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Abstract. This study examines and analyses the use of a new recurrent neural 
network model: Jordan Pi-Sigma Network (JPSN) as a forecasting tool. JPSN’s 
ability to predict future trends of temperature was tested and compared to that 
of Multilayer Perceptron (MLP) and the standard Pi-Sigma Neural Network 
(PSNN); trained with the standard gradient descent algorithm. A set of 
historical temperature measurement for five years from Malaysian 
Meteorological Department was used as input data to train the networks for the 
next-day prediction. Simulation results show that JPSN forecast comparatively 
superior to MLP and PSNN models, with lower prediction error, thus revealing 
a great potential in predicting the temperature measurement. 

Keywords: Jordan Neural Network, Recurrent Neural Network, Pi-Sigma 
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1   Background 

Forecasts are made in many disciplines, among them are economics [1], [2], weather 
forecast [3], [4], disease forecasting [5], [6], and technology forecasting [7], [8]. 
Accordingly, temperature forecasting, the subject of this study, is the essence of 
traceability for weather forecasting. Certainly, temperature can be defined qualitatively 
as a measure during the day, by considering corresponding hotness or coldness [9] that 
lies on a predetermined set of values. The temperature can have a greater influence in 
daily life than any other single element on a routine basis. Therefore, precise 
temperature measurement is needed to obtain the accuracies [10]. Being located in the 
equatorial region, the annual temperature range in Malaysia is relatively small [11] 
which is around 26.5ºC. It varies over the lowland area. The lowest temperature 
recorded was in Kuala Krai Meteorological Station with the reading of 18.0˚C. 
Meanwhile, the highest temperature recorded was in Sri Aman Meteorological Station 
with the reading of 34.6°C [11].  
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Temperature forecasting is mainly issued in qualitative terms with the use of 
conventional methods, assisted by the data projected images taken by meteorological 
satellites to assess future trends [4], [12]. It is noted that numerical models products 
are later use as input to obtain a temperature forecast. There are many different 
scientific efforts in the domain of meteorological parameters forecasting (temperature, 
solar radiation, humidity, etc.) [11] has been applied; however, those techniques 
involve sophisticated mathematical models to justify the use of empirical rules and 
require a prior knowledge of the characteristics of the input time-series to predict 
future events. The potential of achieving outstanding performance by utilising neural 
network (NN) has captured a great attention from forecasters, researchers, scientists 
and engineers. NN theory grew out of Artificial Intelligence (AI) research, which 
naturally adapts special characteristics from human intelligence, by learning in a 
manner similar to the human brain. Haykin [13] describes NN as an adaptive machine 
that has a natural tendency for storing experiential knowledge by constructing a 
nonlinear mapping between input-output data. 

Various studies in temperature forecasting have been applied and discussed by 
many authors. Bhardwaj et al. [12] used the Direct Model Output (DMO) which 
forecast values for each location of interest that were obtained using several 
atmospheric parameters. On the other hand, Smith et al. [14] noted that ward-style  
NN can be used for predicting the temperature. Meanwhile, Radhika and Shashi [15] 
used Support Vector Machine (SVM) for one-step-ahead prediction. They found that 
SVM could be used for weather forecasting. Finally, Wang and Chen [16] found that 
automatic clustering techniques and two-factor higher-order fuzzy can be used to 
cluster the historical numerical data into intervals of different lengths.  

Until recently, the widely used NN, Multilayer Perceptron (MLP) also received a 
great attention in many fields such as prediction [14], [15], pattern recognition [17], 
signal processing [18], [19], and classification [20], [21]. However, MLP adopts 
computationally intensive training algorithms and relatively slow when the hidden 
layer increases [2], [22]. It also introduces many local minima in the error surface [23]. 
This is then; the development of Higher Order Neural Network (HONN) has captured 
researchers’ attention. Pi-Sigma Neural Network (PSNN) which lies within this area, 
has the ability to converge faster and maintain the high learning capabilities of HONN 
[1], [2]. The uses of PSNN itself for temperature forecasting are preferably acceptable. 
However, in this study we disposed towards an idea to develop a new network model: 
Jordan Pi-Sigma Network (JPSN) to overcome such drawbacks in MLP and takes the 
advantages of PSNN. Presently, JPSN is use to learn the historical temperature data of 
Batu Pahat, and to predict the temperature measurements for the next-day.  

