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Abstract 

The  Intelligent techniques like fuzzy logic and neural networks have found various applications in different fields. As an emerging trend, it made very 
good impact  on   control system modeling and  helps to solve the problems which are so  difficult for a conventional control system. Fuzzy logic reproduces the 
mechanism of human cognitive faculty and it can reason with imprecise information where as Neural networks are good at recognizing patterns. The limitations of 
these two techniques have been overcome by a hybrid system ( like neuro fuzzy) which carries the advantages of both neural network & fuzzy models.  Works are 
being  carried out  to apply neural net works & fuzzy systems in the field of rocket engine control. An attempt is being  made to develop a  neuro – fuzzy  model 
for  detecting  the sensor failure/degradation and control the mixture ratio  by using  the same mode.  In this paper an over view of the neural networks &  fuzzy 
control system, the engine plant dynamics, the proposal of  neuro fuzzy model to control the mixture ratio  for a  more complex situations are presented.  
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I. INTRODUCTION 
In the recent years, the more & more complex problems 

are to be solved for a precise output and in a real time decision 
basis. The design of control systems with very good accuracy 
are difficult for the problems with highly non-linear in nature &  
lack of data/information.  The intelligent techniques  like  fuzzy 
logic & neural networks[1],[2] has created  a new  outlook in the 
area of the  control system modeling.  Fuzzy logic is closer  to 
human thinking, provides an inference mechanism  under 
cognitive uncertainty  and very good ability  to handle imprecise 
and inconsistent  real world data which made it suitable for a 
variety of the applications[3]. The other intelligent technique  
neural networks which works on a basic structure called neurons 
has very good advantages such as learning, adaptation, fault 
tolerance, parallelism and generalization.  Many complex 
domains have  different types of problems, each of  which may 
require different types of processing.  For a Control system  with  
more number of parameters as a feed back either fuzzy control 
or neural networks would not give better solution. In such a 
situations, hybrid version ( neuro fuzzy)  of intelligent 
techniques which takes good characters of  fuzzy logic  like 
cognitive uncertainties like human  &  good techniques of  
neural network like adaptation with learning. For a better 
solutions to a problem, it is always advantages to incorporate the 
concept of fuzzy logic into neural networks.   These techniques 
have found various applications in  different  fields. As an 
emerging trend, for the  propulsion control system, to control the 
rocket engine performance in real time, intelligent techniques  
has been envisaged.   

The design of Cryogenic  Rocket engines are complex and 
development is a peculiar task. During the testing, to ensure the 
safety of the engines, some of the critical parameters are to be 
controlled as a close loop mode. Mixture ratio (MR) one of the 
such critical parameter  which is  expressed as  a ratio of  mass    
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of oxidizer flow and fuel flow. MR is controlled by taking 
parameters flow, temperature and pressure as a feed back. A  
good performance of  feed back sensors with better accuracy is  
very much essential to a control system operations for the 
engines. Any failure of the sensor leads to a problem in 
controlling  the mixture ratio, which  lead  to a abnormal 
situations  such as components damage due to fire & 
explosion;  unnecessary aborts  of the process. The    
conventional control  systems  are  generally  designed to  
control the mixture ratio of the rocket engines with in a 
selected  control band of  a actual mixture ratio. The control 
system starts with heakth check of  the feed back sensors and 
in case of the failure, control system algorithm  is  designed  to 
take fixed value  for the parameters. By  using constant value 
for a  feed back parameter, close loop control is lost  & 
subsequently  engine starts works in a open loop mode  with 
out precise control and in particular with all the engine tuning  
errors. Also sudden degradation of  sensor like flow meter 
coefficient drift during engine operations  is not considered  in 
the conventional algorithm. Hence failure detection  which 
includes the  degradation of the sensor is very much essential 
for the better reliable operations and controlling of  mixture 
ratio of the rocket engines.  

There has been extended work to identify  the sensor 
failure detection & isolation in the jet engine failure diagnosis 
problem [4]. This approach  utilizes the engine model & 
Kalman filter to detect and isolate the failure  and there by 
strongly  dependent upon the  reliable system model. For 
Space Shuttle Main engine (SSME),  neural network based  
model has  been developed   &  simulated for  the sensor 
failure  detection and   recovery[5], [6]. The same work  has  
been extended  to estimate the  mixture ratio  of the SSME [7] 
and control the mixture ratio. All these approaches either 
depends on a reliable system model or  it is insufficient to find 
out the sensor degradation.   

