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Cloud top height (CTH) is an important parameter monitored in atmospheric observations, which has a signiﬁcant impact on weather prediction, climate models, and ﬂight services. CTH is typically obtained via three
ways, namely, satellite, radiosonde, and ground-based radar, with their corresponding strengths and weaknesses.
Traditionally, many studies have focused on independent comparison and analysis of CTHs retrieved from different observations. The researches on how to improve the reliability of the CTH by integrating multiple cloud
measurements are rare in the literature despite the signiﬁcance of this strategy to practical meteorological
forecast and disaster prevention improvement. An integration technique of diﬀerent CTHs retrieved from
Fengyun 2 (FY-2) meteorological satellite, radiosonde, and ground-based millimeter wavelength cloud radar
observations by using Bayesian decision theory is proposed in this study. A dataset is collected in Beijing, China
for 12 months from June 2015 to May 2016 to validate the integration eﬀect. Experimental results show that the
integration observations improve the accuracy of single observations. Integration observations are more closely
correlated with “true” CTH observations than the single observations. These all show the eﬀectiveness of the
proposed multiple source data integration strategy.

1. Introduction
Cloud height is an important parameter that is monitored by the
World Meteorological Organization (WMO), given the signiﬁcant impact of this parameter on surface radiation budget and cloud microphysical property retrieval (Viúdez-Mora et al., 2015; Hirsch et al.,
2011; Martucci and O'Dowd, 2011; Garrett and Zhao, 2013). The vertical structure of clouds described by cloud base height (CBH) and cloud
top height (CTH) plays a key role on weather prediction, climate
models, and ﬂight services. This study focuses on CTH, not only for its
impact on radiation, numerical weather prediction, and the detection of
cosmic rays, but also for its link to rain production (Naud et al., 2003;
Merino et al., 2016; Genkova et al., 2007; Wang et al., 2018a). An
accurate and timely access to information on cloud parameters, such as
the CTH, is necessary, but these data remain uncertain considering the
complexity of changes in temporal and spatial scales (Wang et al.,
2018a; Stephens, 2005).
Clouds are generally observed via three ways, namely, space-based
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satellite, air-based radiosonde, and ground-based remote sensing.
Correspondingly, the CTHs retrieved from these observations are different given the various observation systems, instrument performances,
and retrieval methods. Each method has its own strengths and weaknesses. An accurate satellite observation with diﬀerent spatial and
temporal resolutions is widely utilized in large-scale surveys of midand high-level clouds and CTH retrieval. However, Dev et al., (2016,
2017) and Wang et al., (2018b) indicated that, satellite observations
cannot provide suﬃcient temporal and spatial resolutions for localized
and short-term cloud analyses, such as local weather prediction, over a
particular area. In this case, small clouds may be easily overlooked, and
low or thin clouds are easily confused because of their similar brightness and temperature (Heinle et al., 2010; Ricciardelli et al., 2008;
Dybbroe et al., 2005). In addition, their retrieval capability is limited
considering the complexity of the underlying surface. Thus, the CTH
retrieved from satellite may not be suﬃciently accurate.
Air-based radiosonde remote sensing observation is advantageous in
detecting clouds, but this method is considerably costly. Moreover, the
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integration technique. Second, the accuracy is better in the integrated
CTH than in the single observations.
The remainder of this study is organized as follows. Section 2 brieﬂy
reviews the FY-2 satellite, radiosonde, and cloud radar data and the
CTH retrievals, and Section 3 describes the proposed integration
strategy and algorithm based on Bayesian theory. Section 4 presents the
experimental results as well as the details of the experiments. Section 5
gives the conclusions of this study.

