapolate new features from a limited set of
features contained in a training set [26]. In the past, S-, C-, X-, and
Ku-band weather radars have been shown to successfully use shallow
networks for estimating rainfall (see e.g. [8] for an overview; [27, 28])
after training with rain gauge estimates. However, these techniques
have traditionally relied on abundant auxiliary information such as
dual-polarization, high sampling rates and low attenuation bands.

Contrary to these works, we use DL for satellite communication
signals and retrieve rainfall in a more information-limited situation.
Our previous work [9] showed the potential of Ka-band link for rain-
fall estimation where shallow networkrs were employed to classify
only dry and wet conditions. In this work, we enhance the retrieval
performance by training the ANN to classify other rain regimes using
data from the nearest weather radar and colocated rain gauges. We
show that our rain accumulations are in better agreement with the rain
gauge than those from the nearest German weather service Deutscher
Wetterdienst (DWD) radar.

The paper is organized as follows. In the next section, we provide
the signal model and follow it with the details of the link setup in Sec-
tion 3. In Section 4, we describe the DL-based technique to classify
the precipitation intensities and present the performance evaluation
with rain gauge and weather radar. We conclude in Section 5.

2. SIGNAL MODEL

Consider a radio-frequency (RF) emitter that sends a pulsed waveform
utr(t) through the rain medium. The precipitation target is volumet-
ric and the signal received from a rain volume is the composite of
echoes from many individual scatterers. These individual echoes con-
structively or destructively to produce a complex composite phasor
sample. The received voltage is [29]

Vr(t) =
∑
k

Ak(τ ; t)e−j2πf0τkutr(t− τk), (1)

where Ak is the scattering amplitude of the kth particle at range
rk = cτk/2, τk is the time delay associated with the range of the
target, f0 = c/λ is the carrier frequency of the radar, c is the speed of
light. The range rk of the independent scatterer being random, Vr(t)
is a complex sum of independent random variables. The central limit
theorem [30] applies because, for the hydrometeor echoes, the number
of scatterers is large and none of the variables is dominant. Therefore,
the samples of Vr form a Gaussian distribution with zero mean. If
V1, V2, · · · , VN form a set of N complex received voltage samples
corresponding to N consecutive transmitted pulses, then the proba-
bility density function of the signal vector V = [V1 V2 · · · VN ]
is a circular or proper [31] complex Gaussian distribution with zero

mean,

p(V) =
1

πN |Rvv|
exp(−VHR−1

vv V) (2)

where Rvv is the N ×N complex covariance matrix corresponding
to the signal vector V.

The Probert-Jones transmission equation [32] for precipitation
scattering of an RF signal relates the average received power P̄r (W)
to the transmitted power Pt (W) as a function of the range r0 (m) of
the scatterer:

P̄r(r0) =

(
cT0

2

)[
PtG

2
0

λ2(4π)3

] [
πθ1φ1

8 ln 2

]
π5|Kp|2Ze(r0)

r20
(3)

where G0 denotes the peak antenna gain (dimensionless), θ1 and φ1

are the conventional half-power beam widths (rad), T0 is the pulse
width (m) and λ is the wavelength of the radar (m). Kp is the com-
plex dielectric factor (dimensionless) of the target (conventionally,
water) so that |Kp|2 = |(εr − 1)/(εr + 2)|2 where εr is the relative
permittivity. The Ze is the equivalent reflectivity factor (mm6m−3)

Ze(r0) =
λ4

π5|Kp|2
η(r0) (4)

where η is the back-scatter cross-section per unit volume (m2m−3).
In order to incorporate the effect of signal attenuation in (3), Ze is
multiplied by the specific attenuation A (dB/km). The equivalent
reflectivity factor Ze is, by definition, proportional to the 6th moment
of the raindrop diameter:

Ze =

∞∫
0

N(D)D6dD (5)

where N(D) (mm−1m−3) denotes the raindrop size distribution
(DSD) in a unit volume (m3) and D is the diameter of the raindrop
(mm).

