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Abstract: Water vapor is a key element in both the greenhouse effect and the water cycle. However,
water vapor has not been well studied due to the limitations of conventional monitoring instruments.
Recently, estimating rain rate by the rain-induced attenuation of commercial microwave links (MLs)
has been proven to be a feasible method. Similar to rainfall, water vapor also attenuates the energy of
MLs. Thus, MLs also have the potential of estimating water vapor. This study proposes a method to
estimate water vapor density by using the received signal level (RSL) of MLs at 15, 18, and 23 GHz,
which is the first attempt to estimate water vapor by MLs below 20 GHz. This method trains a sensing
model with prior RSL data and water vapor density by the support vector machine, and the model
can directly estimate the water vapor density from the RSLs without preprocessing. The results
show that the measurement resolution of the proposed method is less than 1 g/m3. The correlation
coefficients between automatic weather stations and MLs range from 0.72 to 0.81, and the root mean
square errors range from 1.57 to 2.31 g/m3. With the large availability of signal measurements
from communications operators, this method has the potential of providing refined data on water
vapor density, which can contribute to research on the atmospheric boundary layer and numerical
weather forecasting.

Keywords: water vapor density; microwave link; support vector machine; atmospheric sounding

1. Introduction

Water vapor is a vital greenhouse gas that plays an important role in the water cycle,
atmospheric vertical stability, and evolution of a convective storm system [1,2]. Detailed
data of near-surface water vapor can help to parameterize the water vapor field in the atmo-
spheric boundary layer and understand the evolution of convective weather [3,4]. However,
the accurate estimation of water vapor with a high temporal and spatial resolution still
needs to be improved within established methods, including in situ measurements by hu-
midity gauges and satellites or ground-based remote sensing [4,5]. Therefore, developing a
technique for estimating near-surface water vapor density with a high temporal-spatial
resolution is urgent.

Commercial microwave links (MLs), ranging from 10 GHz to 30 GHz, have been
investigated for rainfall estimations in recent years because the signal of ML is attenuated
by the rainfall, which can derive the rain rate from the rain-induced attenuation [6–13].
Applications of MLs for estimating rainfall have the following advantages: redundancy,
complementarity, timeliness, and low cost [14]. Besides rainfall, the water vapor can also
attenuate the signal [15]. Thus, researchers have studied the potential of estimating water
vapor density by MLs [16]. David and colleagues first proposed a method for estimating
the water vapor density by MLs [17,18]. They estimated the water vapor in central Israel
by around 22 GHz MLs based on an attenuation model of the gases [19]. The correlation
coefficient of water vapor measurement between the ML and the humidity gauges was 0.82,
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indicating that MLs have the potential of overcoming the obstacles of the existing methods
for monitoring near-surface water vapor. Chwala and colleagues estimated the water vapor
density using MLs (22.235 GHz and 34.8 GHz) in Southern Germany [20]. Due to the
coherence and the high phase stability of MLs in their study, they derived the water vapor
density from the phase delay measurement. The result showed good agreement with the
humidity gauges. However, MLs with high phase stability are rare in reality. Additionally,
Alpert and Rubin estimated the daily maps of surface moisture from 238 MLs in Israel.
They found high correlations (≥0.75) between the MLs’ water vapor field and the weather
stations, showing the potential of providing high spatial resolution data of water vapor
from MLs [16].

