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This paper describes an investigation into the use of Genetic Algorithms (GAs) to modify Artificial Neural Network 
(ANN) architectures and parameters for the estimation of rainfall and temperature profiles. Artificial Neural Networks 
are becoming important tools in a wide variety of meteorological applications, however the success of the networks is 
hampered in many cases by the large number of potential input variables available, as well as the selection of the 
network's parameters and architecture. Genetic Algorithms were used in this study to automate the process of 
reducing the input vector size, selecting the network 's parameters including momentum, learning rate, epoch size and 
initial weights, as well as evolving the network's architecture. This technique was conducted in three stages. The first 
stage investigated the trade-off between reduced input vector size and peiformance. The second stage used these 
results to evolve numerous sets of input vectors to produce high peiforming neural networks with reduced input vectors. 
The third stage combined the input vector reduction technique used in the second stage, with an evolution of the 
parameters and architecture of the neural network. The results demonstrated that a significant decrease in vector size 
was achieved while maintaining the peiformance of the networks. 

Figure 1. GMS Satellite IR image. 

This article represents an extension of the work presented in ICONIP'97 Proceedings. 
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1 Introduction 

There are many meteorological applications which 
require accurate estimates of rainfall on a variety of 
temporal and spatial scales. These include climate 
monitoring, drought detection, severe weather and flash 
flood warnings, river monitoring and control as well as 
use in numerical weather prediction (NWP) model 
initialisation and verification. Also agricultural activities 
including crop growth and production are extremely 
reliant on rainfall amounts [2][9]. Forecasters at the 
Australian Bureau of Meteorology currently use a number 
of methods to assist them in making an estimation of the 
rainfall. Gauges and radar estimates are the most 
important and conventional while satellites are used in 
areas with little or no coverage by conventional means. 
Due to the strong correlation between the frequency of 
cold cloud-top temperatures and rainfall rates observed at 
the surface, several satellite rainfall algorithms have been 
developed which employ infrared brightness temperatures 
measured from the Geostationary Meteorological 
Satellite (GMS) [9]. 

Brightness temperatures from the earth and atmosphere 
are measured using the TIROS Operational Vertical 
Sounder (TOYS) instrument. These observed TOYS 
radiances are then used to retrieve temperature and 
moisture profiles. Some conventional methods used for 
this include linearising of the Radiative Transfer Equation 
(RTE), Least Squares Regression and Statistical 
Regularisation. These methods involve matrix algebra 
and are iterative, making them very computationally 
intensive [14]. 

The success of neural networks for meteorological 
applications is very sensitive to the selection of input 
parameters. The potentially important data available for 
the estimation of rainfall and temperature includes 
infrared and visible satellite readings, ground 
measurements, humidity, wind speed and wind direction 
at many different pressure levels in the atmosphere. The 
use of an extremely large input vector would make the 
training of a neural network considerably more difficult. 
Also the computational cost of a large input set would 
cause time delays for an application area which would 
need to run in real time. Numerous methods have been 
used to reduce the size of the input vector to a neural 
network. These include correlations between candidate 
input parameters and the modelled parameter, schematic 
analyses, Accumulated Error Index (AEI) techniques and 
the use of expert advice [4][16]. Some of these methods 
are subjective and do not measure the multivariate 
dependencies present in the system. Genetic algorithms 
have been used to reduce the input vector size of a neural 
network [11][13]. Kupinski, et. al. [13] applied genetic 
algorithms to the field of digital mammography where a 
large number of inputs were available. The GA selected a 
subset of input features which would maximise the 
performance of a ·neural network for the classification of 

legions. The chromosomes in the GA were represented as 
a variable length structure and the GA successfully 
demonstrated a reduction of the input vector down to a 
range of between 10 and 20 inputs. GAs have also been 
used to genetically determine architecture and parameter 
selection. Results demonstrated that networks with 
genetically determined parameters and architectures were 
found to learn faster and with a reduced performance error 
[5][12][17]. 

Genetic algorithms were used in the rainfall and 
temperature estimations study as they are efficient and 
robust search algorithms with the capability to search the 
very large space of input combinations, parameters and 
architectures to produce high performing and efficient 
neural networks [10]. 

