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ABSTRACT

A cloud clustering and classification algorithm is developed for a ground-based Ka-band radar system in the vertically
pointing mode. Cloud profiles are grouped based on the combination of a time–height clustering method and the k-means
clustering method. The cloud classification algorithm, developed using a fuzzy logic method, uses nine physical parameters
to classify clouds into nine types: cirrostratus, cirrocumulus, altocumulus, altostratus, stratus, stratocumulus, nimbostratus,
cumulus or cumulonimbus. The performance of the clustering and classification algorithm is presented by comparison with
all-sky images taken from January to June 2014. Overall, 92% of the cloud profiles are clustered successfully and the agree-
ment in classification between the radar system and the all-sky imager is 87%. The distribution of cloud types in Beijing
from January 2014 to December 2017 is studied based on the clustering and classification algorithm. The statistics show
that cirrostratus clouds have the highest occurrence frequency (24%) among the nine cloud types. High-level clouds have the
maximum occurrence frequency and low-level clouds the minimum occurrence frequency.
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Article Highlights:

• A systematic cloud clustering and classification algorithm for ground-based Ka-band radar in the vertically pointing mode
is developed.
• A comparison experiment shows that 92% of the cloud profiles are clustered successfully and 85% of the cloud clusters are

correctly classified.
• In Beijing, the occurrence frequency of cirrostratus clouds is the highest among the nine cloud types, whereas nimbostratus

clouds have the lowest occurrence frequency.

1. Introduction
Clouds have diverse features, shapes and spatial scales,

and therefore have different effects on solar and infrared ra-
diation; they are indicative of both short-term weather con-
ditions and long-term climate change (Ramanathan et al.,
1989; Molinari and Dudek, 1992; Rossow and Schiffer, 1999;
Hamilton, 2006).

Radar has powerful strengths in the exploration of the
internal structure of clouds. Large amounts of in-situ ob-
servational data (from ground- or air-based sensors) have
been analyzed to determine the empirical relations between
cloud microphysical parameters and the radar reflectivity fac-
tor Ze (hereinafter referred to simply as reflectivity) for dif-
ferent phases of cloud particles and different cloud types
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(Sekelsky et al., 1999; Mace and Sassen, 2000; Austin et al.,
2009; Heymsfield et al., 2014; Liu et al., 2014). The cloud
type determines which relation is suitable for practical re-
trievals. The Cloud Profiling Radar system (CPR) on Cloud-
Sat uses an iterative forward physical model to retrieve mi-
crophysical parameters (Rodgers, 1976, 1990, 2000). How-
ever, an a-priori set according to cloud type is required to ini-
tialize the iteration process, and therefore knowledge of the
cloud type is useful in the selection of the initial parameters
for the retrieval of cloud microphysical parameters.

Research on the distribution of cloud types is a basic
part of meteorological and climatological studies. There have
been many cloud classification algorithms developed for dif-
ferent measurement sensors, mostly passive remote sensors
such as imagers and radiometers (Ebert, 1987; Baum et al.,
1997; Miller and Emery, 1997; Sassen and Wang, 2008; Li
et al., 2014). Radar has a number of advantages over pas-
sive remote sensing in the accurate measurement of the phys-
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ical properties of clouds, such as the determination of cloud
height, depth and particle size. Radar therefore provides a po-
tentially improved method for cloud classification, especially
for clouds with multiple layers. Despite this advantage, there
has been no systematic work on cloud clustering and clas-
sification algorithms for ground-based radar systems in the
vertically pointing mode. One goal of this study was to de-
velop a cloud clustering and classification algorithm using an
8 mm wavelength radar (Ka-band radar) system.

Section 2 presents a brief introduction to Ka-band radar.
Sections 3 and 4 describe the principle and methodology of
the cloud clustering and classification algorithm. The per-
formance of the algorithm is presented in section 5 through
comparison experiments. A study of the distribution of cloud
types in Beijing is presented in section 6, followed by a sum-
mary and discussion of our results in section 7.

2. Data
2.1. Ka-band radar

A Ka-band polarimetric Doppler radar system was in-
stalled on the roof of a laboratory building at the Institute of
Atmospheric Physics (39.967◦N, 116.367◦E) in 2010. This
radar system measures the reflectivity, the Doppler velocity,
the spectral width and the linear depolarization ratio (Table
1). The Ka-band radar has been working 24 hours a day since
October 2012, except for unexpected accidents. It operates in
a vertically pointing mode except during special events, such
as heavy rain or short-term joint observations with other in-
struments.

