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Abstract- This paper proposes a new architecture of Self- 
Leaming Fuzzy-Neural-Network (SLFNN) for water 
injection control in a turbo-charged automobile. The major 
advantage of SLFNN is that no off-line training is needed 
for initialization. The SLFNN will initialize itself with a 
random set of initial weighting factors (normally zeros) 
and a specifically designed on-line optimal training 
algorithm will be invoked immediately after the engine of 
the automobile is turn on. The on-line optimal training can 
guarantee that the weighting factors will be directed 
toward a maximum- error-reduced direction. Although this 
SLFNN can also used as a controller for fuel injection, we 
adopt the SLFNN as the water injection controller to 
reduce the knocking effects of a turbo-charged engine and 
therefore the emission is cleaner with less petrol 
consumption. Real implementation has been performed in 
a Saab NG 900 (1994 -1998) automobile with excellent 
results. 

Keywords: Fuzzy Neural Network, Optimal Training, 
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1 Introduction 
The Fuzzy Neural Network (FNN) has been shown to 

have tremendous impact on engineering applications in the 
last decade. Several kinds of FNN have also been 
developed to suit different kind of applications, such as 
real-time intelligent adaptive control, image processing, ..., 
etc. However, reat-time engine control using FNN are very 
rare in existing research literature. The purpose of this 
paper is therefore to propose a new architectpe of FNN, 
called SLFNN (Self Leaming FNN) for water injection 
control of a turbo-charged engine in automobile. 

The cerebellar model articulation controller (CMAC) 
neural network controller [l] has been developed for fuel 
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injection control to maintain the engine air-to-fuel ratio at 
its stoichiometric value. However it is applied in a natural 
aspired engine without conbolling the knocking effect of 
engine. The engine knocking has been tackled recently by 
retarding the ignition angle, increasing the fuel injected 
and reducing the boost pressure to reduce the torque (at 
the cost of more petrol consumption) to maintain the 
stability of engine and thus the driving condition is safer. 
This is a very important requirement in AVCSS (Advanced 
Vehicle Control and Security System). Recently water 
injection for engine has been developed quickly for F l  
racing cars since 1990. It has been shown experimentally 
that engine knocking can be reduced to a minimum [2 ,  31 
and emission is cleaner with less petrol consumption and 
more torque can be generated since there is retarded 
ignition angle and reduced boost pressure. However, they 
all adopted fixed water mapping in their controllers 
without considering the dynamic driving environment. 
Thus the drivability is not smooth under unexpected 
conditions. 

The purpose of this paper is therefore to propose a new 
SLFNN architecture without off-line training and yet 
guarantee the optimal convergence of the on-line training 
process. The weighting factors in SLFNN will be 
initialized to zeros. The SLFNN will pick up the knocking 
signal from engine ECU and initiates a dynamic optimal 
training to guide the weighting factors toward a maximum- 
error reduction direction. The water injection ratio will 
therefore be maintained in an optimal condition, even 
under unexpected conditions. Real implementation has 
been performed in a Saab 900 NG (1994-1998) turbo- 
charged automobile. 

2 Self-Learning FNN Controller 
(SLFNN) 

The following FNN architecture [4, 51 will be adopted 
in this paper to create the new SLFNN. Layer 1 consists of 
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input fuzzy variables. Layer I1 consists of fuzzy 
membership functions (MF's) for input fizzy variables. 
Layer I11 is for the implied fuzzy rules by considering all 
the cases of the MF's. Layer IV is the output part, 
Between layer 111 and layer IV, ther is a simple two layer 
neural network with weighting factors. The weighting 
factors will be tuned by a training process to have the 
.desired output in layer IV. 

* 

Layer I Layer 11 Layer 111 Layer IV 

Premise Consequence 

Figure 1 The adopted FNN architecture 

The fuzzy rules in layer 111 can be inferred as: 
Rule : Ifx is / / and ... andx is 

Then is wi and and is w' (1 1 
where / is the membership function for fuzzy variable xi 

(i=l, 2, ..., N) in Rule , and 4. is the membership 

hnction for (i =1, 2, ..., 2) in Rule . The final outcome 
for each output j can be deducted as: 

With 
N 

p / = n  /(Xi) ( = l , Z ,  ..., L) (3) 
i=l 

In order to produce the water injection ratio, we need 
to pick up MAP (Manifold Air Pressure), RPM (engine 
speed), and knocking signals from engine ECU. The water 
injection ratio will be converted into a -PWM signal to 
activate the water injector. Figure 2 shows the details of 
SLFNN. In the part of Figure 2, the MAP and IEPM 
signals will be hzzified in the second laxer to produce the 
fuzzy rules in the third layer. Each fuzzy rule will be 
associated with a weighting factor to produce the final 
water injection ratio, which can be obtained from the 

above (2) and (3). The number of fuzzy rules is the 
product of the number of MF's of MAP and RPM. By 
picking the knocking signal from engine ECU, an on-line 
training process must be designed to update weighting 
factor associated with each fuuy rule. 