The remaining parts of the paper are broken up into the following sections: Neural 
Networks, Learning Algorithm of the JPSN, Research Design of Neural Network 
Models, Results and Discussions, and Conclusions. The Neural Networks review the 
network models that being used in this study. The learning algorithm of the JPSN 
describes the step-by-step process to train the network. Results and discussions 
compile pertinent tables and graphical review of the information presented. The paper 
is ended with the conclusions. 
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2   Neural Networks 

NN is essentially a parametric model that can be one of the very useful tools for 
solving many practical forecasting problems. This section describes the NN models 
used in this study. 

2.1   Multilayer Perceptron 

MLP is formed by a set of sensory units that represent the input layers, one or more 
hidden layers, and an output layer. The MLP, which is typically used in supervised 
learning problem, have the ability to learn from input-output pairs [24]. The standard 
MLP is usually trained with the standard gradient descent algorithm [25]. The input 
signal propagates through the network layer-by-layer [13] through weighted-sum [26] 
and sigmoid activation function ( )xe−+11  of the hidden and output units. The 

sigmoid function is often chosen because it is mathematically convenient and close to 
linear near origin which prevents accelerating growth throughout the network [27], 
thus allowing the networks to model well on nonlinear problems [28]. The 
computation of the network error is done at the output layer, and the error is 
propagated back to the input layer by updating weights consequently, right after each 
input is presented to the network. This training process is iterated until a stepwise 
change of the weights have converged [25]. It is noted the MLP has been successfully 
applied in many applications involving pattern recognition [17], signal processing 
[18], [19], and classification [20], [21]. However, the ordinary MLP is extremely slow 
due to its multilayer architecture especially when the hidden layer increases [22]. It 
also converges very slow in typical situations principally when dealing with complex 
and nonlinear problems; and does not scale well with problem size [22]. 

2.2   Pi-Sigma Neural Network 

PSNN is a type of HONN which comprises of a single layer of learnable weights [22]. 
PSNN consists of two layers of units; the product unit and the summing unit layers. 
The weighted inputs are fed to a linear summing unit, and to the output layer. The 
number of the summing units in PSNN reflects the network order. By using an 
additional summing unit, it will increase the network’s order by 1. In PSNN, weights 
from hidden layer to the output layer are fixed to 1. This property drastically reduces 
the training time of PSNN. Sigmoid and linear functions are adopted at the output 
layer and summing layer, respectively. The use of linear summing units at the hidden 
layer makes the convergence analysis of the learning rules for the PSNN more 
accurate and tractable [2]. The applicability of this network was successfully applied 
for function approximation [2], classification [22], pattern recognition [29], 
cryptography scheme [30], and so forth. Compared to other HONN models, PSNN 
has a more simple structure [2] and can converge faster whilst maintain the high 
learning capabilities of HONN [1], [2]. Moreover, PSNN is superior to the MLP with 
at least two orders of magnitude less number of computations when compared to the 
ordinary MLP for similar performance levels, and over a broad class of problems [1]. 
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2.3   Jordan Neural Network 

The Jordan Neural Network (JNN), which was proposed by Jordan [31], is a type of 
recurrent neural network (RNN). The motivation for exploring JNN is their potential 
of maintaining internal state to generate temporal sequences. The output of JNN 
which is clocked back to the input layers are called context unit. Each unit receives a 
copy from the output neurons and from themselves [31]. The recurrent connections 
from the output layer to the context neurons have an associated parameter, m  which 
lies between [ ]1,0 . The feedback connection concatenates the input-output layer, 

therefore, allows the network to posses short term memory for temporal pattern 
recognition over a time series. The activation at time t  is given by the following 
expression: 

