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Abstract
Currently, the SWIRLS nowcasting system of the Hong Kong Observatory is based
on the radar reflectivity data from two local Doppler weather radars.

Due to the

volatile nature of rainstorms and the limited spatial coverage of local radars, the most
skillful prediction is often confined to the first couple of hours.

Meanwhile, the

demand for nowcast with longer lead time and wider spatial coverage has been
increasing. In an attempt to improve the situation, the Observatory has developed a
new technique for quantitative precipitation estimation (QPE) using satellite infrared
and visible channel data.

The resulting satellite QPE is further blended with those

based on the Guangdong-Hong Kong radar mosaic of SWAN (Severe Weather
Automatic Nowcasting) and local radars to generate a multi-sensing, wide-area and
high-resolution rainfall analysis suitable for rainfall nowcasting purpose. In this
paper, the new QPE technique and product are introduced and their potential values
when applied to QPF illustrated through nowcast experiments.

The study results

showed that the new data and technique can produce useful forecast rainfall guidance
for Hong Kong, which is located at the central region in the forecast domain, with
longer lead time under wide-spread and persistent rainfall situations such as squall
lines and tropical cyclones.
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融合雷達、衛星數據的定量降水估計技術開發及
在降雨臨近預報方面的應用
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摘要
現時，香港天文台的《小渦旋》臨近預報系統建基於雷達反射率，數
據來自本地的兩台多普勒天氣雷達。由於暴雨發展瞬息萬變以及本地
雷達的覆蓋範圍有限，最有效的預報往往只局限於首一兩小時。與此
同時，對時效更長、覆蓋更廣的臨近預報需求正在與日俱增。為嘗試
改善現況，天文台發展出利用衛星紅外及可見光通道數據的定量降水
估計（QPE）新算法，並把所得的衛星 QPE 資料與基於 SWAN (Severe
Weather Automatic Nowcasting) 粵、港雷達拼圖以及本地雷達的 QPE
融合使用，以製作出多遙感、大範圍且高分辨率的雨量分析，以應用
到降雨臨近預報方面。本文介紹上述的 QPE 新技術及產品，並通過
臨近預報實驗說明其在 QPF 上的潛在應用價值。對於如颮線及熱帶
氣旋等廣泛而持續的暴雨過程，研究結果顯示新數據與技術可以為處
於預報範圍中央的香港帶來有用及時效較長的降雨預報指引。