2 Neural Networks and Genetic 
Algorithms for Meteorological 
Applications 

Artificial Intelligence techniques are becoming 
increasingly used as tools to assist forecasters in a wide 
variety of meteorological applications. Clarke and Canas 
[7] investigated the suitability of neural networks and 
genetic algorithms for spectral identification. Neural 
networks were trained on the spectral data with seven 
outputs corresponding to the number of spectra to be 
distinguished. The neural networks demonstrated accurate 
predictions, even in the presence of large amounts of 
noise. The GA performed accurately without the presence 
of noise and also provided additional information with 
regard to each spectrum. The authors suggested that in an 
operational system, a combination of both methods 
utilising the strengths of each, could be used. Smith [18] 
trained a neural network to estimate leaf area index from 
satellite observations. He reported an error of less than 
30% and found that this method was less sensitive to 
initial guesses of the parameters than other techniques . He 
recommended the use of GAs in mapping the decision 
boundaries. 

Alien and LeMarshall [1) demonstrated that neural 
networks can be successfully applied to the forecasting of 
rainfall. The neural networks investigated used between 6 
and 126 different RASP model data variables as inputs. 
On a set of test data over 665 days, neural networks 
achieved a 70 - 74 % accuracy on forecasting whether a 
particular 24 hour period was a rain/no-rain day. Choi et 
al [6] investigated the genetic derivation of a neural 
network's input vector for rainfall and temperature 
estimations. Their results demonstrated a reduction in the 
input vector of up to 50 % while maintaining an 
improved or relatively stable level of performance. The 
GA was able to generate reduced input vectors that 
performed well without the explicit use of problem 
domain knowledge. 
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The focus of the investigation described in this paper was 
to genetically derive a neural network which will have a 
reduced input vector size and an optimised architecture 
and set of parameters. The trade-off between reduced 
input vector size and performance will be investigated, in 
order to produce a network with a smaller input vector 
capable of a high level of performance. In stages 1 & 2 
this was done with fixed network parameters and 
architecture. In stage 3, the genetic derivation of the input 
vector was combined with the evolution of the networks 
architecture and parameters. 

3 Experimental Design 

The experiments were conducted on two sets of data, one 
being used to estimate the occurrence of rainfall, and the 
other to estimate the temperature at each of ten different 
pressure levels. Experiments were done in 3 stages: 

Stage I: Neural network input vectors were genetically 
evolved while varying a parameter (k) in the fitness 
function of the GA. The size of the k parameter 
corresponds to the emphasis on reducing the input vector 
size. An appropriate k value was determined as a result of 
the examination into the trade-off between reduced input 
vector size and performance. 

Stage 2 : The k value derived from stage 1 was used to 
evolve several sets of input vectors which were used to 
train, test and validate individual neural network solutions 
to both problems. 

Stage 3: The model was further extended to include 
genetically derived architecture, parameters and input 
vector of a neural network with the k value derived in 
stage 1. 

3.1 The Data 
3.1.1 The Rainfall Data Set 

The rainfall data was derived from a sample of the data 
from numerous sites across the eastern coast of Australia 
over two 3 month periods (August- October 1994, 1996). 
Observations of 3-hourly rainfall were made at 127 
synoptic stations 4 times per day (0.00, 6.00, 12.00, 
18.00). 10 X 10 pixel arrays of GMS visible and infrared 
data (spatial resolution of 5 km) centered on the location 
of the station and the middle of the 3 hour period were 
collected. Meteorological factors derived from the 
Australian Regional Assimilation and Prognosis (RASP) 
model analysis and forecasts were similarly interpolated 
in time and space. Model data inputs used were multilevel 
EW and NS wind components, vertical velocity, 
temperature and relative humidity at ten pressure levels 
(1000, 900, 850, 700, 500, 400, 300, 250, 200 and 150 
hPa), as well as surface pressure, lifting index, 1000-
5000 hPa geopotential thickness, the total totals index, the 
forecast convective, non-convective and total rainfall 
amounts, and the station elevation (3]. 

3.1.2 The Temperature Data Set 

The temperature data were readings taken by the TOVS 
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instrument in the NOAA12 satellite in 1995. This 
instrument has a 20-channel High Resolution Infrared 
Sounder (IDRS) and a 4-channel Microwave sounding 
Unit (MSU). Infrared sounding of 30 km horizontal 
resolution were supplemented with microwave soundings 
of 150 km horizontal resolution. The infrared and 
microwave readings provide a complete global coverage of 
vertical temperature and moisture profile data every 12 
hours at 60 km spacing [14]. 

3.2 Input Vector Reduction for a Fixed 
Neural Architecture (Stages 1 and 2) 

Two investigations were carried out starting from a fixed 
neural architecture. The first (Stage I) was to determine 
the effect of varying the components and weightings of the 
GA's fitness function. The second (Stage 2) was to use the 
form of the fitness function indicated as best in Stage 1, in 
a more concerted attempt to reduce the size of the input 
vector for the given architecture. 

