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A Novel Neural Based Rainfall Nowcasting System 
in Hong Kong 

Tommy W.S. Chow and S.Y. Cho 

Department of Electronic Engineering 
City University of Hong Kong 

83 Tat Chee Avenue 
Kowloon, Hong Kong 

e-mail: eechow@cityu.edu.hk 

Abstract 

This paper describes the development of a new approach of rainfall 
nowcasting (very short term forecasting) by using a neural network. This 
approach consisted of extracting the information from radar images and 
evaluating past rain gauge records to provide short term rainfall forecasting. 
All meteorology data were provided by the Royal Observatory of Hong Kong 
(ROHK). Pre-processing procedures were essential for this neural network 
rainfall nowcasting. The forecast of rainfall every half an hour is such that a 
storm warning signal can be delivered to the public in advance. The network 
architecture was based on a recurrent Sigma-Pi network. The results are very 
promising and this neural based rainfall nowcasting system was capable of 
providing a reliable rain storm warning signal to the Hong Kong public in 
advance. 

Keywords 

Rainfall Nowcasting, Recurrent Sigma-Pi Network, Rain Storm Colour Code 
Warning Signal, Logarithm scale weighting factor, Terrain characteristics, 
geographical cells 
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1. Introduction 

Hong Kong is situated on the southeast coast of China and consists of a 
group of islands and a peninsula bordering with the Guantung Province of 
China. The territory covers a total area of about 2,700 square kilometers. It 
is within the sub-tropical region and is influenced by the monsoon climate 
dominated by the Asia landmass. Consequently, in each year, during the 
Spring to Summer climatic transition period, Hong Kong often suffers heavy 
rain storms. One such rain storm on 8 May 1992 caused intolerable chaos in 
the Hong Kong city and resulted in Hong Kong's highest rainfall record of 
110 mm in one hour. Since then, a heavy rain storm warning signal was 
introduced by the Royal Observatory of Hong Kong (ROHK) to inform the 
public about the intensity of rain storms. This warning signal is the "Green-
Amber-Red-Black" colour code. The "Green" and "Amber" status are not 
generally advertised to the public and imply that only a small amount of rain 
has started to fall. Only "Red" and "Black" statuses are generally advertised 
directly to the public and these are triggered only by the actual rainfall 
record. Table 1 shows the different colour code warning signals 
corresponding to different amounts of rainfall. The "Red" status is triggered 
when over 50 mm of rainfall have been recorded during a one-hour period. 
The "Black" status is triggered when 100 mm or more of rainfall has been 
recorded during the past one-hour period. Since the warning signal was 
introduced the public have felt better informed. However, these warning 
signals do not provide an early warning to the public - they are simply a 
confirmation of the current state of weather conditions. The general feeling 
is that it would be valuable if the ROHK could issue a warning at least half 
an hour ahead so that the amount of casualties and property damage can be 
minimized. The objective of this work is to develop a neural network based 
rainfall forecasting support tool which is capable of providing the public 
with a reliable rain storm warning signal in advance. This forecasting 
should depend to the minimum extent possible upon the subjective judgment 
and experience of forecasters. 

Analytical weather forecasting is based on solving an extremely complex 
dynamical mathematical model (Collier et al, 1989; Gouging et al„ 1987; 
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Table 1 
Rain storm warning signal classification from the rainfall amount 

Rainfall amount per hour (in mm) Rain Storm colour code warning signal 

1 - 2 0 mm Green 

2 1 - 4 9 mm Amber 

50 - 1 0 0 mm Red 

over 100 mm Black 

Rodriguez and Eagleson, 1987). Solving this type of model demands sub-
stantial computing power, very detailed atmospheric measurement and 
accurate updating of various boundary values conditions. Hence, very few 
weather forecasting centers use this type of analytical approach to perform 
their daily forecasting. In addition, this type of weather forecasting is 
generally more appropriate for long term (over 24 hours) forecasting over a 
large area of several thousand kilometers, namely synoptic scale. As Hong 
Kong is a small city of only 2700 square kilometers, synoptic scale accuracy 
is unable to provide very reliable short term rainfall forecasting in Hong 
Kong. The current long term (over 24 hours) rainfall forecasting provided by 
the ROHK is well established (Yeung and Chang, 1989), and the public are 
also satisfied with the quality of the forecast under normal conditions. 
Rainfall forecasting in Hong Kong is mainly based on a 10 cm wavelength 
weather radar and satellite pictures together with other supplementary 
factors like the geographical situation, rain gauge past records, cloud 
pattern, and wind trough. These data are interpreted by forecasters in 
accordance with their past experience. Hitherto, rainfall forecasting has not 
been required to provide an accurate rainfall forecasting in terms of the 
actual amount of rainfall, especially in bad weather conditions. 