The rainfall rate R (mm/h) being proportional the raindrop size,
forms an empirical relationship with Ze, and, in turn, the specific
attenuation A. The measurement of the A is, therefore, key to extract
provide useful meteorological information. Specifically, at mm-Wave,
the ITU recommends [33, 34] the following power-law relationship

A = kRα, (6)

where the coefficients k and α depend on the frequency and polariza-
tion of the link. In this paper, for the experimental setup at forward
link, we compute these values as k = 0.0939 and α = 1.0199. The
specific attenuation is obtained as A = D/Ls where D is the abso-
lute signal attenuation and Ls = 4.9276 km is the slant path length
of the satellite link [9].

3. EXPERIMENTAL SETUP

The broadband satellite systems offer bidirectional communications
between the gateway stations and UTs to enable interactive satellite
services (such as Internet provisioning) (Fig. 1). The link from gate-
way to UTs is called the forward/downlink and the link from UTs
to gateway is the return/uplink. In order to maintain a certain level
of quality of service for users, GW stations continuously monitor
the up and downlinks. The carrier-to-noise ratio (C/N ) parameter
measures the quality of the communication link and received signals.
The gateway has access to end-to-end C/N on both links. How-
ever, we use only forward links C/N for rainfall estimation due to
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Fig. 1. Illustration of broadband satellite communication systems.

limitations in accessing return link data. Average C/N is available
at the gateway station every five minutes (average C/N over five
minutes) and stored in a database. It is generally assumed that the
link between GW and the satellite (feeder link) is ideal. This is due to
the fact that the transmit/receive antenna gain of the GW is very high.
Therefore, the end-to-end C/N is dominated by the C/N of the user
link (links between satellite and UTs). As a result, it can be assumed
that variations of the end-to-end C/N are mainly caused by the user
links. The C/N parameter is mainly affected by the rain attenuation
at the operational Ka-band frequencies (broadband satellite) [35].
Therefore, there is a clear correlation between the C/N variations
and amount of the rainfall.

In order to illustrate our proposed method, we have exploited the
experimental system installed in Betzdorf, Luxembourg. The system
includes a broadband satellite UT and a weather station equipped
with rain gauge. The UT receives broadband services from ASTRA
2F satellite located at the orbital position of 28.2 E. The links from
satellite to UT operate at K-Band (19.70-20.20 GHz) while the links
from UT to satellite is at Ka-Band (29.40-30.00 GHz). The elevation
and azimuth angles of the links are 29.4◦ and 151.8◦, respectively.
We also used rainfall data from the C-band DWD weather radar
(located in Southwest Germany) for studying the rain events over the
satellite link. Fig. 2 depicts the relative locations of our set-up.

After training the rainfall estimation algorithm using the exper-
imental set-up in Beztdorf, we applied it to C/N data of 35 UTs.
These UTs are distributed in 25 km × 20 km area in Southwest Ger-
many. Fig. 3 shows the distribution and location of the 35 UTs in this
region.

The first step towards estimating the rainfall from C/N measure-
ments is to determine the amount of signal attenuation caused by
rainfall during the rain event. Central to this, is an understanding
of the various components constituting the C/N and the impact of
rainfall on them. To this end, let us denote C/N by C(n), where n is
the index of measurement (data sample). Note that the data indexing
starts from midnight and has a temporal resolution of 5 minutes, i.e.,
n = 2 represents 0005 UTC time of the first day of data collection.