detection can only be performed twice a day and noise easily aﬀects the
observation. Ground-based remote sensing equipments, such as millimeter wavelength cloud radar and laser ceilometer, acquire cloud information by launching the millimeter-wave or laser from the ground
surface. Ground-based observation is available at a low cost and a high
resolution and provides accurate local cloud information. However, as
pointed out by Wang et al., (2018a), this observation is only local, and
the spatial coverage is limited by a density distribution of the observation stations. Long-wavelength radars are less sensitive to small
cloud particles; moreover, lidar signals can be attenuated before
reaching the top of moderately thick clouds, and ceilometers do not
typically penetrate the lowest cloud layer to measure the boundaries of
upper-level cloud layers (Wang et al., 1999). Therefore, cloud observation by integrating multiple cloud measurements will signiﬁcantly
correct the results of the CTHs retrieved from diﬀerent observations and
improve the reliability of the CTH retrieval (Lv et al., 2003; Oh et al.,
2016).
Several studies have compared and veriﬁed the CTH data derived
from multiple cloud measurements. For example, in early studies, Wang
et al., (1999) applied a combination of radiosonde, 8 mm cloud radar,
laser cloud gage, and geostationary meteorological satellite data to
observe the changes in the vertical structure of clouds and analyzed the
diﬀerence between the four observations. Hollars et al., (2004) evaluated the accuracy and limitations of both ARM 35 GHz Millimeter
Wave Cloud Radar (MMCR) and GMS-5 satellite retrievals by comparing the CTHs from each instrument. Weisz et al., (2007) compared
four CTH retrievals from Atmospheric Infrared Sounder (AIRS), Moderate Resolution Imaging Spectroradiometer (MODIS), CloudSat, and
Cloud-Aerosol Lidar and Infrared Pathﬁnder Satellite Observation
(CALIPSO) and discussed the strengths/shortcomings of diﬀerent CTH
products. Marchand et al., (2010) showed that the diﬀerences in the
joint histograms of CTHs from Multiangle Imaging Spectro-Radiometer
(MISR), International Satellite Cloud Climatology Project (ISCCP), and
MODIS are notable by comparing annually averaged joint histograms
on global and regional scales.
Recently, Zhang et al., (2014) compared the CTHs retrieved by the
IASI detector on METOP-A satellites in Europe and W-band (95 GHz)
ground-based cloud radar (WACR) observation. The results showed that
the IASI CTH was lower than that obtained from the WACR observation.
Oh et al., (2016) studied the veriﬁcation and correction of CBH and
CTH retrievals from Ka-band cloud radar in Boseong, Korea by using a
ceilometer (CL51) and the Communication, Ocean, and Meteorological
Satellite (COMS) observations. Wang et al., (2018a) compared and
analyzed CTHs derived from Fengyun 2 (FY-2) meteorological satellite
and ground-based millimeter wavelength cloud radar for the time
period from June 2015 to May 2016 over China.
However, most of these studies have focused on independent comparison and analysis of the CTHs retrieved from diﬀerent observations,
but have not considered the integration and synergy of multiple cloud
measurements to improve the reliability of the CTH retrieval. Thus, this
study uses Bayesian decision theory to integrate diﬀerent CTHs retrieved from FY-2 meteorological satellite, radiosonde, and groundbased millimeter wavelength cloud radar observations. The proposed
space-air-ground integrated cloud observation will deliver accurate
cloud information by integrating the strength of multiple observations.
The proposed strategy can further improve the capacity of meteorological forecast and disaster prevention.
Cloud top temperature (CTT) data from the FY-2 satellite, radiosonde, and cloud radar reﬂectivity data are collected to retrieve the
CTHs from June 2015 to May 2016. First, the CTH integration results
from the three observations validate the eﬀectiveness of the proposed