Neural networks have recently become very popular for applications to 
different problems, for example, control and system identification (Narendra 
and Parthasarathy, 1990), pattern recognition (Fukushima, 1988) and time-
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series forecasting (Farmer and Sidorowich, 1988). Actually, the neural 
network does not require any prior knowledge of a solution and "learns" 
what it needs to know about particular problems. Backpropagation networks 
are easy to implement but still have many problems, such as getting struck 
in the local minima (Gori & Tesi, 1992), poor generalization, slow conver-
gence rate and the optimization of the network size (Lawrence et al., 1996), 
especially for complicated applications. Higher-order neural networks have 
been proposed, for example, sigma-pi networks (Chow & Gou, 1994; Lenze, 
1994). It is known that the performance of this kind of network can usually 
be enhanced by increasing the training information due to the introduction 
of the higher-order terms (Li & Chow, 1996). This justification was 
provided by Cover's theorem on the separability of patterns (Cover, 1965), 
which stated that a complex pattern-classification problem cast in high-
dimensional space nonlinearly is more likely to be linearly separable than in 
a low-dimensional space. As a result, the poor generalization of the back-
propagation networks should be improved by the higher-order terms. In the 
past decade, much research has been focused on recurrent neural networks 
because of their capability of exhibiting dynamic behavior. Different struc-
tures of recurrent networks can be obtained from a feedforward network by 
permitting recurrent links of each neuron to be connected in different 
fashions. As a result, the states of the past events can be memorized in the 
network. Clearly, recurrent networks are more capable of describing dyna-
mic characteristics than conventional feedforward networks. Theoretically, 
the size of the input space could be as small as one for time series related 
problems and hence the choice of the network size is reasonable. 

Recently, McCann developed a neural network based technique to 
process the lift index (LI) and the moisture index (MI) for rainfall prediction 
(McCann, 1992). His approach could support and advise meteorology 
centers to enhance pattern recognition skill for rainfall forecasting. The 
preliminary results showed some success. However, McCann's approach was 
aimed at long term forecasting over a synoptic scale accuracy, and was not 
up to mesoscale (over a few hundred kilometer) accuracy level for the very 
short term (over a few hours) forecasting required for Hong Kong. 
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In this paper, we describe the development of a neural network approach 
for rainfall nowcasting (very short term forecasting). The input parameters 
of the network were radar echoes and normalized rain gauge data. Because 
of the geographical situation of Hong Kong, the development of an input 
parameter pre-processing method was required, such as rain gauge distri-
bution partitioning, radar image data pre-processing and interpolation 
routines for input parameters. The neural network architecture is based on a 
recurrent Sigma-Pi network (Chow & Gou, 1994). The general derivation of 
the learning algorithm of the recurrent Sigma-Pi network is also included in 
this paper. 

This paper is organized as follows: Section 2 presents the data pre-
processing technique for rainfall nowcasting. Section 3 discusses the archi-
tecture of the Recurrent Sigma-Pi neural network and its learning algorithm. 
Section 4 presents and discusses the results for validation of the rainfall 
nowcasting, and Section 5 contains the conclusion of this paper. 

2. Pre-Processing of Input Data 

The input parameters of the network consisted of radar echo intensities 
and rain gauge measurements in order to provide a rainfall nowcasting. We 
processed these parameters independently and quantified them to form the 
input vector to the network. The radar echoes directly reflected the density of 
the water droplets around the 190,000 square km region in the atmosphere. 
Therefore, the signal strength of the radar echoes and its corresponding 
coverage, which affected Hong Kong most significantly, were required for 
analysis. We measured the actual surface rainfall through the rain gauges on 
the ground. There are currently 87 rain gauges distributed over the Hong 
Kong region. They are located in some public housing estates, schools and 
government department buildings. These rain gauge measurements were 
automatically stored at a rate of once per hour. These parameters provided a 
feedback signal in correlating and predicting the movement of the rain 
storm cells at the input vector and output vector. 
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2.1. Radar Image Pre-Processing 