A data quality control approach combining the threshold
and median filter methods has been implemented to reduce
the effects of clutter and noise on the radar reflectivity (Xiao
et al., 2018). Scatter and absorption in gases, water vapor,
clouds and precipitation all attenuate radar reflectivity (Kol-
lias et al., 2014). We calibrate the attenuation due to water
vapor using the equation

Ze(r) =
Zm(r)

e−0.2ln(10)
∫ f
0 kH2O(s)ds

, (1)

where r is the distance from the radar system, Zm is the mea-
sured reflectivity, and kH2O(s) is the absorption coefficient of
water vapor at the distance of s and pre-calculated for each
month based on humidity data obtained from 2015 to 2017.
The attenuation in clouds, precipitation and other gases has
not yet been calibrated. However, these attenuations are lim-

ited because the radar system observes in a vertically point-
ing mode and the r should be within 16 km. For example,
Doviak and Zrnić (1993) reported that two-way gaseous at-
tenuation in a standard atmosphere should be no more than
0.5 dB within 25 km. Evaluations of the Doppler velocity,
spectral width and linear depolarization ratio are being per-
formed, but the accuracies are not yet available. They are not
used in our algorithm.

2.2. Temperature
The temperature has a large effect on the cloud particle

phase and size. There is no simultaneous measurement of
temperature in the radar data. The temperature data used in
this study are from the European Centre for Medium-Range
Weather Forecasts (ECMWF) ERA-Interim dataset (http://
apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/).
The ERA-Interim dataset presents six-hourly temperature
profiles with a 0.125◦ × 0.125◦ spatial resolution. The tem-
perature profile of the grid (40.0◦N, 116.25◦E) closest to the
radar location is linearly interpolated and used in our classi-
fication algorithm.

3. Methodology of cloud clustering
The vertically pointing mode of the radar sequentially

records the reflectivity. It is difficult to determine the cloud
type of a single cloud profile as a result of the diversity of
clouds. Discrete cloud profiles need to be grouped together
before classification.

A radar profile is considered to be cloudy if there are more
than three bins with a reflectivity higher than −45 dBZ. Cloud
clusters usually appear in three patterns in a reflectivity im-
age (Fig. 1): (1) the first cloud cluster ends some time before
the appearance of the second cloud cluster (Fig. 1a); (2) the
second cloud cluster appears soon after the first cloud cluster,
but at a different height layer (Fig. 1b); and (3) the first cluster
does not end before the start of the second cluster (Fig. 1c).
The first pattern shows a break in the timing of the two cloud
clusters and the second pattern illustrates a break in height,
whereas the third pattern shows an overlap in both time and
height.

According to these three patterns, we built a cloud clus-
tering algorithm based on a combination of the time–height
clustering method and the k-means clustering method. Figure
2 shows a flow chart for the clustering algorithm. First, a
cloud profile (marked as pi, where i = 0,1 . . .) is selected to
record the time, height and layer number. If the height gap

Table 1. Technical specifications of the Ka-band radar.

Ka-band radar

Transmitter Antenna Receiver

Frequency 35.075 GHz Diameter 1.5 m Noise 5.8 dB
Peak power 29 kW Gain 54 dB Noise power −103 dBm
Pulse length 0.2 µs Beam width 0.4◦

Type Magnetron Scanning mode Vertically pointing, Plan Position Indicator,
Range-Height Indicator

Vertical resolution 30 m

http://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/
http://apps.ecmwf.int/datasets/data/interim-full-daily/levtype=sfc/
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Fig. 1. Three patterns in the distribution of cloud clusters: (a)
the first cloud cluster ends before the second cloud cluster ap-
pears; (b) the second cloud cluster appears soon after the first
cloud cluster, but at a different height layer; and (c) the first
cloud cluster overlaps the appearance of the second cluster.

Fig. 2. Flow chart of the cloud clustering algorithm.

between two cloudy bins is > 150 m (five bins), then the cloud
is regarded as layered; one height gap indicates two layers,
two height gaps correspond to three layers, and so on. If the

time interval between two profiles (pi and pi+1) is more than
five minutes (Fig. 1a) or if the cloud heights are layered (Fig.
1b), then this represents the end of a cloud cluster (marked
as C0 and containing profiles p0 . . . pi). The last profile of
C0 is pi, whereas pi+1 is the first profile of the other clus-
ter. This process groups cloud profiles with a break in time or
height. We refer to this process as the time–height clustering
method. The start time, end time and maximum layer number
are recorded for cluster C0. If the maximum layer number is
1, then a single cloud cluster is determined (Figs. 1a and b).
If the layer number is > 1 (Fig. 1c), the following steps are
taken.

