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Abstract:    Great efforts have been made to resolve the serious environmental pollution and inevitable declining of energy 
resources. A review of Chinese fuel reserves and engine technology showed that compressed natural gas (CNG)/diesel dual 
fuel engine (DFE) was one of the best solutions for the above problems at present. In order to study and improve the 
emission performance of CNG/diesel DFE, an emission model for DFE based on radial basis function (RBF) neural network 
was developed which was a black-box input-output training data model not require priori knowledge. The RBF centers and 
the connected weights could be selected automatically according to the distribution of the training data in input-output space 
and the given approximating error. Studies showed that the predicted results accorded well with the experimental data over 
a large range of operating conditions from low load to high load. The developed emissions model based on the RBF neural 
network could be used to successfully predict and optimize the emissions performance of DFE. And the effect of the DFE 
main performance parameters, such as rotation speed, load, pilot quantity and injection timing, were also predicted by means 
of this model. In resumé, an emission prediction model for CNG/diesel DFE based on RBF neural network was built for 
analyzing the effect of the main performance parameters on the CO, NOx emissions of DFE. The predicted results agreed 
quite well with the traditional emissions model, which indicated that the model had certain application value, although it still 
has some limitations, because of its high dependence on the quantity of the experimental sample data. 
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INTRODUCTION 

 
The serious environmental pollution and the 

energy crisis all over the world has caused the de-
velopment of the lower pollution and lower energy 
consumption automobile to become major research 
goal. An engine using compressed natural gas 
(CNG) as fuel has outstanding advantages of higher 
efficiency and lower pollution. The CNG/diesel 
DFE for the city bus could also obviously reduce 

the pollution of the city air, especially for the big 
cities. So the research on the combustion process of 
DFE, especially the emissions performance, was 
very important and valuable (Liu, 2000; Yan et al., 
2003; Fei et al., 2003). 

In general, the combustion process and 
mechanism of the engine involved the phys-
ico-chemical synthesize process (Yan and Kriam, 
1992). Due to their complexity and instantaneity, 
there was no suitable analytic function to describe 
the combustion process, especially for the DFE. In 
this paper a new emissions model based on radial 
basis function (RBF) neural network is proposed 
for the CNG/diesel DFE. 
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THEORY OF THE RBF NEURAL NETWORK 
 

Structure of RBF neural network 
The neural network, especially RBF neural 

network has become popularity in recent years due 
to its excellent recognition and prediction capa-
bilities. Radial basis function Φ(⋅) was the basis of 
RBF neural network, and usually was a nonlinear 
radial symmetrical function (Zhou et al., 2001; 
Korres et al., 2002; Ilkivová et al., 2002; Kaoru et 
al., 2003). The Gauss function is the core function 
of the radial basis function; and has two vector 
parameters X and C; with X being the independent 
variable vector of the function, and C being the core 
of the radial basis function. X−C forms an ellipse 
with C being the center and Φ(X−C) being the ra-
dius function of the ellipse. The neural network 
using RBF as neurons function is called RBF neural 
network. 

RBF neural network includes three layers, the 
first layer is the input layer whose elements con-
form to the quantity of the input parameters; the 
second layer is the hidden layer consisting of many 
radial basis function neurons; the hidden layer 
nodes are calculated from the Euclidean distance 
between the center and the network input vectors 
and then the results are passed on to the radial basis 
functions; the last layer is the output layer made up 
of common linear neurons. The RBF neural net-
work structure is shown in Fig.1 (Omatu and Khalid, 
1996). 

This model has R input and P output, with the 
relationship between the input and output in this 
model being as follows (Omatu and Khalid, 1996): 
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Fig.1  Structure of RBF neural network 

where X–input vector; Ci – the center of RBF neural 
network, a constant vector with the same dimension 
as X; R–the dimension of the input vector; 
M–neurons number of the hidden layer; Φ(⋅)–radial 
basis function; || ||i−X C –Euclidean distance be-
tween X and Ci; j–output node, j=1,2,…,P; wij–the 
weight value which connected the i hidden node 
with the j output node. 

 
Operational principle of RBF neural network 

The network structure is shown in Fig.1; 
where input vector X=[a1, a2,…, aN], ideal output yj 

(j=1,2, …,P), the actual output ˆ jy and the weight 
value of the output layer wij  can be obtained by the 
RBF neural network which has R as input, M hid-
den nodes and P output. Choosing Gauss function 
Φ(x)=exp(−λx2), λ=3 as radial basis function, the 
actual output ˆ jy is calculated by the following 
formula: 
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Then, the weight value wij is adjusted to satisfy 

the following formula, from which the final result 
of the RBF neural network can be obtained. 
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DEVELOPMENT OF THE EMISSIONS MODEL 
BASED ON RBF NEURAL NETWORK 
 
Development of the model 

Because of the limited experiment units, the 
quantity of the HC part of CH4 could not be ob-
tained, so the model only included the CO, NOx 
emission. The structure of the model is shown in 
Fig.1. The relationship between the input and 

Φ(⋅) wij fj (x) 
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output in this model was as follows:  
 

  (CO, NO ) ( , , , )x g mn G G θ=Φ               (4) 

 
where (CO, NOx)–the quantity of CO, NOx emis-
sions (×10-6); n–rotation speed (r/min) varying 
from 794 r/min to 2814 r/min; Gg–quantity of 
natural gas (butterfly valve open %) varying from 
15 % to 85 %; Gm–pilot (kg/h) varying from 1.1 
kg/h to 4.8 kg/h; θ–injection timing (°CA) varying 
from 15 °CA to 20 °CA.  