3.2.1 The Fixed Neural Architecture 

The number of neurons in the hidden and output layers 
were fixed, while the number of input neurons were varied 
by the GA. The fixed architecture for each application was 
determined by trial and error as a promising candidate. 

Rainfall Data Temperature Data 
Architecture 62- 10-2 23 - 10- 10 
Trials 10000 10000 
Momentum 0.9 0.4 
Learning Rate 0.1 0.1 

Table I. Fixed neural network parameters. 

3.2.2 The GA Architecture 

A GA with population size 50, crossover rate 0.6 and 
mutation rate 0.001 was run through 20 generations. 
Each individual in the population consists of a number of 
bits which can each take the value of 0 or I. A value of 1 
indicates that the input forms part of the network's 
architecture, whereas a value of 0 indicates that the input 
is disabled. The rainfall estimation chromosome consisted 
of 62 bits corresponding to the 62 inputs, whereas the 
temperature estimation chromosome consisted of 23 bits. 

3.3 Evolution of a Three Layer Neural 
Architecture 

Stage 3 of this study evolved the full 3-layer architecture. 
This involved genetically determining the number of input 
neurons as well as the number of hidden neurons, the 
learning rate, momentum, epoch size and initial weight 
size. 

A chromosome in stage 3 will contain the following 
genes. 

Australian Journal of Intelligent Information Processing Systems Spring 1998 



190 

Genes Description M in Max 
value value 

INP Input vector (as in stage 0 1 
(62,23) 1&2) 
HID Hidden layer neurons 1 16 
LR Learnin~ Rate 0.05 0.8 
MOM Momentum 0.2 0.9 
EP Epoch size 1 32 
IW Initial weights +0.01 +0.32 

Table ll. The chromosome structure. 

The maximum and minimum values for the parameters 
have been selected to be consistent with heuristics 
discussed in neural network literature [15][19][8]. All 
GAs used the elitist strategy and started with a 
chromosome of all 1 's in the input vector component of 
the initial population. This ensures that the minimum 
standard reached was that of having all inputs enabled. 

3.4 Fitness Functions 
The fitness function was based on two alternative 
assessments (A & B) of the success of the networks. 
Method A included the percentage of correct predictions 
achieved while method B included the RMS error of the 
neural network. The fitness function, which also included 
the number of inputs, is as follows: 

where 

n 

FR = ER+ kR L Z; 
i=O 

R ={A, B), 
n = No. of inputs 
EA = Percent correct (test + training data) 

Correct if ltarget- actual I< m 

(1) 

where m= 0.4 (rainfall), m= 0.4 (temperature) 
E8 = RMS error (test + training data) 
FR = Fitness using genetic method R 
kR= Constant using genetic method R 

-2.0 ~ kA~o. 0 ~ k8 ~ 0.01 (rainfall) 
-2.0 ~ kA~O. 0 ~ k8 ~ 0.01 (temperature) 

Z;= Binary choice input (0 - Off, 1 - On) 

The range of values of kR were chosen in order to assess 
the network performance with the use of fewer inputs. 

4 Results and Discussion 

The results used to plot Figures 2 & 5 were derived by 
varying k from 0 to -2 in 0.2 decrements. For each value 
of k the percentage correct is the average derived from 
five genetic algorithms run with different random seeds. 

4.1 Rainfall Data 

Stage 1 

Figure 2 demonstrates the variation in percentage correct 
with kA. At kA=-0.4, the network achieved its maximum 
performance of 81.83% (17 inputs). As kA was decreased, 
the input vector size reduced to 10, however the 
performance deteriorated. 

Perfonnanee of Rainfall Data 

0 -0.4 ·0.8 -12 ·16 

kA 

-2 

Figure 2. % Correct versus kA values for rainfall 
validation data. 

The non-genetic network achieved an average 
performance on the valjdation data of 81.25% (62 inputs). 
The genetic solution at kA=-0.4 reduced the input vector 
size from 62 to 17 whilst increasing the percentage correct 
performance by 0.78 %. The results of the RMS Error 
versus k8 indicated that a value of k8 = 0.004 achieved the 
minimum RMS error of 0.2896 (14 inputs). Compared to 
the non-genetic network's average of 0.2925 (62 inputs), 
this demonstrates a reduction in theRMS error of 0.29 %. 