For cloud clusters with multiple cloud layers, we use
the k-means clustering algorithm, which aims to partition n
points into k clusters in which each point belongs to a cluster
with the nearest mean distance. Here, the point is a cloudy
radar bin. The k-means clustering algorithm contains four
steps: (1) select k points randomly as the initial centers of
k clusters; (2) calculate the distances of each point from all
centers and allocate the point to the cluster with the nearest
distance; (3) calculate the centers of the new clusters formed
after step (2); and (4) repeat steps (2) and (3) until the cen-
ters no longer change. In the k-means clustering process, the
cloud layer number is used as the a priori of k. The time and
height are the two input parameters in the distance calcu-
lation. After every cloud cluster has been determined, each
cluster is input to the classification algorithm for classifica-
tion of the cloud. Figure 3b shows an example of a cloud
cluster marked with different colors in which the black cross
indicates the center of each cluster.

Incorrect clustering is inevitable because the features of
clouds are variable and radar noise or clutter always exists.
According to our analysis, there are two main causes of in-
correct clustering. One is the use of an inaccurate layer num-
ber in the k-means clustering algorithm (Figs. 3c and d). The
clouds in Fig. 3c are actually single clusters, but the layer
number is mistakenly determined as three due to minor gaps
in the clouds. When a wrong layer number is input into the
k-means clustering algorithm, wrong clustering results are
output (Fig. 3d). Another cause of incorrect clustering is the
k-means algorithm itself, which clusters clouds incorrectly
when they show an unexpected distribution (Figs. 3e and f).
The clouds in Fig. 3e have three layers and the lowest level
clouds only last for three minutes—far shorter than the high-
est level clouds. The difference in time scale between the
two cloud layers outweighs the difference in height, leading
to incorrect clustering (Fig. 3f). We performed a statistical
analysis using observational data from January to June 2014
and found that 88% of the clouds that required the k-means
method were clustered successfully.

4. Cloud classification
4.1. Background

The World Meteorological Organization has recently
published revised principles of cloud classification for ob-
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Fig. 3. Three kinds of clustering results: (a), (c) and (e) show radar reflectivity (dBZ); (b),
(d) and (f) show clustering results, where the black crosses represent the center of each
cluster which is illustrated with different color.

servations of clouds from the Earth’s surface (WMO, 2017).
These principles use the forms, features, appearance and in-
ternal structures of clouds to classify them into ten genera:
cirrus (Ci), cirrostratus (Cs), cirrocumulus (Cc), altocumulus
(Ac), altostratus (As), stratus (St), stratocumulus (Sc), nim-
bostratus (Ns), cumulus (Cu) or cumulonimbus (Cb) clouds.
Cb clouds are defined as heavy and dense clouds, with a con-
siderable vertical extent, in the form of a mountain or huge
towers. The term deep convective (Dc) cloud used in the 1956
edition of the World Meteorological Organization cloud clas-
sification principles (WMO, 1956) is no longer used and has
been replaced by the term Cb.

The International Satellite Cloud Climatology Project
classifies clouds into Cs, Cc, Ac, As, St, Sc, Ns, Cu or Dc
clouds based on a combination of the cloud-top pressure and
the optical thickness of the cloud (Hahn et al., 2001). Tag
et al. (2000) developed a probabilistic neural network cloud
classifier using imagery from the Advanced Very High Reso-
lution Radiometer and classified clouds into different types
(Ci, Cc, Cs, Ac, As, Sc, St, Cu, Cb, and Cumulus Con-
gestus clouds). These algorithms are developed for passive

remote sensors. Williams et al. (1995) developed an algo-
rithm classifying precipitating clouds in the tropics using a
915 MHz wind profile radar system. Wang and Sassen (2001)
presented a cloud classification method to classify clouds into
St, Sc, Cu, Ns, Ac, As, Dc or high-level clouds using multiple
remote sensors, including polarization LiDAR, millimeter-
wave radar and infrared radiometers. The cloud classifica-
tion products (2B-CLDCLASS-lidar) released jointly by the
CloudSat and CALIPSO satellites are based on this cloud
classification method and clouds are classified into St, Sc,
Cu, Ns, Ac, As, Dc or high-level clouds (Sassen and Wang,
2008; Sassen et al., 2008).