In the previous method of estimating the water vapor density by MLs, the first step
of estimating the water vapor density by MLs is extracting the attenuation due to the
water vapor from the total attenuation (received signal level, RSL) of the ML. However,
compared with the attenuation caused by other factors, such as rainfall and free-space
loss, the attenuation by the water vapor is too small to extract accurately, which could
increase estimation error. To overcome this problem, we analyze the relationship between
the RSL measured by MLs at 15, 18, and 23 GHz and the water vapor density measured
by the automatic weather stations (AWS). AWSs are a widely used and accurate point-
measurement instrument, which can estimate the near-surface meteorological elements in
weather stations [5]. To assure the quality of data measured by AWS, it has been calibrated
by the manufacturer and installed according to the guidelines presented by the World
Meteorology Organization (WMO) [5]. Then we propose a model between the water
vapor density and the RSL of MLs based on available data, directly, by using the support
vector machine (SVM). The model can estimate the water vapor density at the station level
using the RSL of MLs, which avoids the extraction of the attenuation due to the water
vapor from the RSL and reduces the estimation error. Finally, we test the model in an
experiment. The water vapor density at the station level has a crucial role in the model
initialization in numerical weather prediction, which influences the accuracy of the weather
prediction [16]. Besides, it also helps to parameterize the weather model development
process [2]. The method proposed in this study can provide refined data on water vapor
density and contribute to research on the atmospheric boundary layer.

This study is organized as follows: Section 2 introduces the ML data and details of the
proposed method for estimating water vapor density. Section 3 tests the method. Section 4
discusses and concludes the study.

2. Materials and Methods
2.1. Data

Three horizontal polarization MLs, at frequencies of 15, 18, and 23 GHz, were applied
for this study in Jiangyin, China, from 26 March to 20 April 2019. The MLs consisted of
the transmitter and the receiver and were installed on base towers at 30 m, which are
operated by China Mobile. The MLs had a constant transmission power and recorded
RSLs at 1-minute intervals with a quantization level of 0.1 dB. Records of RSLs were
sent to a database server via Global System for Mobile Communications (GSM) without
any process from operators. Figure 1a shows the locations, frequencies, and lengths of
three MLs, and Figure 1b,c show the transmitter and receiver of the ML. To quantify and
validate the results estimated by the MLs, three DZZ-4 Automatic Weather Stations (AWS),
from Newsky Corporation, China, were installed near the MLs. The AWS consisted of the
water vapor sensor, the rainfall gauge, and other sensors in our experiment. The water
vapor sensor was a hygrometer, which could measure the water vapor density with the
quantization level of 1 g/m3 and the measurement bias of ± 3% at 5-minute intervals.
The rain gauge could measure the rainfall depth with the quantization level of 0.5 mm and
the measurement bias of ± 3%. The locations of the AWSs are also shown in Figure 1a.
Figure 1d shows a DZZ-4 AWS in the experiment. In this study, both the MLs and the
AWSs may miss some measurements. Thus, the dates when the RSLs and the data of the
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water vapor were measured at the same time were selected for the test. In the study, ML #1
recorded 19 non-rainy days and 1 rainy day, ML #2 recorded 17 non-rainy days and 2 rainy
days, and ML #3 recorded 14 non-rainy days and 2 rainy days.
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Figure 1. Details of the microwave links (MLs) and automatic weather stations (AWSs). The red
point of the bottom right subfigure shows the location of Jiangyin in China in (a). (b,c) show the
transmitter and receiver of the ML. (d) shows the DZZ-4 AWS.

2.2. Analysis of the Potential of Estimating Water Vapor with the ML Attenuation Signal

The water vapor attenuates the energy of the ML in the transmission path with the
following equation [18,19]:{

γw = 0.1820× f · N′′ w( f , P, T, ρ)
Aw = γw · l

(1)

where γw and Aw are the water vapor-induced attenuation rate (dB/km) and the water
vapor-induced attenuation (dB), respectively, and N′′ w( f , P, T, ρ) is the imaginary part of
the frequency-dependent complex refractivity, which is a function of frequency (f, GHz),
atmospheric pressure (P, hPa), air temperature (T, ◦C), and water vapor density (ρ, g/m3),
l is the length of the ML (km). The detailed calculation of N′′ w( f , P, T, ρ) is given in [19].
Note that in meteorological practice, it is customary to use relative humidity (%) to represent
the level of water vapor. The relationship between the water vapor density and the relative
humidity is as follows:

ρ = 1324.45 +
RH

100%
× exp(17.67 · T)