2. Data and preprocessing
The data used in this analysis correspond to a time interval spanning
12 months from June 2015 to May 2016 in Beijing, China.
2.1. FY-2 satellite observation and the CTT retrieved CTH
The FY-2 satellite is a geosynchronous orbiting meteorological satellite developed by China. This satellite is used to collect meteorological, climatological, hydrological, and oceanographic data. This
study used data from the FY-2F satellite. However, the FY-2G product
replaced unavailable FY-2F data. The stationary satellite orbits the
earth in the equatorial plane at a height of 35,785 km above the equator
and a longitude of 112°E. The Stretched Visible and Infrared Spin Scan
Radiometer (S-VISSR) on FY-2F satellite monitors the weather conditions in 5 channels: 4 infrared channels and 1 visible channel. The
wavelength of visible channel with 1.25 km resolution ranges from
0.55 μm to 0.75 μm, and the wavelengths of four infrared channels with
5 km resolution are between 10.3 μm and 11.3 μm, 11.5 μm and
12.5 μm, 6.3 μm and 7.6 μm, and 3.4 μm and 4.0 μm, respectively.
Cloud properties, such as the CTH, are indirectly derived from the
FY-2 satellite data. However, satellite CTH can be retrieved by using an
FY-2 CTT product, which uses a single-channel infrared window area
retrieval (Oh et al., 2016). A database of CTT look-up tables was established by considering the radiation eﬀects of an 11 μm window area
and the inﬂuence of surface temperature and optical thickness (Wang
et al., 2018a). Speciﬁcally, the FY-2 satellite CTH was calculated by
associating the CTT with cloud height using an atmospheric temperature proﬁle and then searching for the CTT value in the corresponding
atmospheric proﬁle data to ﬁnd a temperature that matches the height.
The CTT values observed from FY-2F satellites with one year from
June 1, 2015 to May 31, 2016 were obtained from the Fengyun Satellite
Data Center of China. The time resolutions of the observation are 0.5 h
and 1 h in the time intervals of June 1, 2015 – November 30, 2015 and
December 1, 2015 – May 31, 2016, respectively.
2.2. Cloud radar observation and the CTH determination
The original data were observed by the Ka-band Doppler cloud
radar system at Beijing Nanjiao Weather Observatory (39°48′22″N,
116°28′10″E, 32 m above sea level). This radar system uses a pulse
compression technology to solve the distance resolution problem and
consider short-range blind spots. The vertical and temporal resolutions
of radar are 30 m and 1 min, respectively. Cloud location or cloud
height was determined by measuring the distance of echo signals returned by the radar beam when detecting the liquid water or ice crystals in the cloud. The echo signals correspond to cloud locations in the
ideal situation.
However, determining cloud boundary may be easily disturbed by
random noise or continuous non-cloud clutter at 1 km in practice. Thus,
noise should be ﬁltered out by using the Gaussian ﬁltering method. The
second step determined the cloud boundary on the basis of reﬂectivity
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3.1. Bayesian inference

threshold. The third step was a quality control stage that improved the
accuracy of cloud boundary determination. For details, readers may
refer to Wang et al., (2018a).
Corresponding to the data acquisition time period of FY-2 satellite,
the cloud radar observational data from 0:00 on June 1, 2015 to 24:00
on May 31, 2016 (Beijing time) over a time span of 1 year were obtained.

Bayesian inference is a fundamental theory in machine learning
community (Wikle and Berliner, 2007; Hastie et al., 2009.) Wikle and
Berliner, (2007) highlighted that Bayesian inference consists of three
processes. First, a full probability model is used to formulate the joint
probability distribution of all observed and unobserved data components. Second, the conditional probability distribution of the unobserved quantities of interest is found on the basis of the observed
data. Finally, the performance of the ﬁtted model is evaluated.
Speciﬁcally, if denoting X be the unobserved quantities of interest
and Y be the data, the full probability model can always be factored into
components:

2.3. L-band radiosonde observation and the CTH retrieval
A radiosonde is a telemetry instrument carried into the atmosphere
typically by a weather balloon with a radiosonde and a radio theodolite
or a wind measuring radar that measures various atmospheric parameters and transmits signals by radio to a ground receiver. An L-band
radiosonde system located in Beijing Nanjiao meteorological observation station is composed of GFE(L)1 L-band secondary windﬁnding
radar and GTS1 digital radiosonde. This system continuously and automatically observes atmospheric meteorological factors, such as temperature and relative humidity, and the observation range and accuracy
of temperature are from −80 °C (Celsius) to 40 °C and 0.2 °C.
Furthermore, the accuracies of humidity are 0.05 and 0.10 for the
above and below −25 °C cases, respectively. The sampling period is
1.2 s, and the sampling frequency is 50 Hz.
The WR95 method proposed by Wang and Rossow, (1995) is the
most commonly used method to determine the cloud layers by using the
threshold value of relative humidity and the plus or minus changes in
the relative humidity of the CTH and CBH. In particular, Zhang et al.,
(2010) proposed an improved version of WR95 method by setting the
minimum of relative humidity and removing the determination of the
changes of relative humidity, which is referred as the ZHA10 method.
Wang et al., (2018a); Costa-Surós et al., (2014) further validated the
superiority of ZHA10 method by comparing several techniques based
on radiosonde proﬁles and ground-based remote sensing measurements. Thus, this method is adopted in this study.
This study used the measured L-band sounding data with a balloon
placed 158 m west of the cloud radar station. The vertical resolution of
the proﬁle was approximately 8 m. This high vertical resolution facilitated an accurate search and calculation of the cloud height but had
a low temporal resolution because the radiosonde observation was recorded twice a day, that is, 07:15 and 19:15 (Beijing time). The available humidity data cover the time period of June 1, 2015 and May 31,
2016.

p (x , y ) = p (y | x ) p (x ) = p (x | y ) p (y )

(1)

Applying Bayes' Theorem (Bayes' Rule), we have

p (x | y ) =

p (y | x ) p (x )
p (y )

(2)

where p(y|x) refers to the data (conditional) distribution, which is used
to describe the available process of observation data y given the unobserved quantity x. For example, in this study, X represents the true
(unobserved) CTH, and Y represents the observations of CTH, then p
(y|x) quantiﬁes the distribution of measurement errors in observing
CTH. p(x) refers to the prior distribution, which quantiﬁes a priori
understanding of the unobserved quantities of interest. If X denotes the
CTH, the prior distribution may be estimated based on the historical
information. p(y) refers to the marginal distribution with the form of p
(y) = ∫ p(y| x)p(x)dx. It represents the probability of observation y
whatever the x is, and it is always thought of as a constant. This distribution p(x|y) of the unobserved components given the data is our
primary focus for inference, which is denoted as posterior distribution.
Posterior distribution can be considered an update of prior knowledge
on X as summarized in p(x) given the actual observations y. For example, the distribution represents the probability of the true CTH value
being x when the observed CTH is y.
In this study, the goal of multiple source data integration from satellite, radiosonde, and ground-based cloud radar is to provide a credible CTH observation. Moreover, Bayesian theory provides a distribution description of the true CTH by combining prior and observation
information. Thus, Bayesian theory is appropriately used to integrate
the CTHs retrieved from satellite, radiosonde, and ground-based cloud
radar. The theory essentially explores the data assimilation problem
from a coherent probability distribution perspective.

3. Integration technique based on Bayesian theory
Data integration or data assimilation is a process in which observational data are fused with scientiﬁc information (Wikle and
Berliner, 2007). It is a mathematical discipline that seeks to optimally
combine theory in the form of a numerical model with observations.
There may be a number of diﬀerent goals sought, for example, to determine the optimal state estimate of a system, to determine initial
conditions for a numerical forecast model, to interpolate sparse observation data using knowledge of the system being observed, and to
train numerical model parameters based on observed data. Several
monographs and review papers have described various methods and
approaches to data integration (Talagrand, 1997; Kalnay, 2003;
Bennett, 2002). In this study, we explore the topic from a Bayesian
perspective. The Bayesian paradigm provides a coherent probabilistic
approach for combining information and thus is an appropriate framework for data integration.