These cloud classification methods serve diverse pur-
poses and depend on the specialties of the instrument. There
is no unified cloud classification standard suitable for all in-
struments. Algorithms based on cloud spectral and textural
features are suitable for passive sensors due to their broad
field of view. Ground-based radar systems have advantages
in terms of measurements of cloud height, thickness and in-
ternal microphysical characteristics and provide accurate in-
formation about the internal structure of clouds. However,
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radar in the vertically pointing mode shows weaknesses in
detecting the overall shape or appearance of clouds. Ci clouds
are defined, based on appearance, as detached clouds in the
form of white, delicate filaments or white or mostly white
patches or narrow bands (WMO, 2017). Ka radar cannot dis-
tinguish Ci clouds by their appearance. Therefore, based on
the strengths and limitations of the radar system and scientific
requirements, our cloud classification algorithm is designed
to classify clouds into nine types: Cs, Cc, Ac, As, St, Sc, Ns,
Cu and Cb clouds.

4.2. Parameters used for classification
Temperature has a great impact on the phase and size of

cloud particles. Atmospheric temperature is closely related to
height. Height and temperature are therefore important indi-
cators in cloud classification. Ice crystals dominate high-level
clouds, whereas low-level Sc or St clouds are usually referred
to as water clouds because liquid particles are in the major-
ity. Mid-level As or Ac clouds are somewhere between low-
and high-level clouds. Cumuliform clouds are generally more
unstable than stratiform clouds. A non-uniformity coefficient
representing the instability of clouds helps to distinguish cu-
muliform clouds from stratiform clouds. Reflectivity is also
related to the cloud particle size and the water (ice) content,
which are distributed differently in different types of cloud.

Based on these physical parameters, nine characteristics
were selected for cloud classification: the mean cloud-top
height (Htp), the mean cloud-base height (Hbs), the maximum
cloud depth (Dhm), the average cloud depth (Dav), the mean
maximum Ze (Zem) (the maximum Ze is calculated for each
profile), the non-uniformity coefficient (Inh), the cloud extent
(Chr), precipitation (Pcp), and the cloud temperature (Tmp).
Inh is defined as the standard deviation of the maximum Ze
normalized by Zem. Precipitation (Pcp) is flagged when there
are more than ten bins with a height < 1 km, Ze > −10 dBZ,
and a Doppler velocity > 0. The extent of clouds (Chr) is de-
fined as the time which the radar uses to detect the cloud
cluster. These parameters can be derived directly or indirectly
from radar measurements, guaranteeing the portability of the
classification algorithm.

4.3. Methodology of classification
The threshold-based classification methods are simple,

but the classification results are very sensitive to the choice
of threshold. The neural network classification method
(Bankert, 1994; Tag et al., 2000), which requires many sam-
ples for training, is complicated, time consuming and can-
not satisfy the requirements of real-time operation. The fuzzy
logic method, computing with a “degree of truth” rather than
“true or false” (1 or 0), is flexible, tolerant of imprecise data,
and based on the experience of experts (Zadeh, 1968; Pe-
naloza and Welch, 1996). The fuzzy logic method is an ap-
propriate option for cloud classification and has been used
on CloudSat CPR data to classify clouds (Sassen and Wang,
2008). Our ground-based Ka-band radar system has different
specialties and observing modes, and the fuzzy sets for differ-
ent fuzzy variables need to be changed to apply to the local

characteristics of clouds and the specialties of the instrument.
In this study, a trapezoid-shaped fuzzy membership function
is defined as follows:

P(a,A1,A2,A3,A4) =



0, a 6 A1

a−A1

A2−A1
, A1 < a < A2

1, A2 6 a 6 A3

A4−a
A4−A3

, A3 < a < A4

0, a > A4


, (2)

where P is the degree of membership (between 0 and 1), 0
means definitely no, 1 means definitely yes, and a is the fuzzy
variable (referring to the nine characteristic parameters). The
fuzzy sets A1,A2,A3 and A4 determine the degree of member-
ship of each fuzzy variable. A1–A4 for the nine characteristic
parameters and the nine types of clouds are derived from a
combination of the results of the following studies: (1) Htp,
Hbs, Dhm and Dav were obtained from previously published
research (Huo and Lu, 2014; Chen et al., 2015; Huo, 2015);
(2) typical clouds of the nine different types of cloud were
selected and analyzed to determine Zem and Chr and the sta-
tistical results were used as reference data (see Fig. 4 for ex-
ample statistical histogram for Zem); and (3) reference values
for Inh and Tmp were obtained from Sassen and Wang (2008)
and Ren et al. (2011), respectively. The final A1–A4 values of
the nine characteristic parameters for the nine different types
of cloud are given in Table 2.