The input layer nodes’ number was chosen to 
be the same as that of the input parameters, R=4, the 
output layer nodes’ number which was the same as 
that of the output parameters, P=2, and E0 was set to 
0.15%. The training data were obtained from the 
test, and the specifications of the test engine are 
given in Table 1. There were 100 groups experi-
mental data over the operation conditions from 
light load and low rotate speed to heavy load and 
high rotate speed using for training the RBF neural 
network, and 20 group test data over the large range 
operation conditions using for verifying the model. 
After training the network using the experimental 
data, the sum-squared error could reach up to pre-
dicted 0.15% precise after about 15000 cycles, the 
convergence of the weights was shown in Fig.2. 
And the hidden layer nodes’ number M also con-
firmed, where the hidden layer nodes’ number was 
11. 

 
Verification of the model 

The model was also verified on a dual fuel 
engine with specifications: D×S=108 mm×125 mm, 
rated power/rotation speed=112 kW/2800 r/min. 
Fig.3 showing that the simulated results and test 
results for CO, NOx emissions under 13 operating 
conditions were in good agreement indicated that 
the model can be used to predict the CO, NOx 
emissions of DFE. 

 
 

PREDICTION OF CO, NOx EMISSIONS BY 
MEANS OF THE MODEL 

 
The purpose for developing this model was to 

Table 1   Specifications of the test engine 
 

 

Type 
 

6108 
D×S 

Capacity 

Compression ratio 

Injection timing 

Rated power/rotation speed 

108 mm×125 mm 

6.87 L 

16 

18 °CA ± 2 °CA 

112 kW/2800 r/min 
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Fig.3  Comparison of simulated results with test results
(a) CO emission; (b) NOx emission 
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use it to predict the CO, NOx emissions of the DFE. 
The following were the effects of several main 
operating parameters variation on the CO, NOx 
emissions by means of the model. 

 
Effect of rotate speed 

Fig.4 on variation of CO, NOx emissions with 
rotate speed under certain conditions (Gm=2.5 kg/h, 
θ=18 °CA, Gg=25%) shows that CO emission in-
creased with increase of rotate speed. This occurred 
as with shortening of combustion time, CO could 
not be oxidated completely by increasing rotate 
speed. However, the NOx emission was decreased 
with increasing rotate speed. This was due to the 
early decrease in heat output and the reduction in 
the cylinder due to the increase of rotate speed. 
Therefore the time and temperature of the nitrogen 
in it was shortened and lowered, so the NOx emis-
sion was reduced. 
 
Effect of CNG quantity 

The effect of the CNG quantity on the CO and 
NOx emissions are shown in Fig.5 under certain con- 

 
 
 

 

 
 

 
 
 
 
 
 
 

 
 

 

 
 

 
 
 
 
 
 
 
 

dition (n=2800 r/min, Gm=2.5 kg/h, θ=18 °CA). 
The effect of the CNG quantity had the same effect 
as that engine load, so here the engine load is used 
to show the effect of the CNG quantity. Increasing 
CNG quantity increased the quantity of heat output 
and the maximum temperature in the cylinder. 
Therefore, the combustion process finished ade-
quately, so the CO emission was reduced and the 
NOx emission was increased. 

 
Effect of pilot 

Fig.6 on the effect of pilot quantity on CO, 
NOx emissions under light load condition (n=1700 
r/min, Gg=25%, θ=18 °CA) shows that variation of 
the NOx emission was not obvious even increasing 
quantity of pilot, but that the CO emission was 
reduced, because the quantity of natural gas in the 
cylinder was little under light load, so even the 
quantity of pilot, the early heat output and the 
increase in the maximum temperature in the cyl-
inder, varied the NOx emission little; but the CO 
emission was reduced due to the intense oxidation 
of NOx. 
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Fig.4  Effect of rotate speed on (a) CO emission and (b)
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Fig.7 on the effect of pilot quantity on CO, 
NOx emissions under heavy load (n=1700 r/min, 
Gg=75%, θ=18 °CA) shows that the CO emission 
was less than that under light load but that the NOx 
emission was much higher than that under light 
load. With increase in the quantity of pilot and the 
natural gas in the cylinder, the CO emission was 
reduced and the NOx emission was increased due to 
the increasing of the ignition energy and the gross 
heat output. 

 
Effect of injection timing 

Fig.8 on the effect of injection timing on the 
CO, NOx emissions under light load (n=1700 r/min, 
Gg=25%, Gm=2.5 kg/h) shows that with increasing 
of injection timing, the CO emission and NOx 
emission were not monotonously increased or re-
duced. It meant that there was optimal injection 
timing for the lowest CO, NOx emissions under 
light load. The same results could be seen in Fig.9 
under heavy load condition (n=1700 r/min, 
Gg=85%, Gm=2.5 kg/h).  Simulated  results  (Fig.8 

 
 
 
 
 
 
 
 

 

 
 

 
 

 
 
 
 
 
 
 

 
 

 
 

and Fig.9) showed 16 °CA was the optimal injec-
tion timing in this DFE. 
 
 
CONCLUSION 

 
1. An emission prediction model for CNG/ 

diesel dual fuel engine based on RBF neural net-
work was built for analyzing the effect of the main 
parameters on the CO, NOx emissions of DFE. The 
simulated results agreeing quite well with the tra-
ditional emissions model indicates that the model 
has certain application value. 

2. Verification of the model also proved that 
the simulated results showed good agreement with 
the test data. Therefore the model can be proposed 
as theoretical foundation for predicting the per-
formance and emissions. In practice the model can 
be used as an important method for improving and 
optimizing parameters of the DFE. 

3. The model still has limitations, because it is 
highly dependent on the number of the experi-
mental sample data. 
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Fig.8  Effect of injection timing under light load on (a) CO
emission and (b) NOx emission 
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