Optimal On-Line Tuning 

Knock (r,m) 

MAP 
p- 

Water Injector 

Figure 2. SLFNN for Water Injection Control 

The objective is to minimize the strength of the 
inevitable knocking signal so as to maintain the safety of 
the automobile and produce cleaner emission with less 
petrol consumption. It will be shown that the SLFNN will 
only initialize all the weighting factors to zeros, and the 
nominal weighting factors will be generated according to 
the driving conditions by the optimal on-line training 
process in Figure 2. 

, - 
. 

3 Convergence Analysis of SLFNN 
It is noted that the FNN in Figure I is a four layer 

structure with the consequent part as a two layer neural 
network. If there exists the desired output (i.e., water 
injection ratio), then the dynamical optimal training 
process in [4] can be applied in the real-time on-line 
training of SLFNN. Note that ater(r,m) and n E (r,m) 
in Figure 2 describe the fact that they are dependent on 
RPM and MAP. However there is no desired output as the 
driving conditions are unexpected! Thus the dynamical 
optimal training in [4) can not be directly applied. 

As mentioned previously, the major purpose of water 
injection is  to reduce the strength of the inevitable engine 
knocking signal. Therefore if the knocking signal can be 
expressed in terms of the output of the SLF" ,  i.e., water 
injection ratio ateer(r,m), then the dynamical optimal 
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training in [Z] can be applied indirectly to minimize the 
strength of knocking signal n c (r,m). Let the strength 
of n c (r,m) be expressed by 

.i = J ( r , m ) = C y :  =[Knock(r,m)I2 (4) 
id 

Due to the fact that knocking signal will be smaller if 
water injection ratio is not zero, the relationship between 

. n c (r,m) and ater(r,m) can be approximated by the 
following equation': 

where a is very small constant. Then (4) can be written as 
Knock(r-, m) = a * Wuter(r, m )  ( 5 )  

2 
J =[Knock(r,m)] =a2 *[Water(u,m)f (6) 

By substituting the above Equation (6)  into the dynamical 
optimal training process in [4], an optimal on-line training 
process can be established. The detail of this has been 
skipped due to limited paragraph. This on-line training 
process will guarantee that all the weighting factors will be 
directed toward the maximum-error reduction direction. 

0 0  0 0 . .  
0 0 . . . . (9)' 
. .  . . .  . 
. .  . . .  . 
0 0.28 0.33 . . 0.62 0.71 ,5r10 

It can also be shown that the table lookup method to 
generate the fixed water map by most of the industrial 
products [6] is a special case of the FNN approach 
mentioned above. However the fixed water map generated 
by FNN approach is smoother and thus provides a more 
robust result. This issue will be discussed in other research 
article by the authors. It is expected that after a short 
period of driving the automobile, the water map in the 
SLFNN will be similar to that in Figure 3, provided that 
driving conditions do not vary too much. 

It is also possible to generate the following water map 
(Figure 3) by using only the FNN. This is actually the 
fixed water map used in a commercial water injection 
controller 161. This ha!: the advantage of saving memory 
space in water injection conholler. Assume that MAP has 
fifteen MFs, FWM has ten MFs, and using the fixed water 
map in 161 as the desired output, then the dynamical 
optimal training in [2] can be applied to generate the same 
water map in Figure 3. Thus we have i50 fuzzy rules. The 
MFs of MAP and RPM can be shown as follows: 

.m 

Figure 3 Water map generated by a pure FNN 

where 
xi =[-0.6, 1.61 bar 

,u;=[O.l 0.2 0.3 0.4 ..._ 1.51 bar, for j=1 to 15. 

M,,(x,)=exp [ - [xkgr - 

where 
x, =[O, 70001 rpni 
p;=[2000 2500 3000 ... 65001 rpm, for 

(8) 

!=I to 10. 