3.2. Bayesian integration framework
Bayesian integration technique is a commonly used data assimilation technique developed by Bayesian theory. For inferring the posterior distribution p(x|y), the prior distribution p(x) and data distribution p(y|x) should be determined beforehand. Normal distribution is a
natural choice. Assume we have the prior distribution that X follows a
Normal distribution of N(μ, τ2) with mean μ and variance τ2.
Conditioned on the true value of X = x, assume we have n independent
observations Y = (Y1, …, Yn) and it follows N(x, σ2), i.e., Yi|x ∼ N(x,
σ2). Then,
n

p (y | x ) =

∏
i=1
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variance is updated from the prior variance by a coeﬃcient of 1 − K.
In addition to the above integration algorithm based on using two
time Bayes' rule, another integration approach is available. The spaceair-ground CTH integration is performed by simultaneously introducing
the L-band radiosonde and satellite information into the initial cloud
radar observation.
Speciﬁcally, assume we are interested in a process X that has prior
distribution, X ∼ N(μ, τ2). We observe the 2 × 1 data vector Y and assume the following data model, Y |x ∼ N(hx, R), where the 2 × 1 vector
h and the 2 × 2 observation covariance matrix R are to be known.
Similarly, we can show that the posterior distribution of X|y is also a
normal distribution, i.e.,

n

⎧
⎫
∝ exp − ∑ (yi − x )2 /(2σ 2)
⎨ i=1
⎬
⎩
⎭

(4)

By using Bayes' rule, we have
n

⎧ ⎡
⎤⎫
p (x | y ) ∝ exp −⎢∑ (yi − x )2 /(2σ 2) + (x − μ)2 /(2τ 2) ⎥
⎬
⎨ i=1
⎦⎭
⎩ ⎣
∝ exp{ −(x − μ1 )2 /(2(σ0−2 + τ −2)−1)}

(5)

where
n

μ1 = (y σ0−2 + μτ −2)/(σ0−2 + τ −2), σ02 = σ 2/ n, y =

∑ yi /n
i=1

X y ~N ((hT R−1h + τ −2)−1 (hT R−1y + τ −2μ),
(hT R−1h + τ −2)−1).

That is, the posterior distribution p(x|y) is also a Normal distribution with mean μ1 and variance (σ0−2 + τ−2)−1, i.e.,

X y ~N ( (y σ0−2 + μτ −2)/(σ0−2 + τ −2), (σ0−2 + τ −2)−1).

The posterior mean and variance can be rewritten as

(6)

Furthermore, the posterior mean and variance can be rewritten as

E (X | y ) =

(y σ0−2

+

μτ −2)/(σ0−2

+

τ −2)

E (X | y ) = μ + kT (y − hμ),

(11)

(7)

Var (X | y ) = (1 − kT h) τ 2,

(12)

(8)

where k = τ2(R + τ2hhT)−1h.
Similar to Eq. (9), the integration equation can be written as

= ω y y + ωμ μ

= μ + K (y − μ)

Var (X | y ) = (σ0−2 + τ −2)−1) = (1 − K ) τ 2

where ωy = τ2/(σ02 + τ2), ωμ = σ02/(σ02 + τ2), K = τ2/(σ02 + τ2).
Based on above Bayesian integration theory under Normal assumption, the CTH integration equation can be written as

X1 = X 0 + K (Y − X 0 )

(10)

X1 = X 0 + kT (Y − hX 0),

(13)

The corresponding integration process can be described as the following Algorithm 2.
Remark 2: In view of the independence of the cloud radar, radiosonde, and satellite observations, the coeﬃcient h = (1, 1)T, and the
matrix R is equal to:

(9)

where X0 is the initial CTH, Y is the CTH observation information, and
X1 is the integrated CTH. Thus, the space-air-ground CTH integration
can be described as the following process.

σ2 0 ⎞
.
R = ⎜⎛ 1
2⎟
⎝ 0 σ2 ⎠

Remark 1: Actually, Eqs. (7) and (8) provide a good explanation of
how “Bayesian integration” is performed. The prior mean μ is adjusted
toward the sample estimate y by a “gain” of K, and the posterior
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Remark 3: Typically, in this integration framework, μ, τ2, σ2, σ12,
and σ22 are all unknown parameters. In practical computation, these
parameters are estimated by statistical method. The sample mean and
sample variance are the commonly used methods.