T + 273.15
(2)

where RH represents the relative humidity. Figure 2 shows γw with different frequencies
and values of ρ, which is calculated by (1). The water vapor-induced attenuation peak
was located between 22 and 23.5 GHz below 50 GHz, and γw increased as ρ increased.
Meanwhile, the measurement resolution of ρ at 1 km and a 23 GHz ML with 0.1 dB quanti-
zation is given in the top left subfigure of Figure 2. It shows that both the measurement
sensitivity and the measurement resolution were approximately 4 g/m3. It meant that the
minimum value of ρ that could be measured was 4 g/m3, and the minimum variation of
ρ that could be measured was also 4 g/m3, which is one of the highest sensitivities and
resolutions below 50 GHz. Note that the peak frequency of the water vapor absorption
was 22.235 GHz [20].
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absorption band.

In theory, ρ along the ML could be retrieved on the condition that Aw was extracted
from the RSL measured by a ML-based on Equation (1) [17,18]. The first step was to deter-
mine the baseline, which was defined as the attenuation other than the water vapor [18].
Figure 3a shows the RSL of ML #3 and the ρ measured by AWS #3. Note that the RSL was
calculated by the 5-minute average of the attenuation because the sample time of the AWS
was 5 minutes. A positive correlation between the RSL and ρ is displayed in Figure 3a,
and the correlation coefficient (CC) was 0.76, which indicated that the ML could sense the
variation of the water vapor. We measured the water vapor density by AWSs in this study.
Thus, Aw of the ML, in theory, could be calculated by Equation (1). Then, the baseline,
in theory, could be also obtained by the following equation:

baseline = Am − Aw (3)

Figure 3b shows a comparison between the RSL and Aw in theory, and Figure 3c shows the
RSL and the baseline in theory. Figure 3b shows that Aw was much smaller than the RSL,
and Figure 3c shows the baseline rapidly and continuously changed, which meant that Aw
was easily hidden in the RSL with inaccurate baseline determinations and measurement
noises in reality. Therefore, the method of extracting Aw from the ML may not be suitable
at such low frequencies (lower than 50 GHz) in order to estimate ρ [18].

Figure 4 shows the time series comparison between the RSL and ρ of MLs #1–3 on
non-rainy days. Although it was difficult to extract accurate Aw from the MLs, the RSLs
of the three MLs sensed the variations of ρ with the positive correlation. The CC between
the RSL and ρ for each day during the experiment is also given in Figure 4. Most values
of CC were higher than 0.6, and the highest values were over 0.9, which revealed that the
RSL correlated to ρ in a positive manner. Even for a 15-GHz ML whose values of Aw were
too small to estimate ρ by the method proposed in [18], the RSL could still sense ρ well.
Therefore, we could derive ρ by establishing the model between the RSL and ρ.
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coefficient (CC) between the RSL and ρ of each non-rainy day for the MLs (b,d,f). Data for ρ in a, c,
and e are measured by AWS #1, 2, and 3, respectively.

2.3. Estimating the Water Vapor Density by MLs Based on SVM

In the study, the SVM is adopted for establishing the model between the RSL and ρ.
The SVM is an extensively employed machine learning method with a set of linear indicator
functions for classification and regression analysis [21]. The SVM maps the input data
into a high-dimensional feature space where a hyperplane is constructed. Compared with
other machine learning methods, the SVM is more suitable for data with small sample size,
for example, estimating ρ in this study.

We set RSLT,i and ρT,i as the training set, where RSLT,i is the RSL measurement, ρT,i is
the true water vapor density, i represents the time series from 1 to N, and N represents the
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length of the training set. First, the optimal solution of the convex quadratic programming
problem was constructed and solved:

min
α

1
2

N
∑

i=1

N
∑

j=1
αi · αj · ρT,i · ρT,j · K(RSLT,i · RSLT,j)−

N
∑

i=1
αi

s.t.