In one of  the Cryogenic rocket engines  which works 
on the propellants : oxidizer – Liquid Oxygen (LOX) & fuel – 
Liquid Hydrogen (LH2), stand alone hot test, actual mixture 
ratio has gone up to a level of 3% because of the flow meter 
coefficient drift. The conventional control system which was 
engaged for the test,  treated the flow meter reading as a actual 
flow of the propellants & controlled  the mixture ratio to a 
required value. Engine would have been damaged if the 
mixture ratio was in  abnormal higher level. This problem has 
been analysed in detail and for solving  the problem,  fuzzy 



logic with mamdani  model was used  by taking additional feed 
back parameters like chamber pressure and proper formulation 
of  if-then-rules [8]. Even though these  kinds of problems are 
being addressed by neural networks & fuzzy logic, for a 
complex situations with more number of  feed back parameters,  
hybrid system is a proper answer for a better solution because of 
it’s adaptability of  advantages of  both neural & fuzzy 
techniques.  
 In this paper, an overview of the intelligent techniques : 
Artificial Neural network, Fuzzy Inference System,  Neuro fuzzy 
model, the general system dynamics (plant dynamics) of a rocket 
engines,  results of the simulation of the fuzzy model are 
discussed. 
 
II. ARTIFICIAL NEURAL NETWORKS (ANN)  FOR THE 

CONTROL APPLICATIONS 
The theory of Artificial Neural Network (ANN) has been 

greatly  developed in the recent years. Due to its strong 
nonlinear mapping and learning abilities, applications of ANN to 
control systems have been so successful in the discipline of 
automatic control. Mainly, there are two kinds of applications of 
neural networks to control systems, namely Neural-Network-
Integrated Control (NNIC) and Neurocontrol or Neuromorphic 
Control (NC). NNIC is a  control schemes that use neural 
networks to enhance the performances of some conventional 
control strategies, such as adaptive control, optimal control, 
internal model control and predictive control. NC, on the other 
hand, uses neural networks directly as the controller and no 
other conventional control means are involved 

 
1. ANN  models :  

ANN model  consists of nodes that simulate the neurons and 
weighting factors  and the  basic  structure  is given in fig(1). 
 
 
 
 
 
 
 
 

 
 

 
 
 
 
 

The neurons are also modeled as switching functions 
that take just two discrete values (on / off). The “switching” is 
softened to “saturation” in common usage for learning of the 
synaptic weights and to admit the modeling of continuous 
functions. The neural networks working with approximate 
functions of the form  
          y = f(x)                                              (1) 
where x and y are input and output vectors and  f(*)  is the 
relationship between them. Instead of approximating the 
function  y=f(x)  by a series, an N-Iayer neural network 
represents the function by recursive operations,  
 
x(k)=s(k) [W(k-1)x (k-1)] = s(∆k) [η(k)],  k=1 to N                (2) 

One of the inputs to each layer may be a unity threshold 

element that biases the activation-function output. The sigmoid 
is commonly used as the artificial neuron. It is a saturating 
function defined  as : 

   
      σ(η)= 1/(l + e-n)             for output in (0,1)  
 
or   σ(η)= (l - e-2n)/(1 + e-2n) = tanh η    for output in (-1,1)  
 

Any continuous mapping can be approximated 
arbitrarily closely with  sigmoid networks containing a single 
hidden layer (N =2). Back propagation learning algorithms for 
the elements of W(k) typically involve a gradient search 
although learning speed and accuracy are improved using the 
extended Kalman filter. The Cerebellar Model Articulation 
Controller (CMAC) is an alternative neural network 
formulation with somewhat different properties but similar 
promise for application in control systems. The schematic of  
the typical ANN model is given as fig(2). 
 