Once a cloud cluster has been distinguished, each charac-
teristic parameter is calculated and input into the fuzzy mem-
bership function to obtain the membership value. The rule to
obtain the final type is given by:

Ti =

9∑
j=1

w jPi, j , (3)

where the subscript i represents the cloud type, the sub-
script j represents the characteristic parameter, and w j is the
weight coefficient. We use different weight coefficients for
the nine characteristic parameters because they play distinct
parts in the classification method. For example, the position
of clouds (Htp and Hbs) determines the cloud level, whereas
the cloud depth (Dhm and Dav) is primarily used to distin-
guish Cb clouds from Cu clouds. The value of Inh represents
the homogeneity of clouds. The temperature obtained from
the ECMWF dataset may not quite reflect the actual situa-
tion. In these causes, w j is set as 1.0, 1.0, 0.5, 0.8, 1.0, 1.0,
1.0, 0.5 and 0.8, respectively (also listed in Table 2). Based
on Eq. (3), the final cloud type is that with a maximum value
of T .

5. Application experiments
5.1. Comparison experiment

To evaluate the performance of the classification algo-
rithm, a comparison experiment with an all-sky imager (Huo
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Fig. 4. Histograms of Zem for different cloud types: (a) Cs and Cc; (b) As and Ac; (c) Sc and St; (d) Ns; (e) Cu; and (f) Cb.

Table 2. Fuzzy sets of A1, A2, A3, and A4.

Cloud types

No. Parameter Weight (w) Cc Cs Ac As Sc St Cu Ns Cb

1 P (Htp) (km) 1.0 A4 11 11 11 11 5 4 10 8 10
A3 11 11 10 9 4 3 7 5 10
A2 7 7 5 4 1 0.5 3 3 8
A1 6 6 3 3 0.5 0.5 0.5 1 6

2 P (Hbs) (km) 1.0 A4 10 10 5.5 5.5 2.5 2.5 3.5 2.5 2.5
A3 10 10 4.5 4.5 2 2 3 2 2
A2 6 6 3 3 1.5 1.5 2 1.5 2
A1 5 5 2.5 2.5 1.5 1.5 2 1.5 2

3 P (Zem) (dBZ) 0.5 A4 −10 −10 15 15 15 15 15 15 15
A3 −35 −35 −10 −10 0 0 −2 15 10
A2 −35 −35 −30 −30 −15 −10 −10 5 0
A1 −35 −35 −45 −45 −18 −18 −19 −10 −10

4 P (Inh) 0.8 A4 0.5 0.35 0.5 0.4 0.65 0.55 0.65 0.55 2
A3 0.5 0.3 0.5 0.35 0.65 0.4 0.65 0.45 2
A2 0.45 0.3 0.45 0.3 0.55 0.3 0.55 0.4 0.7
A1 0.35 0.3 0.35 0.3 0.45 0.3 0.5 0.4 0.5

5 P (Dhm) (km) 1.0 A4 5 5 8 8 5 4 8 8 10
A3 4 3 7 6 4 3 7 6 10
A2 2 1 3 2.5 1.5 0.7 2 3 10
A1 0.5 1 1 0.5 0.7 0.5 1 1 8

6 P (Dav) (km) 1.0 A4 2 2 5 5 2.5 2.3 6 6 10
A3 2 1.5 5 3.5 2 1 5 4 10
A2 0.5 0.5 1.5 1 0.5 0.5 1.5 2 8
A1 0.1 0.5 0.5 0 0.2 0.5 0.5 0.5 6

7 P (Pcp) 1.0 A4 1 1 1 1 1 1 1 1 1
A3 1 1 1 1 1 1 1 1 1
A2 0 0 0 0 0 0 0 1 0
A1 0 0 0 0 0 0 0 1 0

8 P (Tmp) (◦) 0.5 A4 −18 −18 2 3 10 10 10 14 7
A3 −10 −10 −5 −5 10 10 4 7 0
A2 −60 −60 −20 −20 −1 −1 −4 −2 −5
A1 −60 −60 −30 −30 −10 −10 −10 −10 −15

9 P (Chr) (h) 0.8 A4 2 3 2.5 4 2 3 4 5 6
A3 0.5 3 0.5 4 0.5 3 2 5 4
A2 0.3 1 0.3 2.5 0.3 1 1 1.5 1
A1 0.3 0.5 0.3 0.5 0.3 0.5 1 1 0.5
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and Lu, 2009) accompanying the Ka-band radar is performed.
The all-sky imager, located about 8 m from the Ka-band radar
system, took all-sky pictures every five minutes during the
day from January to June 2014. We distinguished the cloud
types from the all-sky images to compare with the clouds de-
tected by the radar system. Because the Ka-band radar de-
tects in the vertically pointing mode, clouds around the zenith
in the images are examined closely. The radar system needs
much more time than the imager to detect cloud clusters, so
cloud types from the all-sky images collected during the radar
observation period were counted and the cloud type in the
majority was used as the final type (Table 3). A total of 270
clusters was available for comparison and 234 (86.7%) were
determined as the same type using both classification meth-
ods. The classification accuracy varied from 73.7% (Cu) to
90% (As). The classification algorithm shows good perfor-
mance through this comparison.