(內文以英文編寫)
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1. Introduction
Currently, the SWIRLS [1]-[3] nowcasting system of the Hong Kong
Observatory (HKO) produces quantitative precipitation forecast (QPF) products up to
a lead time of 6 hours. As with other nowcasting systems based on radars, the
performance of SWIRLS QPF drops with increasing lead time. Causes include
rainfall intensity change and the limited scope of radars [1]. One solution to help lift
the latter limitation is to expand the domain by blending rainfall information from
other sources, such as satellites and network of radars. Blending techniques using
satellite and radar data have been studied by the U.S. National Weather Service [4],[5]
and their results showed that combination of the two types of sensor is feasible and
brings merits to quantitative precipitation estimation (QPE).
In Hong Kong, the Observatory has developed a satellite-based significant
convection nowcasting system [6]. The relationship between the satellite infrared
(IR) brightness temperatures from MTSAT and the reflectivity detected by local
weather radars in Hong Kong was studied. A multi-layer perceptron artificial neural
network (MLPANN) was developed to analyze the data and map the three input
brightness temperatures of the IR1, IR2 and IR3 channels to reflectivity. Despite the
success, the direct-output values were generally too low and distribution was overly
widespread when compared to actual radar observations. Its application to QPE has
not been explored yet. In early 2012, the Observatory started to receive the
Guangdong-Hong Kong radar mosaic data generated by the Guangdong
Meteorological Bureau (GMB) under the Severe Weather Automatic Nowcasting [7]
(SWAN) collaboration project. The mosaic covers a much extended area compared
to that of local radars in Hong Kong.
To improve the satellite IR-derived reflectivity algorithm and to take advantage
of the SWAN radar mosaic, a new technique to blend the different data types for
QPE/QPF purposes was developed in the present study. In this paper, the blending
scheme and data processing steps are introduced. Details of the data sources are
described in Section 2. The use of satellite visible channel as an additional input
source and the resulting enhanced algorithm to transform satellite data into reflectivity
are presented in Section 3. Also explained is the blending scheme to effectively
combine different sources of QPE. In Section 4, a new QPF scheme based on
SWIRLS is presented. Section 5 summarizes the results of two nowcast experiments
using the newly developed algorithms. Section 6 discusses the known limitations
and areas for further improvement. Section 7 concludes this study and outlines the
way forward.
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2. Data Sources
The three major sources of remote-sensing data used in this study are local
weather radars, SWAN radar mosaic and satellite channels of MTSAT. MTSAT
completes a scan of the Northern Hemisphere every 30 minutes, save for several
images taken on the hour in a day. To avoid the complication in handling missing
data, and to simplify the data preparation procedures for the subsequent satellite-based
tracking algorithm, only images taken on the half-hour were selected for investigation
in this study, resulting in an hourly update cycle for the data. The sector of MTSAT
images used in this study covers the geographical region from about 105°E to 123°E
and from about 13°N to 30°N as shown in Fig. 1(a). There are a total of 487×452
raw data points separated in regular latitude-longitude intervals of 0.037°. In
addition to the three IR channels (namely, IR1 in the band 10.3–11.3 μm, IR2 in
11.5–12.5 μm and IR3 in 6.5–7.0 μm), the visible channel (0.55–0.90 μm) of MTSAT
was also used.
For radars, both local and Guangdong, the data update cycle is 6 minutes starting
from the 00, 06, 12, …, 54th minute of each hour. The SWAN radar mosaic is
composed of a maximum of nine radars from Guangdong and one from Hong Kong.
The mosaic covers the geographical region from 108°E to 119°E and from 19°N to
27°N as shown in Fig. 1(b). The SWAN mosaic is three dimensional with a total of
1100×800 data points separated in regular latitude-longitude intervals of 0.01° in the
horizontal and a total of 21 layers in the vertical (with separations varying from 0.5
km near the ground to 2 km at the 19-km level).
Data from one local radar – Tai Mo Shan (TMS) weather radar was used in this
study. TMS covers an effective range of about 256 km as shown in Fig. 1(c). The
same radar data is routinely exchanged with GMB for generation of the SWAN
mosaic and constitutes the main input to SWIRLS. Traditionally, SWIRLS makes
use of the 2-km reflectivity CAPPI (Constant Altitude Plan Position Indicator) for
QPE/QPF purpose [2]. However, in order to maximize the usefulness of the results
from this study, e.g. applying the forecast reflectivity field to significant convection
nowcasting which happens to use 3 km as a reference altitude [8], 3-km reflectivity
CAPPI was used instead for preparing QPE. Each reflectivity CAPPI data array has
480×480 points at a resolution of about 1.067 km.

3. Multi-Sensing QPE
3.1 Satellite-Derived Reflectivity
The data from radar and those from satellite actually refer to different physical
quantities being measured. Radar measures reflectivity factor (in unit of dBZ) while
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satellite records visible channel reflectance and infrared radiance or brightness
temperature from cloud top or earth surface. The means to transform satellite data to
rainfall information has been a hot research topic and some researchers found that
rainfall has a better correlation with reflectance than brightness temperature [9],[10].
In addition to the IR-based input parameters used by Cheung et al. [6], 10 additional
parameters calculated from the visible channel reflectance were added as inputs to the
MLPANN developed in the present study. In order to remove the effect of sunlight
incident angle, normalization was first done by dividing the reflectance by the cosine
of solar zenith angle. The 10 parameters include the value of normalized reflectance
at the point of analysis and 9 parameters calculated from the normalized reflectance in
its neighbourhood. More details about the methodology can be found in [6].
Essentially, these parameters provide information on the texture of clouds for better
discriminating convective cells from rain-free clouds [11]. A total number of 978
daytime (00–08 UTC) visible images in 2010 were used for training the neural
network against local radar reflectivity. The effect of including visible reflectance is
illustrated in Fig. 2. Comparing with the original algorithm (Fig. 2(a) refers), the
reflectivity produced by the new algorithm is generally more intense as shown in Fig.
2(b) with convective rainbands better resolved.
The original horizontal resolution of satellite IR data is 4 km while that of TMS
radar and SWAN radar mosaic are about 1 km. Spatial downscaling technique is
used to downscale the MTSAT IR images from 4 to 1 km pixels in order to match
with the radar images. Perica and Foufoula-Georgiou [12],[13] found that
standardized rainfall fluctuations (or rainfall field gradients) show scale invariance
over the mesoscale and can be described by simple-scaling Gaussian distributions and
developed a downscaling model using convective available potential energy (CAPE)
and Haar wavelet transform. Rahman et al. [14] further improved the downscaling
model by eliminating the dependency on CAPE. The latter improved model was
adopted for this study.
To take the full advantage of radar data in the multi-sensing QPE system, the
desirable update cycle time is still 6 minutes. To get around the limitation imposed
by satellite data, which are updating at hourly intervals, time extrapolation is applied
to the satellite data in steps of 6 minutes up to 54 minutes based on satellite-motion
field and the semi-Lagrangian advection algorithm in SWIRLS. Section 4 below
explains the satellite tracking method in more details. With these “morphed” images
filling in the observation gaps, blending between satellite-derived and radar
reflectivity becomes possible at 6-minute intervals.
As shown in Fig. 2, reflectivity image directly output from the MLPANN is
typically rather noisy in the weak-echo regimes. This artefact is resulted from
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non-precipitating cold cloud tops detected by the IR channels. To clean up such
excessive weak echoes from a post-processing perspective, we seek a filter suitable
for the satellite-derived reflectivity. Goudenhoofdt et al. [15] showed that the mean
reflectivity (in dBZ unit) of convective storms follows a normal distribution. Based
on this, a Gaussian filter is constructed as follows:

g ( z )  exp  ( z   ) 2 /  2 

(2)

where z is in dBZ unit. The parameter μ and σ represent the mean and standard
deviation of the reflectivity distribution. When multiplied to the direct-output from
the MLPANN, reflectivity values close to the mean will be retained while those
deviated from the mean will be reduced. For this purpose, the reflectivity
distribution of convective rainfall was studied using a total number of 86,931 local
radar scans in 2010. Setting 35 dBZ as a threshold for convective storms, the
parameters μ and σ were estimated to be 40.2 and 4.1 dBZ respectively.
3.2 Blending of Multi-sensing QPEs
To facilitate longer range time integration, the biggest domain of satellite data is
chosen for blending. To ensure the highest quality possible, a priority approach is
adopted at locations where multiple sources of reflectivity are available. As a simple
rule, the reflectivity from TMS radar, SWAN radar mosaic, and satellite is selected in
that order of priority. In case of missing data in one prioritized data source, the data
will be substituted by the next prioritized source. A sample image of blended
reflectivity is shown in Fig. 3. After blending, the multi-sensing reflectivity field is
converted to rainfall rate using the local climatological Z-R relation, Z  118 R1.52 ,
which is derived based on rainfall data from a total of 90 rainy days in 2009 in Hong
Kong.

4. New QPF Scheme for Multi-Sensing QPE
The QPF scheme for multi-sensing QPE is developed based on the latest trial
version of SWIRLS which features an enhanced optical-flow radar-echo tracking
system called ROVER (Real-time Optical flow by Variational methods for Echoes of
Radar) [8]. The current version of ROVER is designed for the 6-minute updating
reflectivity fields of the local radars. To apply ROVER tracking to the blended
reflectivity field, the following enhancements were made. SWIRLS works on the
radar data domain with a size of 480×480 data points. To benefit from the satellite
data, the nowcast domain size has been expanded to 960×960 points while keeping
the same spatial resolution. The multi-sensing QPE field with a native size of
1804×1728 pixels is cropped to the expanded nowcast domain for QPF purpose.
The geographical coverage of the expanded nowcast domain is shown in Fig. 3.
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In a big domain as such, the small and large scale motions of rainbands become
apparently different and need to be treated explicitly. The small scale motion is
determined using the TMS radar data with the motion vectors outside the radar
coverage also estimated by ROVER through the application of smoothness constraints
in the algorithm. The SWAN mosaic with enlarged coverage is not used because the
number of radars available for the mosaic could be fluctuating from one cycle to
another, resulting in the erroneous determination of the motion vector field.
For the estimation of large scale motion, satellite images at 60-minute intervals
are input to ROVER to retrieve motion vectors covering the entire expanded nowcast
domain. The two motion fields are then blended together by the following simple
algorithm. At each grid point, the vector mean of the vectors from the two motion
fields is calculated and taken to be the motion direction. The speed of motion is
obtained by taking the maximum speed of the two motion vectors. Fig. 4 illustrates
this motion blending scheme using a squall line case on 5 April 2012. The squall
line developed over inland Guangdong to the northwest of Hong Kong and traversed
mainly towards the east with a significant southeasterward component over time.
Fig. 4(a) shows the motion field based on local radar images only. The vectors
clearly depict the eastward movement of the squall line in the short time scale. The
motion field shown in Fig. 4(b) is tracked using satellite images. The southeastward
shift of the squall line in longer time scale is clearly visible from the satellite motion
field. Fig. 4(c) shows the resultant blended motion field which captures motion in
both scales.
With the multi-sensing QPE and blended motion field, QPF is produced over the
expanded nowcast domain using the semi-Lagrangian advection scheme of SWIRLS
(reference [2], [3] and [16] refer). The QPF product module is enhanced with an
almost quadrupled coverage of 480 km x 480 km [sample in Fig. 5(e), in comparison
with the original coverage of 256 km x 256 km as in Fig. 5(d)] and an extended
forecast range up to 9 hours ahead.