 
 
 

 
 
 
 
 
 
 

 
 
 
 
 
 
 

 
Equation (1) can represent many functions of 

importance in dynamics and control. Defining x as 

[x(t),u(t),w(t),p],  neural networks can model plant dynamics 

for the real time applications. There is an advantage to 
expressing a linear control law by a neural network model. To 
the specific,  when the  control gain matrix is scheduled by 
operating point or time, that relationship could be modeled by 
a neural network. In general, if a nonlinear control function 
such as u = (x,xdesired,t) is generated by optimization, nonlinear 
inversion, or model matching, it can be represented by a neural 
network.  

Neural networks can be applied to failure detection 
and identification by mapping data patterns (or feature 
vectors) associated with failures onto detector / identification 
vectors. To detect failure, the output is a scalar, and the 
network is trained with "1" corresponding to all failure 
patterns and "0"corresponding to no failure. To identify 
specific failures, the output is a vector, with a training value of 
"1" in the, i th  element corresponding to the i th failure mode. 
For M failure modes, either M neural networks with scalar 
outputs are employed or a single neural network with M-
vector output is used. Thus,  neural network could be used for 
the decision-making logic in Failure Detection  and  Isolation 
(FDI).  

 

 

Input Signal Output Signal 

Input Layer 1. Hidden Layer 2. Hidden Layer Output Layer 

Fig(1) Basic Structure of ANN model 
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Fig (2) Schematic of  ANN model 



Neural networks which are  intended to detect failures, 
would learn from monitoring normally operating plants or from 
the accurate simulation data of the system plant. In any case, the 
neural – network learning rate is very slow for the more number 
of  the variable so that  to detect the  system failures in real time 
is difficult. Hence, as an alternative  intelligent technique,   
“fuzzy logic”  can be studied depends on the applications and 
the available  input data.   
 
2. Studies on the control of  Mixture Ratio (MR)  for 

SSME engine  using the neural networks:  
 

For the SSME engine,  to detect and isolate the faulty 
sensors, feed forward neural networks with sigmoidal activation 
functions have been used.  There are two approaches envisaged 
to validate the sensor  using neural network.  The first scheme is 
a two-step approach.  A detection neural network is first used to 
detect the sensor which is not consistent with other  sensor and 
another groups of network is used to recover the measurements 
of the failed sensors.  The second scheme utilizes one auto 
associative neural network with detection logic  to do the sensor 
failure detection and isolation.  These two approaches have been 
successful for sensor validation in both simulation and hot test 
data.  In these two studies, a group of sensors was selected 
because of the known  inter-dependency between its members.  
These sensors also cover the critical information that is used in 
the control of the SSME during main stage. 

The current SSME operation requires the control of the 
thrust and combustion mixture ratio.  Engine thrust is controlled 
by the regulation of PC (combustion chamber pressure) and  MR 
is not directly measured in the flight configuration. All  the 
sensor measurements which participate  in the mixture ratio 
estimation, are covered in the  sensor group list of   the sensor 
validation studies. Hence , it can be assumed that the mixture 
ratio can be recovered during a sensor failure.  However, the 
estimated mixture ratio may not accurately reflect the actual 
combustion mixture ratio because of the limitation of the 
empirical estimation formula.  In the test bed firing, the true  
mixture  ratio information can be accurately calculated because 
of the theoretical value of the mixture ratio is readily available.  
It is the goal of this study to construct  a mixture ratio estimator 
that is accurate across a wide range of operation and robust to 
sensor failures.  
2.1 Neural network estimators 

In building  of a neural network  estimator for the 
mixture ratio of the SSME, there are  two  approaches identified.  
The first approach expands the existing validation network to 
cover an additional out put for the estimation of the mixture 
ratio.  In the  earlier studies, there were nine sensors selected as 
the input variables  and nine outputs variables which provide the 
estimation whether sensor is faulty or not, also were also 
assumed.  During the course of the study, it was found that the 
additional information of two control valve positions - Fuel 
Prebumer Oxidizer Valve (FPOV) & Oxidizer Preburner  
Oxidizer Valve (OPOV)  are important for this  approach.  
Along with these two additional inputs,  one more additional 
output which  is a mixture ratio estimate, completes the neural 
network estimator model for mixture ratio.  The training data 
were generated from the real-time SSME simulation for the stat-
up and operation is under open loop control while main stage 
operation is closed controlled on chamber pressure and mixture 
ratio.   