Six months of data from the all-sky imager are what we
can use at present for ground-based comparison and evalua-
tion. More data will help verify the evaluation result. Satellite
data might be an option. However, the qualities of satellite
cloud classification products also need evaluation. In addi-
tion, the temporal and spatial resolution and detection mode
are very different. Direct evaluation via satellite data is in-
accessible. In the future, more comparisons will be made to
evaluate and improve the classification algorithm if more suit-
able data are accessible.

5.2. Classification of clouds with precipitation
Clouds with a complex distribution were analyzed to

show the performance of the cloud clustering and classifi-
cation algorithm. Figure 5a shows the radar reflectivity from
0000 LST 6 February to 0810 LST 7 February 2014. The
times are given as Local Standard Time (LST, LST = UTC +

8) At 0815 LST 7 February 2014, the radar changed to the
plan position indicator mode. Over the 32-hour period in Fig.
5a, the clouds change from high to low, from thin to thick,
and from double layer to single layer. The surface tempera-
ture varies between 0◦C and −4◦ and the surface wind speed
was < 4 m s−1.

Accurate clustering is a prerequisite for successful clas-
sification. In Fig. 5a, the clouds from the 16th hour to the

Table 3. Comparison of classification using the radar system and an
all-sky imager. The rows show the radar results and the columns the
imager results.

Cc Cs Ac As Sc St Cu Ns Cb No. %

Cc 39 1 3 1 – – 2 – – 46 84.8
Cs 9 96 1 2 – – – – – 108 88.9
Ac 1 – 20 1 1 – – – – 23 87
As – – 4 43 – 1 – – – 48 90
Sc – 1 – – 11 1 – – – 13 84.6
St – – – – 1 8 – – – 9 88.9
Cu 1 – 1 – – 1 14 1 – 19 73.7
Ns – – – 1 – – – 3 – 4 75
Cb – – – – – – – – – – –
Total 270

Fig. 5. Application of the clustering and classification algo-
rithm: (a) radar reflectivity (dBZ) detected from 0000 LST 6
February to 0810 LST 7 February 2014; and (b) cloud types
colored after clustering and classification.

32nd hour (from 1600 LST 6 February to 0810 LST 7 Febru-
ary) challenge the clustering algorithm because there are two
cloud layers, which show such large differences in horizon-
tal and vertical extent that the smaller and lower cloud clus-
ters are likely to be neglected. Figure 5b shows a preliminary
result of the clustering and classification algorithm. Each in-
dividual cloud cluster is correctly separated and the clusters
are classified into four types: Cc, Ac, Sc, and “Cb” when
the cloud base height (CBH) of precipitation is considered as
zero.

The “Cb” cloud starts from the 16th hour (1600 LST
6 February) at a height of about 6 km, develops gradually
downwards, and reaches the ground at the 27th hour (0300
LST 7 February). Precipitation starts from the 28th hour and
the maximum cloud depth is > 10 km. The cloud depth is
determined by Htp minus Hbs. The preliminary CBH of pre-
cipitation for this “Cb” cloud is considered to be zero for
simplicity, although the CBH is generally greater than zero.
Therefore, the cloud depth must have been overestimated.
At present, we have no applicable method to estimate the
CBH of precipitation. A combination of reflectivity and the
Doppler velocity may be useful in distinguishing droplets
from cloud particles, although more studies are required to
determine an accurate value of the CBH because precipitation
sometimes occurs inside clouds. If profiles with precipitation
are not considered, then the “Cb” cloud will be classified as
a Cu because there is a large change in Hbs. Therefore, cloud
clusters with precipitation may be classified differently as a
result of the undetermined CBH. Based on our analysis, the
cloud classification results may be more reliable if precipita-
tion profiles are removed from the cloud cluster. This might
be reasonable because the CBH of the cloud profile immedi-
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ately ahead of precipitation is likely to be (or to be close to)
the CBH of precipitation.