( ) ( ) ( )11 −+−= txtmctc  (1)

where ( )1−tx  is the output network at time 1−t . The activation function for the rest 

nodes is calculated similar to that of MLP. By considering the expression of the 
context neuron activation, it is probable to write: 
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Consequently, the parameter m  endows to the JNN with certain inertia of the context 
neurons. To note, the parameter m  resolves the sensitivity of the context neurons to 
preserve this information [31]. Thus, the recurrence on the context units provides a 
decaying history of the output over the most recent time steps. The pertinency of JNN 
has been tested through [32], [33], [34] for different kind of problems. 

2.4   Jordan Pi-Sigma Network 

A new type of recurrent HONN, called the Jordan Pi-Sigma Network (JPSN) is 
proposed in this research work. The JPSN will be used for temperature prediction, and 
the network will be trained with the standard gradient descent algorithm [25]. The 
architecture of JPSN is constructed by having a recurrent link from output layer back 
to the input layer which gives the temporal dynamics of the time series process [35]. 
The network combines the properties of both HONN and RNN so that better 
performance can be achieved. Additionally, the unique architecture of JPSN may also 
avoid from the combinatorial explosion of higher-order terms as the network order 
increases. 

The structure of JPSN is quite similar to the ordinary PSNN. The main difference 
is the integration of a recurrent or feedback link from the output to the input layer thus 
allowing for computational structure in a more parsimonious way [35]. Weights 
between the input layers and summing layers are trainable, while weights between the 
summing layers and the output layer are fixed to unity. In this work, the number of 
hidden nodes for MLP, and the number of higher order terms for PSNN and JPSN, are 
set between 2 and 5. The architecture of the proposed JPSN is shown in Fig. 1. 
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Fig. 1. The JPSN ( 1−z  denotes the time delay operator) 

3   Learning Algorithm of the JPSN 

The learning algorithm for JPSN is calculated as follows:  
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where ( )1+thL  represents the activation of the L  unit at time 1+t , and ( )ty  is the 
previous network output. The unit’s transfer function f  denotes sigmoid function, 
which bounded of output range of [ ]1,0  is used in this network. 
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 where ( )1+ty  is the network output.   

2. Compute the error e  at output node: 

( ) ( ) ( )111 +−+=+ tytdte  (5) 

 
3. Compute the weight changes: 
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 where η is the learning rate and α  is the momentum term.   
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4. Update the weight: 

iii WWW Δ+=  (7)

5. If current epoch > maximum epoch 
stop the training 

else 
go to step 1 

 

4   Research Design of Neural Network Models 

4.1   Data Description 

We are considering the univariate input data; the 5-years daily measurement of 
temperature in Batu Pahat region, ranging from 2005 to 2009. The data was obtained 
from Central Forecast Office, Malaysian Meteorological Department (MMD).  

4.2   Experimental Design 

All networks were built considering 5 different number of input nodes ranging from 4 
to 8. A single neuron was considered for the output layer. The number of hidden layer 
(for MLP), and higher order terms (for PSNN and JPSN) was initially started with 2 
nodes, and increased by one until a maximum of 5 nodes. The combination of 4 to 8 
input nodes and 2 to 5 nodes for hidden layer/higher order terms of the three network 
models yields a total of 1215 NN architectures for each in-sample training dataset. 
Since the forecasting horizon is one-step-ahead, the output variable represents the 
temperature measurement of one-day ahead. 