N
∑

i=1
αi · ρT,i = 0

0 ≤ αi ≤ C, i = 1, 2, 3, · · · , N

(4)

where K(·) is the radial basis kernel function, and C is a positive penalty parameter. Thus,
the optimal solution, α*, was solved by Equation (4). The weight of the regression function
(ω*) could be calculated as follows:

ω∗ =
N

∑
i=1

α∗i · ρT,i · RSLT,i (5)

Next, the constant threshold, b, could be calculated:

b∗ = ρT,j −
N

∑
i=1

α∗i · ρT,i · K(RSLT,i · RSLT,j) (6)

Finally, the regression function was obtained:

f (RSLi) = ωT · K(RSLT , RSLi) + b (7)

where f (RSLi) is the water vapor density, and RSLi is the real-time attenuation measure-
ment. Equation (7) is the model between the RSL and ρ, and we could estimate ρ by
inputting the measurements of the RSL into the model.

3. Results
3.1. Training and Test Dataset for the SVM Model

In this study, daily data was used as the single test set for estimating ρ. Thus, the dates
before the test date were adopted as the training set to train the model. Note that the data
of the first day of the three MLs weres not selected as the test set because there was no
training set for it. The measurements of the RSL of the test sets were input into the model,
and then the estimated values of the water vapor density (ρ̂) were output. Note that ρ̂ from
the ML is a path-average value, while the value measured by the AWS is a point value,
which means that these two results cannot be fully consistent.

3.2. Estimating the Water Vapor Density on Non-Rainy Days

Figure 5a,c,e show the comparisons between the true water vapor density (ρ) by
the AWSs and ρ̂ by the MLs. The results showed a positive correlation between ρ and ρ̂,
which indicated that the MLs have the potential of estimating the water vapor density.
Meanwhile, a quantitative calculation of CC and the root mean square error (RMSE) for ρ̂
is also given in the figure. The CC values were higher than 0.7, which further indicated
the positive relationship between ρ and ρ̂. Moreover, the RMSE values ranged from 1.57
to 2.31 g/m3. Although the frequency of ML #2 was lower than the frequency of ML #3,
ML #2’s result was better than ML #3’s. This was because the length of ML #2 was much
longer than that of ML #1, leading to a more serious influence on ML #2 by the water vapor.
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In addition, Figure 5b,d,f show the scatter plots between the RSL and ρ̂. Additionally,
linear relations between them were also given by the linear regression. Taking Figure 5f
as an example, the slope of the regression line was 7.94, and the quantization level of the
RSL was 0.1 dB, which meant that the measurement resolution of the water vapor density
by ML #3 was approximately 0.8 g/m3 in theory, which was much higher than that of
the method (approximately 4 g/m3 at 23 GHz) mentioned in [18] at the same frequency.
However, the analysis was not suitable for ML #1 because the accuracy was much lower
than the other MLs. Since a marked daily cycle is shown in Figure 5a,c,e, we compared
the water vapor anomaly of the same time between ρ and ρ̂ in Figure 6. It shows that the
deviation of ρ̂ from the average water vapor density was similar to ρ for ML #2 and ML #3,
which further proved that MLs can estimate the variation of the water vapor. The anomaly
of ML #1 between ρ and ρ̂ had biases in some days because the frequency was low, leading
to the weak water vapor effect of the attenuation.

Figure 7 gives the results of retrieving the water vapor density by THE ML based on
the general methods in previous works [16–18]. In these works, they estimated the water
vapor density by Equation (1), which is proposed by International Telecommunication
Union (ITU) [19]. Figure 7a shows that ML #1 WAs unable to estimate the water vapor
density by the ITU model because the water vapor-induced attenuation was too small to be
measured by MLs at 15 GHz. Figure 7b shows that ML #2 could estimate the water vapor
density by the ITU model. However, compared with Figure 5b, values of the CC and RMSE
were lower, meaning that the SVM model proposed in this study had a higher accuracy of
the estimation. Besides, the measurement resolution of the ITU model was around 6 g/m3,
while that of the SVM model was around 1 g/m3. As for ML #3, the values of the CC
and RMSE by the ITU model were higher than the values by the SVM model, because the
frequency of ML #3 was located in the water vapor absorption band [19], leading to the
obvious water vapor induced attenuation. But the measurement resolution of the SVM
model was better than the ITU model. As can be seen from Figure 7, the SVM model had
advantages on the estimation accuracy and the measurement resolution other than at the
water vapor absorption band. At the water vapor absorption band, the estimation accuracy
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of the ITU model was slightly better, while the SVM model had a better measurement
resolution. Additionally, the SVM model could be used at more frequencies, even the water
vapor-induced attenuation was weak, which was more practical because the frequencies at
the water vapor absorption band were less in reality.
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3.3. Estimating the Water Vapor Density on Rainy Days