The second approach  uses  a separate neural network  
for the mixture ratio estimation.    Again, the two valve 
positions as the originally  selected sensor measurements are 
used to estimate the actual mixture ratio.  The network used 
for  this  has input layer with 11 nodes, two hidden layers  
with 20 nodes and an output node for the mixture ratio 
estimate .  

In this study , the training set of the neural network is 
generated  by the dynamic simulation of the SSME model.  
The date include start-up  transient, the 100% operation 
weights of the neural network connections.  The training 
procedure of the network is  as follows: 
(1) randomly select one data set  from  training data sets. 
(2) randomly select failed sensors from the  nine input 
       sensors available.  
(3) for each failed sensor select a random value (between 0  
        and 1) as the input to the neural network to simulate the 
        failed condition of that sensor. 
(4) use the back-propagation algorithm to adjust  weights  
        so that the output of the network will match the desired  
        parameters.   
(5) repeat step (1) to (4) until the network converges. 
 
  The randomization of the training process has been very  
effective in the training of a robust estimate that will be 
insensitive to the sensor failure condition.  
       

III. FUZZY LOGIC FOR THE CONTROL  
After Zadeh  introduced Fuzzy sets and published the 

method of characterizing  uncertainty with the fuzzy set [9], 
fuzzy set theory & fuzzy logic has grown in to the various 
discipline  such as fuzzy reasoning, fuzzy inference system 
and fuzzy modeling. Also fuzzy logic finds various 
applications like signal processing, data base management, 
computer vision, decision making and  control  applications. 
Over view of the fuzzy systems and fuzzy control model 
generation are presented  in this chapter. 
 
1. Fuzzy set and membership functions (MF): 

A classical set  is a crisp set with crisp boundary 
where as the fuzzy set  is without  a crisp boundary and termed 
as  a transition from the ‘belong to a set’ to ‘not belong to a 
set’. Generally a fuzzy set  A in the set X is expressed as a 
ordered pair and totally characterized  by a member ship 
function (MF). 
 
 
Where A is a  Fuzzy set,  µA(x) is a  Membership function (MF) 
and X is the Universe of discourse.  

 
Fuzzy set can have it’s  universe as a discrete set or 

continuous set. The examples for the discrete and continuous 
universe set is given  below.  
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Fuzzy set A = “sensible number of children” ,   
X = {0, 1, 2, 3, 4, 5, 6} (discrete universe) 
A = {(0, .1), (1, .3), (2, .7), (3, 1), (4, .6), (5, .2), (6, 
.1)} Fuzzy set B = “about 50 years old”, 
 X = Set of positive real numbers (continuous) 
B = {(x, µB(x)) | x in X}     
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To define the MF, several classes of parameterized 
functions  are commonly used  and some of them are 
triangular MF, Sigmoidal MF,  Gaussian MF,  generalized bell 
MF. These functions play an important role in modeling   in 
modeling fuzzy inference systems.  
 
2. Fuzzy Models (Fuzzy Inference System) 

Fuzzy model or Fuzzy inference system  is based on the 
concept of  fuzzy set theory, fuzzy  if-then rules and fuzzy 
reasoning. Basic fuzzy models  consist of   crisp set, 
fuzzification system  with  MF,  logic rules & aggregator  to take 
decisions, de-fuzzification  for  converting  the fuzzy out put 
values to crisp  value.  Typical fuzzy control model  is given  as  
fig(3)  
 

 
 
Fuzzy Control system starts with the crisp inputs, then 
implements a nonlinear  mapping from a input space to a output 
space. This mapping is done by  a number of  fuzzy if-then- 
rules  which  describes the logical behavior of the mapping such 
that the antecedent of the each rule defines a fuzzy region of the 
input space and consequent  specifies the  relative output space. 
Out come of the all rules are then aggregated  to give final 
output value (fuzzy value). Finally  the fuzzy output value is 
defuzzified into crisp value by defuzzification procedure.There 
are various techniques  for the defuzzification. Some of them are 
: centroid, bisector, middle of maximum (the average of the 
maximum value of the output set), largest of maximum, and 
smallest of maximum. The most popular defuzzification method 
is the centroid calculation, which is a  center of area under the 
curve. 
For discrete  and continuous system the center of sum is defined 
as: 
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3.Types of  Fuzzy Control Models (FCM) :   
Among the various  types of FCM available , three  fuzzy 
inference systems  have been widely  employed in various 
applications. 
 