5. Nowcast Experiments
5.1 Squall Line on 5 April 2012
Fig. 5(a) shows the multi-sensing reflectivity field valid at 03:30 UTC on 5 April
2012. In this case, the major contributors of rainfall information were SWAN
mosaic and TMS radar. There were not much convective clouds outside the radar
coverage and satellite imageries (not shown) did not offer additional rainfall
information in this case. The squall line moved mainly from northwest to southeast
across the coastal areas. Fig. 5(b) shows the effective coverage of TMS radar.
Because of the limited coverage, the TMS radar was not able to capture the western
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tail of the squall line as highlighted with a red box in Fig. 5(a). Fig. 5(c) shows a
reflectivity image 6 hours later at 09:30 UTC. By that time, the western tail of the
squall line has entered the 100-km circle of Hong Kong. Fig. 5(d) shows the 6-hour
forecast reflectivity product valid at 09:30 UTC based on the TMS radar scan at
03:30 UTC (Fig. 5(b) refers). No rainfall was expected over Hong Kong and its
adjacent waters. This inferior result is due to the limited range of the local radar.
In fact, the western edge of the local radarscope manifested as a line of abrupt
reflectivity cutoff seen to the east of Hong Kong. By contrast, the corresponding
forecast based on the multi-sensing reflectivity field (Fig. 5(a) refers) gives a more
realistic forecast near Hong Kong as shown in Fig. 5(e).
5.2 Severe Typhoon Vicente on 23 July 2012
Fig. 6 shows various actual and forecast reflectivity plots for Severe Typhoon
Vicente on 23 July 2012 with a base time at 03:36 UTC. In this case, Vicente
tracked mainly to the northwest starting at a location to the south-southeast of Hong
Kong. As Vicente approached, its spiral bands continued to affect the coastal areas
during the subsequent hours. When compared with the multi-sensing reflectivity
field in Fig. 6(a), a large part of Vicente, in particular the intense rain echoes in the
southern inner core and the northeastern quadrant of Vicente, was not captured by the
TMS radar [Fig. 6(b)]. This led to an unrealistic representation of the actual rainfall
distribution and resulted in an inferior forecast 6 hours later as shown in Fig. 6(d), in
which no rainfall was predicted in and around Hong Kong [against the actual radar
picture in Fig. 6(c)]. Again, a line of abrupt reflectivity cutoff to the south of Hong
Kong can be seen, arising from the same problem of edge effect as in the case
described in Section 5.1 above. With the contribution from satellite and SWAN
mosaic, the corresponding 6-hour forecast generated from the multi-sensing
reflectivity field [Fig. 6(e)] looked much more realistic when compared to actual radar
observations.