In general, weather radar detects rain in the atmosphere and determines 
the amount and distance from the time delay and signal strength of the 
microwave echoes. In Hong Kong, a computer-based radar system has been 
implemented at the ROHK since 1983. It employs digital video signal pro-
cessing and all radar data are stored on magnetic tapes and diskettes. The 
radar image pictures are stored as a bitmap of 256x256 (=65536) pixels in 
16 colors. The methodology of digitizing and converting the radar echoes 
into rainfall rates is described by Lam (1984). Figure 1 shows an example of 
the radar image picture around Hong Kong which covers about 190,000 
square kilometers. The whole radar image frame is too large for the process-
ing of rainfall nowcasting in Hong Kong. Treatments on these radar images 
are then required before they can be applied to the neural nowcasting 
system. There are no strict rules on how to divide the radar image into 
blocks. However, it is understood that the intensity of the radar echoes near 
Hong Kong would have a larger effect than those farther from Hong Kong. 
Obviously, there is a greater probability of rainfall if the radar pictures show 
a relatively large amount of water droplets near Hong Kong. Therefore, the 
approach is to assign the radar image with a greater density of blocks in the 
immediate vicinity of Hong Kong, with less dense blocks further away from 
Hong Kong. Following the above strategy, only a small fraction of the radar 
image is used for constructing the 28 blocks to represent one radar image 
frame. The radar bitmap data inside these 28 blocked data may then be 
transformed and normalized by linear mapping and averaged to become 28 
blocked data for the input vector directly. 

In addition, we introduce a logarithm scale weighting factor in the pre-
processing of different image blocks. The weighting factor adjusts the 
influence of the blocked radar image data according to its significance to 
Hong Kong. The less significant components are defined as the image 
blocks far away from Hong Kong. Hence the values of the data tend to be 
distributed on a log scale. This type of pre-processing is capable of reducing 
the correlation of the input variables (Chow & Leung, 1996). Figure 2 mani-
fests the percentage reduction in a correlation coefficient matrix of blocked 
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% in reduction 

5 10 15 2 0 2 5 
Fig. 2: The gray map demonstrates the percentage in correlation 

coefficient of 28 radar image blocks after introduction of the 
logarithm scale weighting factor. It shows 50% reduction in 
correlation coefficient of the blocked radar image variable. 

radar image variables. This piecewise linear pre-processing enables at most 
50% of reduction in correlation coefficient, corroborating the theorem of 
Chow & Leung (1995). As a result, it makes the input variables more 
"orthogonal", and hence the learning error and testing error of the network 
can be reduced to provide good generalization. 

2.2. Rain Gauge Data Pre-Processing 

The rain gauge measurements were used to measure the amount of 
rainfall by ROHK. Figure 3 shows the distribution of different rain gauges 
superimposed on a Hong Kong map which are located mostly in urban areas. 
Although Hong Kong is a small city of 2,700 square kilometers only, the 
rainfall distribution is quite uneven. The northern part of Hong Kong island 
has always experienced a different level of rain from the southern part of the 
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Fig. 3: Layout of Hong Kong and rain gauge distribution. The different 
kinds of symbols represent the corresponding rain gauge at the 
different locations. 

island, especially in heavy rainfall conditions. One of the major reasons for 
this uneven rainfall distribution is Hong Kong's terrain. The southern and 
northern parts of Hong Kong Island are separated by mountains. In order to 
establish an appropriate neural model to deliver a reliable rainfall now-
casting, the whole of Hong Kong is unevenly divided into a number of 
geographical cells. The criteria for dividing these geographical cells are 
simply based on the terrain characteristics and the distribution of population 
and rain gauges. In this study, we assigned three different schemes for 
dividing the geographical cells and their output performances are compared. 
The rain gauge values are averaged and normalized by linear mapping in 
each cell for the neural network training. The comparative results will be 
shown in Section 4. 
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Scheme 1 

Two geographical cells were assigned such that one covers the urban 
area and the other covers the countryside. The rationale of this scheme is 
that heavy rainfall usually causes more concern in the urban area than in the 
countryside. Therefore, cell A is assigned to have coverage over Kowloon 
and Hong Kong Island (urban area), while cell Β covers the New Territories 
(countryside). In the present study, the rainfall nowcasting at cell A is 
investigated. 

Scheme 2 

Similar to Scheme 1, but the area is divided into three geographical cells, 
two of them assigned to cover the urban area, with one assigned to cover the 
countryside. Cells A and Β represent Hong Kong Island and Kowloon 
respectively, separated by Victoria harbour, while cell C covers the New 
Territories. In this case, only cells A and Β are studied. 