 
 

3.1 Mamdani Fuzzy model : 
 

The mamdani fuzzy model [10] was proposed as the very 
first attempt  to control the stream engine by a set of linguistic  
control rules obtained from experienced human operators. This 
model uses centroid calculation as  the defuzzification method  
and fuzzy firing rules are of the form: 
                          If  x is in A  then y is in B     
                  (example :  if x is small  then y is small)  
 The fuzzy rules are combined by  min-max  composition  
techniques. 
 
3.2 Sugeno Fuzzy Model  or  TSK model  
 
This  is a systematic approach [11]  to generate fuzzy rule 
from a given input-output data set. A typical  fuzzy rule in a 
sugeno fuzzy model has the form 
 
                      If x is A and y is B  then z = f(x,y)  
                 (example :  if x is small then y = 0.1x +6.4)  
Where  A an B are fuzzy sets in the antecedent and z = f(x,y) 
is a crisp function  in the consequent. Usually f(x,y) is a 
polynomial function and when the polynomial of  zero order, 
it is a special case of the mamdani model.   In this model the 
defuzzification  is replaced by  weighted average or weighted 
sum which avoids the time consuming procedure of the 
defuzzification. Fig(4) gives an example of TSK model for 
two rule set.  
 

 
  
3.3 Tsukamoto Fuzzy Model : 
This model differ from other models  that the consequent of 
each fuzzy if-then rule is represented by a fuzzy set with 
monotonical  MF.  Thus the output from the firing rule is 
defined as  a crisp value and overall output is taken as the 
weighted average of  each rule’s output. The firing rule of  the 
form 
             If x in A then y is C1 (monotonic function)  
                   example  is  if x  is small then y is c1  
This model also does not have defuzzification process as 
sugeno fuzzy model. The main disadvantage of this model is 
that it does not follow the compositional rule of inference.   
 
 



IV. A NEW TREND - INTEGRATION OF FUZZY LOGIC 
AND NEURAL NETWORKS 

 
Hybrid systems combining fuzzy logic, neural 

networks, genetic algorithms, and expert systems are proving 
their effectiveness in a wide variety of real-world problems [12]. 
Among them, combining  neural networks & fuzzy logic is more 
effective in the control system development. As explained in the 
earlier chapter, Fuzzy logic aims at reproducing  the mechanism 
of human cognitive faculty. In fuzzy controllers linguistic rules 
embody the knowledge on how to control a physical plant. 
Fuzzy logic systems  can also reason with imprecise 
information, are good at explaining their decisions, but cannot 
automatically acquire the rules which are  used to make those 
decisions. A Fuzzy controller  require fuzzification of the input 
variables and de-fuzzification of the composite fuzzy set of the 
output in order to obtain a crisp output from the controller. 
Neural networks attempt to emulate the human brain at the 
physiological level as briefed in the earlier chapter.  In a neural 
controller,  knowledge is embedded in the structure & the 
synaptic weights of the network and  neural networks are good 
at recognizing patterns, not good at explaining how they reach 
their decisions. Also neural controllers use simple arithmetic 
techniques. In both cases, current data from the physical plant 
being controlled is stored in a real-time database and then 
processed by an appropriate algorithm.  To take  the advantages 
of  both fuzzy & neural networks,  realization of  fuzzy 
controller with the advantage of  artificial neural net-works 
(because of their inherent parallelism and their superior 
computational speed) is envisaged. This neuro fuzzy  controller 
is capable of significantly higher bandwidth as required in a 
number of critical situations.  
  
1. Fuzzy – Neural  models : 

The computational process for fuzzy neural systems starts 
with the development of a "fuzzy neuron"  followed by 
learning mechanisms and  following  are the basic  steps in a 
fuzzy neural computational process: 

• development of fuzzy neural models.   
• models of synaptic connections which incorporates 

fuzziness into neural network, 
• development of learning algorithms  (that is the method 

of adjusting the synaptic weights) 
 

It is possible to “neu-ralize” a fuzzy controller or “fuzzify” a 
neural controller. The  principal characteristics of  hybrid 
neuro-fuzzy controllers are :  

• they possess an architecture derived from both 
techniques,  

• they have elements of both fuzzy and neural controllers, 
each of which performs a separate task  

• their design methodology is a combination of the two 
techniques.  