Each of data series is segregated in time order and is divided into three sets; the 
training, validation and the out-of-sample data. To avoid computational problems, the 
data is normalised between the upper and lower bounds of the network transfer 
function, which often to be the monotonically increasing function, ( )xe−+11  [27]. 
The interconnections weights in each neuron are adjusted to minimise the error by 
using standard gradient descent algorithm [25]. To be more certain of getting the true 
global minima, it is practical to initialise the weights with a small random number. 
The reason to initialise weights with small values between [ ]1,0  is to prevent saturation 
for all patterns and the insensitivity to the training process. On the other hand, if the 
initial weights are set too small, training will tend to start very slow. The training set 
serves the model for training purpose and the testing set is used to evaluate the 
network performances [28]. Training involves the adjustment of the weights so that 
the NN is capable to predict the value assigned to each member of the training set.  
The network is validated and tested in order to preserve some features for calibration 
purpose [28], which means producing appropriate outputs for those input samples 
which were not encountered during training [4].  
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4.3   Assessment Criteria 

There is no consensus on the most appropriate measure to assess the performance of 
a forecasting technique. Network models performance were evaluated using Mean 
Squared Error (MSE), Signal to Noise Ratio (SNR) [1], Mean Absolute Error 
(MAE) [36] and Normalised Mean Squared Error (NMSE) [1], which are expressed 
by: 
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where n  is the total number of data patterns, iP  and *
iP  represent the actual and 

predicted output value [1], [36]. In addition, we also consider the number of iterations 
during the training process. 

5   Results and Discussions 

All networks training and testing have been implemented using MATLAB 7.10.0 
(R2010a) on Pentium® Core ™2 Quad CPU. Pattern selection was set randomly and 
stopping criteria was set to 3000 events. All results presented were based on the 
average of 10 simulations/runs. The prediction performances of JPSN are instantiated 
with PSNN and MLP based on the aforementioned performance metrics. Table 1 
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shows the performance of JPSN, PSNN and MLP. Over all the training patterns, the 
JPSN obtained the lowest MAE, which is 0.063458; while the MAE for PSNN and 
MLP were 0.063471 and 0.063646, respectively. JPSN outperformed PSNN by ratio 

41095.1 −× , and 3109.2 −×  for the MLP. Moreover, it can be seen that JPSN reached 
higher value of SNR. Therefore, it can be concluded that the networks can track the 
signal better than PSNN and MLP. 

Table 1. Comparison of JPSN, PSNN and MLP for all performance metrics 

Network Model JPSN PSNN MLP 
MAE 0.063458 0.063471 0.063646
SNR 18.7557 18.71039 18.69706
NMSE 0.771034 0.779118 0.781514
MSE Training 0.006203 0.006205 0.00623
MSE Testing 0.006462 0.006529 0.006549
Epoch 1460.9 1211.8 2849.9

 
The models’ performances were also evaluated by comparing their NMSE. Fig. 2 

illustrates the NMSE for the three network models. It shows that JPSN fashionably 
gives better NMSE when compared to both PSNN and MLP.  
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Fig. 2. NMSE for JPSN, PSNN and MLP 

The graphs depicted in Fig. 3 present the prediction errors on the testing data set 
for all network models. As expected, differences between the predicted and the actual 
data for JPSN practically beat out PSNN and MLP by 1.038% and 1.341%, 
respectively. Evaluations on different performance metrics over the temperature data 
demonstrated that JPSN were merely improved the performance level compared to the 
two benchmarked network models, PSNN and MLP.  
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a) Temperature Forecast made by JPSN 

 

b) Temperature Forecast made by PSNN 

 

c) Temperature Forecast made by MLP 

Fig. 3. Temperature Forecast made by JPSN, PSNN and MLP on the Testing Set 
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6   Conclusions 

This study focuses on using JPSN as an alternative mechanism to predict the 
temperature, which is less memory required during the network training. The network 
combines the properties of both PSNN and RNN. On the whole, JPSN is able to show 
a better performance level compared to the ordinary PSNN and MLP. It is concluded 
that JPSN has the capability to forecast temperature and, if properly trained, the 
meteorological station could benefit from the use of this superior forecasting tool. 
Looking for the future, we are delighted to consider the hybridisation of more than 
one meteorological parameters in order to improve the prediction of future 
temperature events.  
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