A meteorological observer needs several minutes to ob-
serve cloud types, whereas the all-sky (or whole-sky/total-
sky) imager only needs a few milliseconds to take a picture.
Ground-based radar in the vertically pointing mode needs
comparatively more time to detect cloud clusters, and detec-
tion depends on the horizontal scale and speed of movement
of the clouds. When clouds are passing over the radar sys-
tem, radar detection can be considered as a two-dimensional
scan of the clouds, whereas when the clouds do not move,
radar detection can be considered as recording a process of
evolution. Clouds with a long lifetime may undergo several
stages of development and it may not be appropriate to group
cloud profiles at different stages into one cluster and output
only one cloud type. This presents a new problem of how
to automatically distinguish each stage of the development
process. At present, a manual check of the classification for
large-scale clouds with precipitation lasting for more than
five hours is suggested to ensure accuracy.

5.3. Summer and winter cirrus clouds over Beijing
According to the definition in the Glossary of Meteorol-

ogy of the American Meteorological Society (Huschke, 1959;

Seguin et al., 2012), the term “cirrus” is often used for all
types of cirriform clouds (Ci, Cc and Cs clouds), and we use
this definition here. Based on this definition of Ci, Cc and Cs
clouds and the principle of our classification algorithm, Ci
clouds are mostly classified as Cs clouds by our algorithm.

Figure 6 shows two cirrus clouds that occurred over Bei-
jing in summer and winter. The cirrus cloud in Fig. 6a oc-
curred on 4 July 2014 from 1500 to 2000 and lasted for about
five hours. The cirrus cloud in Fig. 6b occurred on 21 Novem-
ber 2014 from 0200 to 0800 and lasted for about six hours.
The macroscopic and microscopic characteristics of the two
examples are very different. The cirrus cloud in Fig. 6a at
8.4 km Hbs was higher and thicker than the cloud in Fig. 6b
with a height of 6.5 km Hbs. The mean Ze in Fig. 6a is also
considerably larger than that in Fig. 6b, indicating a larger
cloud particle size or ice water content. Figure 6e shows the
temperatures for the two examples. The mean temperatures
of both clouds are lower than −20◦C, indicating that most of
the particles are solid. The winter cirrus cloud has a lower
mean temperature than the summer cirrus cloud. These two
examples reflect the seasonal variations between the summer
and winter in Beijing, which are related to local weather pro-
cesses and the characteristics of the regional climate. There is
more water vapor and stronger convection in summer than in

°C

Fig. 6. Cirrus clouds in Beijing in winter and summer: (a) Cirrus cloud from 1500 LST to
2000 LST 4 July 2014; (b) cirrus cloud from 0200 LST to 0800 LST 21 November 2014; (c)
classification results of (a); (d) classification results of (b); (e) temperature profiles of the two
clouds.
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winter. Cirrus clouds in summer in Beijing are usually higher
than those in winter as a result of the difference in tempera-
ture.

The cloud profiles are grouped into four clusters in Fig.
6d, two of which are classified as Cc clouds, whereas the
other two are classified as Cs clouds. The cloud type flips
between Cs and Cc depending on Ihn. The value of Ihn is
0.31 and 0.48, respectively, for the two Cc clouds and 0.1
and 0.22, respectively, for the two Cs clouds. The value of
Ihn determines the cloud type when the clouds have a similar
temperature, extent and height.

6. Distribution of cloud types in Beijing
Statistical analysis of the cloud types in Beijing was car-

ried out based on data collected from January 2014 to De-
cember 2017. Figure 7 shows the distribution over all four
seasons. Figure 7a shows the cloud cluster number histogram
of each cloud type, and Fig. 7b shows the time histogram
indicating the frequency of occurrence, defined here as the
proportion of time one type of cloud was present relative to
all types of cloud. Cs clouds accounted for the largest number
observed, followed by St clouds. The lowest number was for
Ns clouds. Because the average horizontal extent is different
for different types of cloud—for example, the average hor-
izontal extent of Ci clouds is generally smaller than that of
Ac clouds—the occurrence frequency of clouds is more rep-
resentative than the actual number of clouds in climatologi-
cal statistics. The highest occurrence frequency in Fig. 7b is
for Cs clouds, which accounted for about 24% of all cloud
types. Because the average horizontal length of Ac clouds is
relatively large, the occurrence frequency of Ac clouds was
the second highest, although the number of clouds was lower
than for other types, such as Cc and As clouds. The lowest oc-
currence frequency was for Ns clouds and the second lowest
for Sc clouds, both of which were < 2.5%. The occurrence
frequency of Cb clouds was only 6% and this cloud type
mostly occurred in summer and autumn. The occurrence fre-
quency of high-level clouds was highest in Beijing, followed
by middle-level clouds; low-level clouds had the lowest oc-