Stage 2 

Using the derived values of kA=-0.4 (percentage correct) 
and k8=0.004 (RMS error) from stage I, 4 GAs were run 
for each method and the average results presented in Fig. 
3 and 4. The genetic solutions reduced the input vector 
size to an average of 17 (percentage correct) and 13 (RMS 
error). As can be seen from the graphs, there was no 
significant decrease in performance of the networks and in 
some cases the performance actually increased with the 
reduced input vector. 

%Correct of Genetic &:Non-Genetic 

84 
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C.l 78 
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76 
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Figure 3. Average percentage correct for rainfall data. 
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RMS Error of Genetic & Non-Genetic 
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Figure 4. Average RMS Error for rainfall data. 

The inputs genetically derived using the percentage 
correct fitness function are shown in Table m. Two inputs 
which appeared in all derived input vectors are 20 and 21. 
These correspond to the vertical velocity at the highest 2 
pressure levels in the atmosphere which are generally 
regarded by meteorologists as having a major influence on 
the rainfall. 

Selected Inputs No. of Inputs %Correct 
Non Genetic (all inputs) 62 81.25 
2,3,8, 13,20,21 ,22,25,39,40,4 17 81.00 
2,48,49,55,58,59,62 
2,4,5,9, 10, 19,20,21,25,42,44, 17 81.83 
49,51 ,52,56,58,59, 
3,5,9, 10,20,21 ,22,25,30,32,3 18 82.33 
3,42,43,44,52,55,59,60 
1,3,5,11 ,20,21 ,30,33,39,40,4 17 82.33 
1,42,44,49,52,55,61 

Table m. Genetically derived input vectors for rainfall 
data. 

Stage 3 
In stage 3, the number of hidden nodes, momentum, 
learning rate, epoch size and initial weights were evolved 
in combination with the input vector. The values of k. = -
0.4 and kb = 0.004 derived from stage I were used in the 
fitness function. 

Percentage correct 

No. of Train Test Validation 
inputs 

Non-Genetic 62 83.2 78.57 81.25 

Genetic I 17 81.76 78.57 81.89 
Genetic 11 18 82.07 78.05 81.33 

Table IV. Non Genetic, Genetic I & Genetic 11 
performance. 

Where: Genetic I = Stage 2 technique 
Genetic 11 = Stage 3 technique 

Results from Table IV demonstrate that evolving neural 
network parameters, architecture and initial starting 
weights together with the input vector (Genetic I) 
achieved a performance similar to the stage 2 technique 
(Genetic 11). The performance on the training data was 
slightly improved, while the performance on the test and 
validation data was slightly down. As the Genetic I 
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technique only evolves the input vector while using a 
heuristically chosen set of parameters and architecture, we 
would noonally expect an improved performance when 
we also evolve the architecture and parameters as in the 
Genetic 11 technique. It appears that this has resulted in 
the network becoming too data specific reducing the 
generalisation capabiiTties of the network. It is possible 
that a reduced emphasis placed on the performance on 
the training data in the fitness of the GA may result in an 
improved performance on the test and validation data. 

Archi lecture Learning Momentum Epoch Initial 
Rate Weights 

18-10-2 0.5 0.8 23 0.17 

Table V . Architecture and parameters of high 
performing neural network. 

The values in Table V demonstrate an example of the 
genetically derived architecture and parameters for a high 
performing network with the rainfall data. The parameters 
derived during the genetic process demonstrated some 
interesting trends. The momentum values evolved were 
in the high end of the range (0.7- 0.9) while the evolved 
learning rates varied between (0.35 - 0.55). The majority 
of hidden layer node numbers varied between 7 and 10 
supporting the initial exploration and choice of the fixed 
architecture for stages 1 and 2. There appeared to be no 
significant trends in the epoch size and initial weights 
evolved. The momentum values derived were consistent 
with the typically high values stated in literature, while 
the learning rates evolved were higher than values quoted 
in literature [19][20][21]. 

4.2 Temperature Data 

Stage 1 

Figure 5 demonstrates the variation in the performance 
with different kA values. The performance of the networks 
increased as the kA value was decreased to -0.8. This 
corresponded to a reduction of the input vector size from 
23 to 8 inputs. As the kA value was increased, the input 
vector size reduced further but there was a drop-off in 
performance. The performance of the non-genetic 
network on the validation data was 89.30%. This 
represented an increase in performance by the genetic 
network of 2.14 % at kA = -0.8. 