Scheme 3 

This scheme is aimed at minimizing the forecasting error caused by the 
terrain effect. The area is further divided into small geographical cells of 
areas between 50 to 100 square kilometers, assigned according to Hong 
Kong's terrain situation. For instance, the southern and northern parts of 
Hong Kong Island were divided into two cells because they are separated by 
mountains. Consequently, 10 geographical cells were found to be sufficient 
to represent the whole of Hong Kong, because the major part of the urban 
area is covered by three cells, namely cell A, covering the south of Kowloon 
and north of Hong Kong Island, cell B, covering the south of Hong Kong 
Island, and cell C, covering the central New Territories. In this paper, the 
results of these three geographical cells are presented. 

Interpolation for rain gauge data is necessary in that the rain gauge data 
are available every hour, while the radar image was stored every 30 minutes. 
They must be interpolated into a rate of one set of data per 30 minutes to 
match the time frame of the radar image. We use linear interpolation 
(Jeffrey, 1969) in this study to deal with arbitrarily spaced nodes because the 
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rain gauge data may often missing for one or two time slots, especially in 
bad weather conditions. 

3. Network Architecture and Learning Algorithm 

3.1. Recurrent Sigma-Pi Network Architecture 

A recurrent Sigma-Pi neural network is implemented because its strong 
dynamic characteristics significantly enhance performance for this kind of 
meteorological time series application. The recurrent Sigma-Pi topology 
enables the network function representation ability to be increased and hence 
the initial representations of the input patterns, which are based on the high-
order terms generated by the Sigma-Pi's input nodes, are improved. As a 
result, the major merit of this topology for the rainfall nowcasting is that the 
function approximation capability is excellent and can be applied to approxi-
mate the meteorological time series model even if only limited input data is 
provided. Figure 4 shows the architecture of the recurrent Sigma-Pi neural 
network applied in the rainfall nowcasting. At the input layer, the input 
nodes consist of 28 blocked radar image data and normalized rain gauge 

Fig. 4: The architecture of recurrent sigma-pi neural network for rainfall 
nowcasting. 
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data of the corresponding geographical cells under the different schemes of 
division. For Scheme 1, the number of inputs is 29, for Scheme 2 it is 30 
and for Scheme 3 it is 31. At the output layer, output nodes represent the 
normalized rain gauge value in the corresponding geographical cells at the 
next half-hour. The number of multiplication conjunctions between the input 
and hidden layer is the same as the input nodes. The number of neurons in 
the hidden layer is chosen as 21 under the different schemes. All the 
neurons in the hidden layer and the output layer are provided with a self-
feedback loop which provides the dynamic characteristics for the recurrent 
neural network. According to the network architecture, assuming Ρ, Μ and 
Ν are the number of output, hidden and input nodes respectively, the general 
form of the recurrent Sigma-Pi network is: 

At the output layer, 

Μ 

ok=a{ak}, 1 <k<P, (2) 

where z"1 is a unit delay operator; ok and o, represent the output of each 
neuron at the output layer and the hidden layer respectively; w^.wf and 

wf represent the weights of synapses, self-feedback and bias at the output 
l-e~x 

layer respectively. σ{Χ} denotes an activation function of the form, 

At the hidden layer, 

Ν 
aj=TKoP+wJz~]oj+wj, 

Ρ 

ο]=σ{αί), 

where 

°Ρ = 
ο,-,ο,, 

Ρ = 1 
\<ρ<Ν· 

ρ = Ν 

1 <j<M, 

for / = p . 

1+e* 

(3) 

(4) 
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Oj, op and ot are the output of each neuron at the hidden layer, the 
multiplication conjunctions and the input layer respectively. and 

wf represent the weights of synapses, self-feedback and bias at the hidden 

layer. σ{χ} is an activation function which has a similar form to that 

specified above. 

3.2. Dynamic Learning Algorithm 

The derivation of the dynamic learning algorithm for the recurrent 

Sigma-Pi network is based on the dynamic backpropagation algorithm 

(Pearlmutter, 1995). The general form of the gradient equations are shown 

as follows: 

At the output layer, 

S E - Λ 
eUv 

c ^ 

Ρ ζ cok 

\ owii / 

(5) 

cE „ ί F CO, Λ 

J 
(6) 

8 E A 
f -ι - "N r. Ζ CO, 

V 
Β (7) 

/ 

if we define 4 as 4 = (4 - where tk is the desired value of the 

training data and σ\·) denotes the first derivative of the action function, 

is the output gradient with respect to the corresponding weights at the dok 

dw 

output layer. 