currence frequency.
Cloud types showed a seasonal distribution. High-level

clouds had the lowest occurrence frequency in spring (Cc and
Cs; see Fig. 7b), but had almost the same occurrence fre-
quency in the other three seasons. Low-level clouds (Sc, St,
Cu, Ns and Cb; see Fig. 7b) had the highest occurrence fre-
quency in summer. The occurrence frequency of Ac clouds
was slightly higher in winter, but similar in the other three
seasons. The occurrence frequency of As clouds is similar in
all four seasons. The occurrence frequency of middle-level
clouds (Ac and As clouds) had no clear seasonal variation.
Cirrus clouds in summer in Beijing are usually higher than
those in winter as a result of the difference in temperature
and humidity.

Seasonal variation of cloud occurrence frequency in Bei-
jing is related to local weather conditions and climatological
characteristics. Beijing is located in the monsoon region with
a continental climate of which winter monsoon and summer
monsoon dominate alternately. Winter in Beijing is dry and
cold while the summer is warm and wet. In addition, the aver-
age water vapor in Beijing is relatively poor when compared
with the tropics. When water vapor is insufficient, the cloud
is mainly formed by the adiabatic expansion and cooling of
water vapor in the upward movement. Therefore, high-level
clouds occur more than low-level clouds in Beijing. In addi-
tion, there is more water vapor and stronger convection in the
summer than in winter. This causes obvious seasonal varia-
tions of cloud occurrence frequency, especially for low-level
clouds.

7. Summary and discussion
The Ka-band radar system at the Institute of Atmospheric

Physics has accumulated more than five years of data, and
these long-term records support a great deal of cloud data for
climatological and weather research in Beijing. Cloud clas-
sification is both a basic and necessary part of climatologi-
cal and weather research and provides key knowledge about
cloud types for the retrieval of cloud microphysical parame-
ters based on radar reflectivity.

Fig. 7. Distribution of cloud types in spring, summer, autumn and winter in Beijing: (a) number
histogram for different cloud types, where the y-axis is the percentage of one type of cloud to
all nine types of cloud; (b) time histogram for different types of cloud, where the y-axis is the
percentage of one type of cloud to all nine types of cloud (the occurrence frequency).
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We have presented a cloud clustering and classification
algorithm for ground-based Ka-band radar. An analysis of
clouds observed from January to June 2014 showed that 92%
of the data were clustered successfully by this algorithm.
Comparison with an all-sky imager showed that the mean
classification accuracy was 87%. Cloud clusters with precipi-
tation have an uncertain CBH, and therefore the classification
results for clouds with precipitation should be rechecked. In
addition, we investigated the distribution of different cloud
types in Beijing from January 2014 to December 2017 by
applying the clustering and classification algorithm to radar
data. Cs clouds had the highest occurrence frequency among
the nine cloud types and high-level clouds had the maxi-
mum occurrence frequency over Beijing and low-level clouds
had the minimum occurrence frequency. Overall, the algo-
rithm presented here is based on, and is suitable for, verti-
cally pointing Ka-band radar, which detects two-dimensional
clouds. The algorithm can be transplanted to other waveband
radar systems because most of the input parameters for these
systems are available.

The clustering and classification algorithm usually needs
a longer time than other sensors—such as imagers, radiome-
ters, spectrometers, or meteorological observers—to deter-
mine the cloud type in the real-time observation of Ka-band
radar in the vertically pointing mode. This is because the Ka
radar system needs a longer time, depending on the horizon-
tal extent and speed of movement of clouds, to collect all the
cloud cluster profiles. If continuous clouds last for 10 hours
or more, then the clustering algorithm will also need the same
amount of time to collect all the profiles. The real-time oper-
ation of the classification algorithm will therefore depend on
the horizontal extent and speed of movement of clouds.

At present, the attenuation calibration of reflectivity is not
perfect. However, attenuation has little impact on the cluster-
ing and classification algorithm. This is because the attenua-
tion is much lower than the reflectivity and the fuzzy sets of
Zem used in the classification algorithm are obtained from the
statistics of the radar data, which have inadequate correction
for attenuation. In addition, the weight of Zem in the classi-
fication algorithm is lower than that of the other parameters.
Therefore, inadequate attenuation correction should not over-
turn the final decision on classification.
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