Radio-wave propagation (and C/N ) on Earth-Space links in
millimeter wave frequencies is impacted by different tropospheric
effects [36], the major factor being the signal attenuation due to
rain medium. We remark that co-channel interference also affects
C/N . However, our set up does not employ multibeam coverage and
frequency reuse. Consequently, the effect of co-channel interference
is limited. Therefore, we assume that C/N is only impacted by rain
attenuation and can decompose C/N (in dB) as,

C(n) = B(n)−D(n), (7)

Fig. 2. Approximate projection of the satellite slant path on four radar
bins shown by dark color. The first top left of these four black bins
shows the location of the UT as well as the collocated rain gauge.
The Southwest Germany DWD radar is about 50 km away from the
UT.

where, B(n) is the baseline (reference level) that corresponds to the
expected C/N in dry (no-rain) situation assuming a fixed position.
The B(n) includes impact of gaseous absorption, cloud attenuation,
scintillations and noise in the microwave link. The D(n) accounts
for attenuation in rain and is zero in dry situations. As mentioned
earlier, at any instant n, A(n) = D(n)/L is the specific attenuation.

4. ESTIMATION FROM DEEP CONVOLUTIONAL
NETWORKS

We now design a CNN which accepts a matrix of size R = 400
realizations by N = 200 time instances with corresponding A values
for each UT location. The proposed network (Fig. 4) is composed of
ten layers. The first layer is the input layer; second and fourth layers
are the convolutional layers with 512 filters of size 3× 3 to extract
the features hidden in the input data. After each convolutional layer,
there is a normalization layer to normalize the output and provide
better convergence. The sixth and eighth layers are fully connected
layers with 1024 units, respectively. There are dropout layers after
the fully connected layers (the seventh and ninth layers) with a 50%
probability. The output is a three-class output layer which delineates
rain storms as dry, light, and heavy.

In order to obtain the labels of the network, we trained the net-
work on the nearest DWD radar and colocated rain-gauge data. All
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Fig. 3. Location of 35 satellite terminals in Southwest Germany
(25km by 20km).

Fig. 4. The proposed network architecture for rain intensity classifi-
cation.
nets were trained with gradient descent, using a learning rate of 10−1

and a momentum of 0.9. At the end of each iteration, the weights
were updated and network activations were reset to zero. The output
layers had softmax classifers, and the cross entropy objective function
was used for training. The classification of rain regimes is required
to find the baseline and signal attenuation (B(n) and D(n), respec-
tively). We calculate the rain rate using D(n) as recommended by
the ITU-R model [33, 34] (see Section 2).

After identifying the rain and dry events, we use a procedure
similar to the one discussed in [9] to estimate the signal attenuation
due to rain, i.e., D(n). Following the procedure outlined in Section 2,
we obtained estimates of R for each UT. Fig. 5 shows rain rates and
rain accumulations over 24 hour period from 1200 UTC on 22 May
2018 to 1200 UTC on 23 May 2018 as estimated by the Southwest
Germany DWD radar (dashed blue line) and the satellite link UT
(encircled terminal on Fig. 3) using our proposed algorithm (solid
red line). The UT estimates follows the radar closely leading to a
single-day accumulation difference of ∼ 1.5 mm only.

5. SUMMARY

We proposed and investigated a DL framework for rainfall estimation
based on opportunistic use of C/N measurements from broadband
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Fig. 5. Rain accumulations during 24 hours from 1200 UTC on
22 May 2018 till 1200 UTC on 23 May 2018 as observed by the
Southwest Germany DWD radar (dashed blue line) and satellite link
(encircled UT in Fig. 3) using our proposed algorithm (solid red line).

satellite communication networks. The learning network was mod-
eled after CNN which searches and recognizes long-term temporal
dependencies in time-series data. We trained CNN to directly classify
theC/N data from the satellite links into dry and wet weather without
using any user-defined data features. Thereafter, the events classified
as rain storms were estimated for rain rates using the R-A expression
following the ITU-R recommendations. Our comparisons of the rain-
fall distribution map generated from CNN-based UT estimates with
the nearest weather radar shows that our algorithm captures the major
features of the storm even though very limited information about the
weather was available to the UT set-up. This study demonstrates
that DL is a promising framework to extract valuable, although less
accurate, precipitation retrievals via the communication satellite links.
In future, our goal is to continue improving the UT estimates through
use of other advanced DL techniques and better training data.
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