Table 1 summarizes the monthly average observation results of
three CTHs from June 2015 to May 2016. The change trends of the
three observations are similar, although the radar observation exhibits
the maximal CTH values for all months. The data from Jun 2015, Jul

2015, Aug 2015, Sep 2015, Oct 2015, Apr 2016, and May 2016 indicate
large CTH values, whereas other months (Nov 2015, Dec 2015, Jan
2016, Feb 2016, and Mar 2016) have small CTHs. However, the difference in the CTHs from various observations is obvious. The maximal
and minimal diﬀerences among these CTHs are 2.53 and 0.49 km, respectively. Thus, integrating diﬀerent observations and providing accurate CTH require corresponding solutions.

4. Experimental analysis and comparison
For comparing the CTHs from the cloud radar, radiosonde, and satellite observations, the samples in a time interval spanning 12 months
from June 2015 to May 2016 over China are selected. The time-matched cloud radar and radiosonde data are collected in Beijing Nanjiao
Weather Observatory. The data of the corresponding time of passing
territory from the FY-2 satellite of China are also collected. Spatial
matching is based on the location of latitude and longitude information
of the radar station to extract the corresponding locations of the satellite observations from the CTT products. A total of 218 eﬀective data
points were obtained from the satellite, radar, and radiosonde records
by removing missing and inconsistent observations.

4.2. Integration of three CTH observations
The theoretical analysis in Section 3 reveals that a basic assumption
of this integration frame is that the data follows a Normal distribution.
Thus, the normality of the three CTH observations should be ﬁrst examined. Fig. 2 depicts the results of the Q-Q plots for the Normal test.
The CTHs from the diﬀerent observations nearly follow the Normal
distributions, although ﬂuctuations are observed as demonstrated in
Fig. 2(a), (b), and (c). That is, the proposed integration frame is appropriate for the CTH integration from the satellite, radar, and radiosonde observations. The integration results are presented in Table 2.
In the CTH values listed in Table 2, the two integrated CTHs are the
compromise results of the satellite, radar, and radiosonde values. In
fact, the result is as expected. This conclusion is easily theoretically
inferred from the Eqs. (9) and (13). The change in variance is obvious in
the integration operation. The integrated CTH observations are stable,
and the variances of the integrated CTHs are half of that of the satellite
and radar CTHs. However, these comparisons are insuﬃcient for validating the superiority of the proposed integrated technique. Thus, three
performance measure indexes are adopted to test the integration performance in the next subsection.

4.1. Comparison of three CTH observations
In this subsection, we provide diﬀerent comparisons of the CTH data
derived from satellite, radar, and radiosonde observations for all time
points and diﬀerent monthly time intervals. Experimental results show
the feasibility and necessity of integrating the satellite, radar, and
radiosonde CTH observations.
Fig. 1 illustrates the time series plots of CTH series for the satellite,
radiosonde, and radar observations. In this ﬁgure, the three CTH
series from diﬀerent observations have a similar changing trend.
Hence, a close relationship is observed among the satellite, radiosonde, and radar observations. The correlations of these observations
further validate this point. For example, the correlation of the satellite
and radar observations computed by all samples even achieves 0.65.
These results implied that the satellite, radar, and radiosonde CTH
observations can be feasibly and eﬀectively integrated. However, the
diﬀerences of the three observations are easily observed. The average
CTH changes from 5.91 km of satellite observation to 6.03 and
7.23 km of radiosonde and radar observations. The change in variance
is from 3.46 of radiosonde to 6.65 and 6.93 of satellite and radar,
respectively.

4.3. Performance comparison
The evaluation of the integration results is performed by examining
the integrated accuracy of the proposed integration strategy from the
perspective of statistical analysis. Owing to the accurate local detection
and high time resolution of radar observation, the radar retrieved CTH
of a two-hour delay is adopted as the “true” value to compare the
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Fig. 1. Time series plots of CTH series for (a) satellite, (b) radiosonde, and (c) radar observations.