6. Discussion
The two nowcast experiments showed that the multi-sensing approach can
produce qualitatively more realistic reflectivity forecast results. To quantify the
usefulness of the resulting QPF, we pooled a total of 94 rainfall nowcasts (during the
periods 00-23 UTC on 5 April 2012 and 00-23 UTC on 23 July 2012 at 30-minute
intervals) and verified them against the hourly accumulated rainfall amount recorded
by the raingauge stations in Hong Kong. As shown in Fig. 7, the skill (in terms of
critical success index or CSI in short) of the multi-sensing QPF forecast (the red
histograms) becomes significantly higher than its local-radar counterpart (the blue
bars) at the end of 6 hours for all rainfall thresholds up to 10 mm. At shorter lead
times, the advantage of the new QPF appears not obvious. Instead, some
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degradation is noted. While the details have yet to be investigated, one possible
impact factor to consider is the use of blended motion vectors for nowcasting at very
short lead times. If radar-only tracking can provide more accurate motion field in
such time scale, the introduction of large-scale motion component through blending
with satellite-tracked motion field may indeed bring adverse effects to the resultant
QPF. The search for an optimal blending scheme is the subject of another research.
It should also be remarked that only local raingauge data were used in the
verification and the verification domain, namely, the territory of Hong Kong, occupies
a very small portion of the full forecast domain. Any valuable information captured
by the SWAN mosaic or satellite would take time to reach the verification domain
through the semi-Lagrangian advection algorithm.
To better quantify the merits (or demerits) of multi-sensing QPE/QPF, a more
in-depth verification exercise over a larger geographical area with more cases
covering lead times beyond 6 hours is deemed necessary. There are also other
possible areas for further improvement. For example, additional satellite data, e.g.
microwave channels when available, can be utilized to better discriminate the
convective clouds from the stratiform clouds. To improve the estimate of the
satellite-derived reflectivity, its distribution may be better calibrated against actual
radar reflectivity values by, say probability matching method. The parameters in the
Gaussian filter will also require fine-tuning for better filtering of the non-precipitating
echoes. To further enhance the rainfall estimates, raingauge data may be included
directly in the multi-sensing QPE as suggested in [5].

7. Concluding Remarks
A new QPF scheme based on the multi-sensing QPE, which blends local radar,
SWAN radar mosaic and MTSAT satellite data, was developed for rainfall nowcasting.
It is based on SWIRLS with major improvement on the spatial coverage and forecast
range of the QPF product. Two nowcast experiments were conducted which
demonstrated that QPF skill can be improved at the lead time of 6 hours. Timely
processing of multiple sources of remote-sensing data and the subsequent time
integration over a much expanded domain pose challenges to the operational
deployment of the new techniques. When such technical issues have been
adequately addressed, the multi-sensing QPE/QPF algorithms put forward in this
study may be put into real-time testing.
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(a)

(b)

(c)

Fig. 1 Spatial coverage of (a) MTSAT data; (b) SWAN radar mosaic; and (c) TMS radar.
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(a)

(b)

Fig. 2 Reflectivity fields derived from: (a) satellite infrared channels only; and (b) satellite
infrared and visible channels. Refer to Fig. 8 for the colour scale of reflectivity.

13

Fig. 3 Example of multi-sensing blended QPE product valid at 12:30 UTC on 23 Jul 2012.
Refer to Fig. 8 for the colour scale of reflectivity.
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(a)

(b)

(c)

Fig. 4 Motion fields derived based on (a) local radar reflectivity only; (b) satellite-derived
reflectivity only; and (c) blended motion field from (a) and (b). Refer to Fig. 8 for the
colour scale of reflectivity.
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(a)

(c)

Fig. 5

(b)

(d)

(e)

Squall line on 5 April 2012: (a) multi-sensing blended QPE at 03:30 UTC, with the western
tail of squall line not captured by the TMS radar highlighted with a red box; (b) the TMS
radar image at 03:30 UTC; (c) the TMS radar image at 09:30 UTC; (d) 6-hour forecast
based on the TMS radar data in (b); and (e) 6-hour forecast based on blended data in (a).
Refer to Fig. 8 for the colour scale of reflectivity.
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(a)

(c)

Fig. 6

(b)

(e)

(d)

Severe Typhoon Vicente on 23 July 2012: (a) multi-sensing blended QPE at 03:36 UTC;
(b) the TMS radar image at 03:36 UTC; (c) the TMS radar image at 09:36 UTC; (d) 6-hour
forecast based on the TMS radar data in (c); and (e) 6-hour forecast based on multi-sensing
blended QPE. Refer to Fig. 8 for the colour scale of reflectivity.
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(a)

(d)

(b)

(e)

(c)

(f)

Fig. 7 Skill scores (CSI) of multi-sensing blended QPF (red) and radar-only QPF (blue) for the
two cases (5 April 2012 and 23 July 2012) in Section 5 at different lead times: (a) 1 hour;
(b) 2 hours; (c) 3 hours; (d) 4 hours; (e) 5 hours; and (f) 6 hours.
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Fig. 8 Colour scale of reflectivity images.
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