At the hidden layer, 

(8) 

(9) 
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to*-3'-

z-'cb, 

κ 1 j 
(10) 

p do 
if we define 4 as 4 = σ ' { α / } ' Σ ® * w*>> where is the output gradient 

with respect to the corresponding weights at the hidden layer. 
Thus the general weights updating equations are defined as: 

Aw(n +1) = + aAw(n), 

w(n +1) = w(n) + Δw(n +1), 

(11) 

(12) 

where η and a are the learning rate and momentum factor respectively. 

4. Results and Discussion 

The input vector was composed of 28 blocks of radar image data and the 
normalized rain gauge values in the corresponding geographical cells. The 
output nodes represented the forecast of the averaged rain gauge value in the 
different cells. Weights were initialized randomly between -0.5 to 0.5. The 
learning rate and the momentum factor were selected as 0.1 and 0.01 
respectively. The learning procedure was performed on a SUN Sparc Classic 
platform. In the training phase, one week of continuous raining record was 
combined with the radar information to produce a set of training data. The 
training data were recorded at every half an hour and hence the training 
vector size was 336. The stopping criterion was set to 10,000 training itera-
tions performed on the different schemes, described in Section 2, to investi-
gate and compare the performance of the different methods of dividing 
geographical cells. In the testing phase, the rainfall nowcasting was 
performed on three different occasions, 8 May 1992, 13 May 1992 and 17 
May 1992, to list the results of the best division schemes. 
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4.1. Investigation of Different Geographical Cell Division Schemes 

Three different schemes were trained with the same set of records and 

tested on the record of 8 May 1992. In Figure 5, three histograms show the 

Result under cells division "scheme 1" on 8 May 1992 

Milkll Milkll Milkll 
0:00 1:30 3:00 4:30 6:00 7:30 14:00 15:30 17:00 

Time 

• actual 

Β predicted 

Result under cells division "scheme 2" on 8 May 1992 

1 
i l l 11 

0:00 1:30 3:00 4:30 6:00 7:30 14:00 15:30 17:00 

Time 

• actual 

• predicted 

Result under cells division "scheme 3" on 8 May 1992 

1 
Λ 

1 1 1 1 ) Ί I ι 1 1 · I I -f—f—i t Ί ' -Ι-.Ί-Γ < 1 1 1 1 
0:00 1:30 3:00 4:30 6:00 7:30 14:00 15:30 17:00 

Time 

• actual 

Β predicted 

Fig. 5: Testing results on 8 May, 1992. Three histograms show the fore-

cast results under the different geographical cells division scheme 

and Scheme 3 shows the best results. 
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forecast results for different geographical cell division schemes to compare 
their performance in neural computation. From the actual amount of rainfall 
on 8 May, the "Black" colour status should have been issued at or before 
15:00. According to these results, poor forecasting was shown in Scheme 1 
in that the result could not have predicted the rainfall level to be over 100 
mm in any one hour. Hence the "Black" colour status was not issued. From 
the method of Scheme 2, the result was able to provide the forecasters with 
an indication to issue the "Black" colour status. However, the status issuing 
time might be too late because the forecast result showed the rainfall level to 
be over 100 mm between 17:00 to 18:00, whereas the actual rainfall had 
started at 15:00. The poor forecasting results of these two schemes is due to 
these methods still being affected by the terrain layout of Hong Kong. 
Therefore Scheme 3 would be the best one, since the amount of rainfall was 
predicted to be over 100 mm within one hour between 14:00 to 15:00. As a 
result, the ROHK would have issued the "Black" colour status warning 
signal before 15:00. In accordance with the above comparative results, the 
method of Scheme 3 would be selected to use on our neural based rainfall 
nowcasting for validation on different occasions. 

4.2. Results on Different Occasions 

The result of rainfall nowcasting on different occasions is listed in Table 
2. The network computation was based on Scheme 3 for dividing geographi-
cal cells, which was shown to be the best during the previous investigation. 
The results showed the different colour status generated at each hour 
depending on the weather in the cases of 8 May, 13 May and 17 May. 

i) 8 May 1992: In the actual rainfall record, it was indicated that the rain 
began at 6:00 and became heavy at about 15:00. We also noticed that a 
different rainfall level was recorded in cell C compared to the other two 
geographical cells. This effect was mainly due to the terrain, together 
with the wind convergence in different areas. In the network ouiputs, the 
amount of rainfall was predicted to be over 100 mm within hour from 
14:00 to 15:00, which implied that a "Black" colour rain storm warning 
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signal should be issued before 15:00 by the ROHK. This forecast as 
compared to the actual rainfall record was reliable and promising. 