Three performance measure indexes are introduced to compare
the before and after performances of integrating the CTH observations. The index of bias (error) is the diﬀerence between the observed
and “true” values. A minimal bias will make the result accurate. The
mean square error (MSE) measure is the most commonly used performance measure index for evaluating the experimental results by

integrated results. Generally, the change in the CTH value in 2 h is
relatively small. The current satellite, radar, and radiosonde CTH observations are respectively interpolated to that after 2 h by modeling
linear modelization. The satellite, radar, and radiosonde CTH values
obtained by the linear prediction are compared with the “true” CTH
values.
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Table 3 shows that the integration observations with integration
algorithms 1 and 2 exhibit the superior performance to the single CTH
observation of satellite, radiosonde, and radar whether for the correlation coeﬃcient measure or for the mean square error and bias measures. The MSE and bias are lower in the integration observations than
in the single observations. The correlation coeﬃcient is larger in the
integration observations than in the single observations. The radiosonde observation is poorest, and the satellite and radar observations
are similar for the three measures. For example, the MSEs are 5.95,
5.14, 5.11, 4.87, and 4.99 for radiosonde, satellite, radar, integration 1,
and integration 2 observations, respectively. However, the MSE of the
integration 1 observation is reduced about 4.7%, 5.3%, and 18.2%
compared with the radar, satellite, and radiosonde observations, as
displayed in Table 3.
Furthermore, we provide the comparison results for the diﬀerent
seasons (spring, summer, autumn, and winter), where spring refers to
Mar, Apr, and May 2016, summer refers to Jun, Jul, and Aug, 2015,
autumn refers to Sep, Oct, and Nov, 2015, and winter refers to Dec,
2015, Jan, and Feb, 2016. Fig. 5 plots the small change in the MSE
for the radiosonde observation. However, other observations (satellite, radar, and integration observations) exhibit a large MSE
change. The MSEs of the integration observations are the smallest
among all observations for spring, summer, and autumn. For winter,
the MSE of the radiosonde observation is the smallest and the MSEs
of the integration observations are superior to the satellite and radar
observations.
For the correlation coeﬃcient measure, a similar change in the MSE
measure is observed, as shown in Fig. 6. The correlation coeﬃcients of
the integration and “true” observations are the largest for spring,
summer, and autumn. For winter, the correlation coeﬃcients of the
radiosonde and “true” observations are the largest, and the correlation
coeﬃcients are larger in the integration and “true” observations than in
the satellite and radar observations.
The performances are poorer in the radiosonde observation than in
the other observations for spring, summer, and autumn. However, two
measure indexes indicated a superior performance for winter. The
correlation coeﬃcients of the satellite and radar observations and the
“true” observation present negative values. This result may be due to
the small number of the collected CTH samples because only 15 samples
are obtained in the three winter months of Dec, 2015, Jan, and Feb,
2016. Further analysis is underway.

Table 1
Average CTH observations with diﬀerent months (unit: km).
Period

Satellite CTH

Radiosonde CTH

Radar CTH

Jun 2015
Jul 2015
Aug 2015
Sep 2015
Oct 2015
Nov 2015
Dec 2015
Jan 2016
Feb 2016
Mar 2016
Apr 2016
May 2016

6.11
5.91
5.68
6.54
5.77
5.54
5.23
5.59
5.45
4.91
6.46
6.21

6.67
6.29
5.60
6.85
5.59
5.16
4.98
4.42
5.48
5.50
6.09
8.20

7.26
8.09
7.71
7.54
8.12
5.65
6.48
5.65
6.33
6.39
7.40
8.88

combining the bias and variance. Another measure is the correlation
coeﬃcient, which is used to analyze the degree of linear correlation
between two variables. Formally, the three indexes can be expressed
in the following forms:

Bias =

MSE =

Corr =

1
n
1
n

n

∑ (CTHiO − CTHiT )
i=1

(15)

n

∑ (CTHiO − CTHiT )2
i=1

(16)

Cov (CTH O, CTH T )
Var (CTH O ) Var (CTH T )