The initialized 150 weight factors can be initialized to 
zeros and after applying the dynamical optimal training [4], 
the final weighting factor matrix W can be briefly shown 
as follows: 

4 Hardware Implementation of 
SLFNN 

Figure 4 shows the main hardware structure of the 
S L F "  controller. Note that MAP and Knock are voltage 
signals, and RMP is a frequency modulated signal. The 
RISC controller is a high speed 16-bit single chip CPU 
which also performs the optimal on-line tuning using long 
integer arithmetic. The output of RISC controller is 
converted into an amplified PWM signal to drive the water 
injector. However the pick-up of MAP, RPM and Knock 
signals are not the same for different cars. For Saab 
Trionic 5 ECM (Engine Control Management), it emits a 
pressure signal (MAP) at pin 20. The MAP signal is a 
voltage signal which is dependent on the pressure in the 
intake manifold. 
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Figure 4. Block diagram of hardware structure for S L F "  

The voltage at 100 kPa (1 atmospheric pressure) is approx. 
1 .O V. For RPM signal, the ECM emits an -engine speed 
signal at pin 58. This signal is frequency-modulated which 
is a pulse train whose magnitude varies between 0 and 
Bart+ (normally +12V) with approximately 30 Hz during 
idling and 85 Hz at 2500 rpm. This corresponds to 2 
pulses per crankshaft rotation. 

For Knock signal, the ECM sends out the signal at pin 
44 whenever the knocking phenomenon occurs inside the 
engine. Saab Trionic 5 does not have a conventional knock 
sensor [71. Instead the ignition discharge module analyzes 
the ionization currents for all the cylinders and sends 
signals to pin 44 on the Trionic ECM. This function is 
adaptive with respect to interfering fie1 additives. The 
ECM knows though the combustion signals which 
cylinder has fired and if the signal on the knock lead at the 
same time is above a particular value, the ECM registers 
knocking on this cylinder. Ignition i s  then retarded 1.5" on 
this cylinder. If knocking is repeated, ignition is further 
retarded, but to a maximum of 12". If the ignition 
reduction is above a particular value on a11 the cylinders, 
the amount injected is slightly increased. If knocking 
occurs when the pressure in the intake manifold is above 
approx. 140 kPa, knock control takes place in a different 
way: first both the fuel injection and ignition matrices are 
changed, and if this does not help the boost pressure is 
reduced. Figure 5 shows the hardware diagram of Saab 
Trionic knocking detection. 

Y 

Figure 6 shows the real photo of SLFNN. There is a 
nine pin connector which connect all the sensors to 
SLFNN. Power regulator (LM7805) is on the,top left of 
Figure 6. The MOSFET (lRF640B) for water injector is on 
the top right. The RISC controller is EM78458 with 8 
channels of 8-bits A/D (3 are used) and two PWM outputs 
(only one is used) which will be amplified by MOSFET to 
activate water injector. 

Noise filtering is also another very crucial issue. 
Basically the high frequency noise comes from the 
alternator when the engine is started, or even when only 
the power in ON without engine starting. We are able to 
cope with this issue with Saab 900 NG. The two 220pF' 
capactiors are for power noise filter. The other two photo 
couplers (4N25) are for RPM siganl conditioning. The IO 
LED-bar can be programmed to display the running staus, 
such as.water inection level, RPM, MAP, ..., etc. Different 
cars may require different noise filtering. 

5 Experimental Results 
We have adopted Aquaumist system 2c [6] with water 

pump, water manifold and water injector. The installation 
of water manifold and water injector in Saab 900 NG can 
be shown from the foilowing Figure 6. The water pump is 
placed in the cavity between the front left wheel and 
engine room. The hardware SLFNN 

Figure 5. Saab Trionic knocking detection 
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I 
Figure 6. The installation in Saab 900 NG 

The Dyno Test has also been preformed. However, due to 
limited paragraph, the results can not be shown in this 
paper. Roughly speaking, the Dyno Test results match 
other experimental results, i.e., torque will be increased in 
mid-revolution range (3000 rpm - 5000 rpm), emission is 
cleaner with less petrol consumption. The saving of petrol 
is about 20% after we run the car for 1000 Kms with 
roughly 700 Kms for highway cycle and 300 Kms for city 
cyle. , 

6 Conclusion 
This paper addresses the design of a new Self Learning 

FNN (SLFNN) for water injection control in a turbo- 
charged automobile. The S L F ”  not only provides the 
overall manipulation of sensor signals, but also guarantees 
the optimal convergence of the on-line training of the 
weighting factors. Since the driving conditions are 
unexpected, there is no training data available. 
Nevertheless the optimal on-line training has been done 
thru the indirectly application of dynamical optimal 
training with an approximation between knocking and 
water injection ratio. One other promis& feature of 
SLFNN is that it does not need initialization of all 
weighting factors. It will generate the desired water map as 
soon as the engine is ium on and run for a short while. 
Real implementation of SLFNN has been done in Saab 
900 NG (1994 - 1998). The application of SLFNN can 
also be used in the manipulation and control of fuel 
injection. However, this is a more challenging task due to 
the complexity inside the ECM and danger of fuel 
injeciion. 
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