ii) 13 May 1992: Because the network was mainly trained under different 
types of rainfall conditions, a test was essential to ensure that the 
network was capable of providing an accurate forecast in a no-rain 
scenario. On 13 May, no rain was recorded. In this test, the network 
output predicted an absolutely no-rain condition for the three different 
geographical cells. This result strongly corroborated that the developed 
system was capable of coping with varying weather situations. 

iii) 17 May 1993: The forecast result indicated a small amount of rain for 
the whole day ("Green" colour code status). According to the network 
output, the amount of maximum rainfall in these two geographical cells 
was predicted to be below 20 mm between 16:00 to 17:00. A lower 
amount of rainfall was predicted and recorded in cell A. 

Table 2 
Results for Scheme 3 on different occasions. 

occasion 8 Mav 1992 13 Mav 1992 17 May 1992 
geographical cell cell A cell Β cell C cell A cell Β cell C cell A cell Β cell C 

Time 1Ü f 111 f a f a f ii f 3 f a f a f a f 
0:00 ist Ν • Ν it Ν •Ü Ν β Ν Ν Ν lit Ν Ν Ν Ν 
1:00 Ν Ν ρ Ν Κ· Ν ιϋ Ν ϋ§ Ν 1H Ν ·Ν· Ν i ! Ν W G 
2:00 Iii Ν Ν Ν 1Ü Ν IÜ Ν 9 Ν Ν Ν Ν Ν IP Ν G G 
3:00 ff Ν • Ν η Ν Ml Ν Ν Ν Ν Ν Ν Iii Ν ϋ Ν 
4:00 Ü ! Ν β Ν Iii Ν Ν Ν • Ν •Ν- Ν Ν Ν hi Ν IÜ. G 
5:00 Iii Ν m Ν β Ν β Ν β Ν ii: Ν α Ν 1Ü Ν G Ν 
6:00 Ν G §11 G • G Ν Ν Ν Ν Ν Ν lit Ν PI G 
7:00 IB G • G β G m Ν ϋ Ν Ν Ν Ν Ν Ν Ιϋ G 
8:00 II! Α c Α Ιϋ Α Ii! Ν Ιϋ Ν Ν Ν Ν Ν Ν Ν G Ν 
9:00 G Α H; Α ϋ R Iii Ν • Ν ' Ν Ν Ν in Ν G G 
10:00 m G m G Ο R Ü Ν I® Ν Κ Ν G G m G -6 G 
11:00 m G m G G G • Ν "Ν Ν Ν Ν G G m G m G 
12:00 m G G G δ" G • Ν Ν Ν w Ν G G G G α G 
13:00 m G m G Μ G ÜI Ν ΐίΐ Ν Ν- Ν G G m i G G G 
14:00 III G G G u Α •1 Ν ii Ν Κ Ν α G JÜ G 6 G 
15:00 Β Β Β Β Α Α M Ν 1Ü Ν m Ν G G m G m G 
16:00 δ Β III Β Ιϋ Α Iii Ν m Ν Ü 1 Ν G G 111 G Hi G 
17:00 lit Β Iii Β iii G lit Ν ü Ν m Ν G G m G !Ä G 

Accuracy in % 83.33 83.33 83.33 100 100 100 100 100 72.22 

Status: a - actual ü ; f - forecast • ; 
Ν - no rain; G - Green; A - Amber; R - Red; Β - Black 
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5. Conclusion 

This paper describes the development of a neural network based rainfall 
nowcasting supporting system for Hong Kong. From a weather forecasting 
point of view, the obtained results indicate that the system predictions are 
accurate and reliable although the results were not accurate to a millimeter. 
Prior to computation, the application of pre-processing procedures to the raw 
meteorological data obtained from Hong Kong's weather radar and 87 rain 
gauges was essential. A recurrent Sigma-Pi neural network was selected as 
the network architecture which provides strong dynamical properties for the 
modeling of this type of complicated time series. The overall forecasting has 
up to 90% accuracy. The results indicate that our developed neural based 
nowcasting system is capable of providing a reliable rainfall nowcasting in 
Hong Kong. The most important implication is that the system would enable 
the ROHK to issue a reliable rain storm warning signal to the Hong Kong 
public one hour ahead of time. The system also facilitates the complex fore-
casting procedure by analysing the atmospheric conditions. 
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