It is well known that rainfall also attenuates the energy of MLs, and rain-induced
attenuation is much higher than Aw [6,15,19,22]. Thus, Aw can be easily submerged by rain-
induced attenuation. To address this issue, a test was conducted for estimating the water
vapor density on rainy days. The variation of the RSL on rainy days could be different
from that on non-rainy days, which means that the model needs to be trained by the data
by rainy days. MLs #2 and 3 were chosen for the test because they measured two-day data.
Figure 8a and b show the results, and Figure 8c shows the time-series for the rain rate on
9 April 2019. It rained for approximately 2 h from 12:40 to 14:45 on 9 April 2019. The CC
values for the two MLs between ρ and ρ̂ were 0.89 and 0.64, respectively, which meant that
the ML could still sense the variation in water vapor on rainy days. Before the rain started,
the RMSE values were 0.52 g/m3 and 0.74 g/m3, respectively. During the rain, the RMSE
values changed to 0.93 g/m3 and 2.83 g/m3, respectively, which indicated that the rainfall
influenced the estimation accuracy. After the rain, the accuracy of ML #2 returned to the
level before the rain, while the accuracy of ML #3 still remained similar to the accuracy
during the rain. The most possible reason was that the wet surfaces of the antennas of
the ML during and after the rain lead to the wet antenna attenuation [23,24]. Wet antenna
attenuation is related to the frequency of the ML, surface material, and the amount of water
accumulated on the surfaces, which causes rapid and deep fluctuations in the attenuation
of the ML [24–27]. Thus, it leads to the phenomenon in the experiment. Further work
needs to be done in the future due to the lack of data for rainy days. We will carry out more
experiments to investigate the feasibility of estimating the water vapor by ML in the rain.
For this purpose, the rain-induced attenuation and the wet antenna attenuation should be
excluded from the RSL of the ML. Rain-induced attenuation may be calculated because the
ML could estimate the rain in previous studies [6–11]. The wet antenna attenuation should
also be modeled by some methods such as machine learning [27]. Then we will estimate the
water vapor based on the correction RSL by using the SVM method. However, it may affect
the estimation accuracy negatively during the rain, because the rain-induced attenuation is
much larger. Therefore, it is essential to obtain the rain-induced attenuation, precisely.
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4. Discussion and Conclusions

This study describes a preliminary analysis of the relation between the RSL measured
by MLs at 15, 18, and 23 GHz and the water vapor density. We propose a method for
estimating the water vapor density using the RSL of MLs. Different from the previous
method using MLs [17,18], this method trains a model between the RSL and the water
vapor density by the SVM, and then the model can estimate the water vapor density
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by inputting the RSL. However, this method requires the prior data of the RSL and the
corresponding water vapor density to train the model. Despite this limitation, the method
can avoid extracting the true water vapor-induced attenuation, which can reduce the error.

More importantly, the measurement resolution of the water vapor density (approxi-
mately 0.8 g/m3) is much higher than the resolution (approximately 4 g/m3 at 23 GHz)
in [18]. A positive correlation and RMSEs between ρ and ρ̂ in Figure 5 indicate that the
ML has the potential of estimating water vapor density. Additionally, the results on rainy
days show that the RMSE values will increase when rain starts, which indicates that
rainfall can influence the accuracy. However, because of the lack of data on rainy days,
more measurements and analyses for estimating water vapor by MLs will be conducted in
the future.
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