Performance of Temperature Data 

92

~-- - l il 90 ,, 
!: 

~=~ 
0 -0.4 -0.8 -L2 -L6 -2 

kA 

Figure 5.% correct versus kA values for temp. validation. 
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Using the results of the RMS Error versus k8 , a value of 
k8 =0.006 was chosen as a good compromise between 
performance and size of the input vector. The RMS error 
of 0.1534 was an improvement of 4.30 % over the non
genetic RMS error of0.1603. 

Stage 2 

Figure 6 demonstrates the average performance of the 
genetically derived networks compared to the non-genetic 
networks. Using the percentage correct fitness with a kA 
value of -0.8, the genetic process demonstrated an 
improved performance of 1.95% on the validation data, 
while the input vector reduced in size from 23 to 8. 

z 
11 .. c; 

o/o Correct of Genetic&: Non-Genetic 
Networks 

92 

90 •Train 
88 !3Test 

u 86, DVaUdation N 
84 

8 23 
No. of Inputs 

Figure 6. Average percentage correct for temp. data. 

Table VI shows the sets of inputs derived using percent 
correct and kA=-0.8 in the fitness function. The 
comparison with the non-genetic result of 87.89% 
demonstrated that reducing the input vector has the 
potential to actually improve the performance of the 
network. The input that appeared in almost all genetically 
derived networks was 21. 

This input corresponds to the reading of the third 
microwave channel which is generally regarded by 
meteorologists as being more significant than microwave 
channel I but of equal significance to channels 2 and 4. 

Selected inputs No. of Inputs %Correct 
Non Genetic (all inputs) 23 87.89 
0 1 3 7 9 20 6 89.69 
45101113151721 8 88.52 
0 1 2 56 11 13 16 21 22 9 89.69 
I 0 11 13 14 17 21 22 7 91.44 

Table VI. Genetically derived input vectors for 
temperature data. 

Stage 3 
Table VII demonstrates that evolving neural network 
parameters, architecture and initial weights together with 
the input vector outperforms the genetic method used in 
stage 2. The validation data gives an accuracy of93.97% 
which has shown an improvement over the Genetic 1 
method by 4.13 %and the non genetic method by 6.56 %. 
It should be noted also that the number of inputs averaged 
approximately 7 which indicates a reduction in input 
vector size of approximately 70% from the original 23 
inputs. 

Percentage Correct 
No. of Train Test Validation 
inputs 

Non-Genetic 23 88.59 86.55 87.41 

Genetic I 8 91.46 91.07 89,84 

Genetic II 7 96.31 94.95 93.97 

Table VII. Non Genetic, Genetic I & Genetic II 
performance. 

Architecture Learning Momentum Epoch Initial 
Rate weights 

9-10-10 0.05 0.4 I 0.09 

Table VIll . Architecture and parameters for high 
performing network. 

The values in Table VIII demonstrate an example of the 
genetically derived architecture and parameters for a high 
performing network with the temperature data (again 
providing support for the choice of the fixed architecture 
for stages 1 and 2). The network parameters evolved in 
the GA process showed that the learning rate was 
consistently evolved as a low value of approximately 0.05 
while the momentum tended to be fairly low with values 
in the range 0.2 to 0.4. The low learning rate is consistent 
with heuristics discussed in the literature, however values 
for momentum of 0.2 to 0.4 are well below the typically 
quoted value of 0.9 in the literature [8][19][22]. The 
epoch, initial weight values and number of hidden nodes 
appeared to show no definite trends. 

5 Conclusion 

The three stage process used in this paper involved 
investigating the trade-off between a neural network's 
performance and reduced input vector size, and combining 
this with a genetic evolution of the network's architecture 
and parameters. The results indicate that the three stage 
genetic process has the potential to significantly reduce 
the input vector size while maintaining the performance 
of the networks. Stage I results demonstrate the 
importance of investigating the trade-off between input 
vector size and performance. In each case the network's 
performance improves as the input vector reduces in size 
until it reaches a certain threshold value. Beyond this 
threshold, the network's performance begins to 
deteriorate. Determination of this threshold, as indicated 
by the k value, is critical for the success of the following 
two stages. Stage 3 results on the rainfall data showed 
that the input vector was genetically reduced from 62 to 
18 while continuing to demonstrate a high level of 
performance. Results on the temperature data 
demonstrated a reduction in input vector size from 23 to 7 
while the network's performance on the validation data 
actually improved by 7.02 % from the non genetic 
method. Future work will involve further investigation of 
these and other aspects of this technique on a number of 
data sets with large input vectors. 
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