(17)

where CTH and CTH refer to the interpolated and “true” satellite
(or radiosonde, or radar) CTH observation vectors, respectively, Cov
() and V ar() refer to the covariance and variance functions, and n is
the sample size.
The data should be divided into two, training and test, subsets to
model the relation of the CTH observations in the two-hour time interval. The training set is used to ﬁt the linear model, whereas the test
set is used to provide the prediction value. In practice, a K-fold cross
validation with a number of times training and validation is constantly
applied to eﬀectively evaluate the performance of diﬀerent methods. In
this experiment, we set K = 5.
Formally, the data set D is split into K disjoint and equal-sized
blocks, denoted as Tk, k = 1, 2, …, K. Let Dk be the training set obtained
by removing the elements in Tk from D. This procedure is repeated K
times, such that each element in the training data set repeated same
times for training and testing. Then, the ﬁtted linear model can be
written as
O

T

T = a D∗ ⋅CTHT + b D∗
CTH
k
k
k
k

5. Conclusions
In this study, two integration algorithms of diﬀerent CTHs retrieved
from FY-2 meteorological satellite, radiosonde, and ground-based millimeter wavelength cloud radar observations based on Bayesian decision theory are proposed to improve the reliability of the CTH observation. A dataset collected from China in a time interval spanning
12 months from June 2015 to May 2016 is used to validate the feasibility and eﬀectiveness of the proposed integration algorithms. First,
the comparison of diﬀerent CTH observations in the collected dataset
shows the necessary of integration. Second, the Normal test of the CTH
series shows the feasibility of the Bayesian integration frame. Finally,
experimental analysis shows that the integration observations improve
the accuracy of the single observations, which have more closely correlation with the “true” CTH observation than that of the single observations. These all show the eﬀectiveness of the proposed multiple
source data integration strategy.
However, this study is only focused on analyzing the integration

(18)

where coeﬃcients of aDk∗ and bDk∗ are computed by the training set Dk,
T refers to the
CTHTk represents the sample in the test set Tk, and CTH
k
prediction value. The ﬁtted linear models for the proposed two integration techniques are displayed in Figs. 3 and 4, correspondingly.
The scatter plots of the interpolated and “true” CTHs in Figs. 3 and 4 do
not present any speciﬁc change trend. The data imply that the interpolation based on the linear model may be appropriate. A new delayed
two-hour CTH prediction of the current CTH observation is presented
for the performance comparison of diﬀerent observations by modeling
linear modelization. The comparison results are summarized in Table 3.
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Fig. 2. Q-Q plots for (a) satellite, (b) radiosonde, and (c) radar observations.

of CTHs obtained from diﬀerent observations on a single observation site. In future works, we will direct the study on spatial and
temporal integrated integration strategy based on multiple source
CTH data, and on acquiring the spatial and temporal distribution
map of CTH with high accuracy. Furthermore, we will also discuss
the integration strategy for multiple type data with CTH, CBH and
cloud thickness.

Table 2
Integrated CTH observations.

Satellite
Radiosonde
Radar
Integration algorithm 1
Integration algorithm 2

Average CTH values

Variance

5.91
6.03
7.23
6.26
6.37

6.65
3.46
6.93
3.36
3.27
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Fig. 3. The ﬁtted lines with the “true” and integrated CTHs by Algorithm 1 corresponding to ﬁve folds in 5-fold cross validation.

292

14

Atmospheric Research 214 (2018) 284–295

Y. Wang et al.

10
4

6

True CTH

8
6
2

2

4

True CTH

y=0.66x+3.06

8

10

y=0.68x+3.03

2

4

6

8

10

12

2

14

4

6

8

10

12

Integrated CTH

Integrated CTH

b

10

a
y=0.68x+2.85

6

True CTH

6

4

4

2

2

2

4

6

8

10

12

2

14

4

6

8

10

12

Integrated CTH

Integrated CTH

c

d

6
4

True CTH

8

10

y=0.77x+2.15

2

True CTH

8

8

10

y=0.58x+3.79

2

4

6

8

10

12

14

Integrated CTH

e
Fig. 4. The ﬁtted lines with the “true” and integrated CTHs by Algorithm 2 corresponding to ﬁve folds in 5-fold cross validation.
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