 
Two possible models of fuzzy neural systems are  

• In the first  model, in response to linguistic statements, 
the fuzzy interface block provides an input vector to a 
multi-layer neural network. The neural network can be 
adapted (trained) to yield desired command outputs or 
decisions.  The schematic of the  model is given as  
fig(5). 

 
 
 

• In the second model,  a multi-layered neural network 
drives the fuzzy inference mechanism. The schematic of 
the  model is given as  fig(6). Neural networks are used to 
tune membership functions of fuzzy systems that are 
employed as decision-making systems for controlling 
equipment.  

 

 
 
 

For neural networks, the knowledge is automatically 
acquired by the back propagation algorithm, but the learning 
process is relatively slow. But  Fuzzy systems are more 
favorable in that their behavior can be explained based on 
fuzzy rules and thus their performance can be adjusted by 
tuning the rules. Since, in general, knowledge acquisition is 
difficult , applications of fuzzy systems are restricted to the 
fields where expert knowledge is available and the number of 
input variables is small. To overcome the problem of 
knowledge acquisition, neural networks are extended to 
automatically extract fuzzy rules from numerical data. The  
general approaches use neural networks to optimize certain 
parameters of an ordinary fuzzy system, or to preprocess data 
and extract fuzzy (control) rules from data. Based upon the 
computational process involved in a fuzzy-neuro system, it 
may be broadly classify the fuzzy neural structure as feed 
forward (static) and feedback (dynamic). 
  
2. The Berenji’s  Fuzzy- Neuro Model : 
 

A typical fuzzy-neuro system is Berenji's ARIC 
(Approximate Reasoning Based Intelligent Control) 
architecture. It is a neural network model of a fuzzy controller 
and learns by updating its prediction of the physical system's 
behavior and fine tunes a predefined control knowledge base. 
This  architecture allows to combine the advantages of neural 
networks and fuzzy controllers. The system is able to learn, 
and the knowledge which is used within the system is of form 
of fuzzy “IF –THEN” rules. By predefining these rules,  the 
system has not  learn from scratch, so it learns faster than a 
standard neural control system. 
 

Fig ( 6)   Model -02  of  the Neuro Fuzzy System 

Fig (5 )   Model -01  of the Neuro Fuzzy 



ARIC consists of two coupled feed-forward neural 
networks, the Action-state Evaluation Network (AEN) and the 
Action Selection Network (ASN). The ASN is a multilayer 
neural network which is a  representation of a fuzzy controller. It 
consists of two separated nets, where the first one is the fuzzy 
inference part and the second one is a neural network that 
calculates p[t, t +1], a measure of confidence associated with the 
fuzzy inference value u(t + 1), using the weights of time t and the 
system state of time t+1. A stochastic modifier combines the 
recommended control value u(t) of the fuzzy inference part and  
the "probability" value p and determines the final output, value  
which is given as: 

u'(t) = o(u(t),p[t, t   1])          (3) 
 

The hidden units Zi of the fuzzy inference network 
represent the fuzzy rules, the input units xj the rules antecedents, 
and the output unit u is a  representation of  all   the control 
actions  which  is the defuzzified combination of the conclusions 
of al1 rules (output of hidden units). In the input layer the 
system state variables are fuzzified. Only monotonic 
membership functions are used in ARlC.  The membership 
values of the antecedents of a rule are then multiplied by weights 
attached to the connection of the input unit to the hidden unit. 
The minimum of those values is its final input. In each hidden 
unit a special monotonic membership function representing the 
conclusion of the rule is stored. Because of the monotonicity of 
this function the crisp output value belonging to the minimum 
membership value which can be easily calculated by the inverse 
function. This value is multiplied with the weight of the 
connection from the hidden unit to the output unit. The output 
value is then calculated as a weighted average of all rule 
conclusions. 
  he AEN tries to predict the system behavior. It is a 
feed-forward neural network with one hidden layer, that receives 
the system state as its input and an error signal r from the 
physical system as additional information. The output u[t, t'] of 
the network is viewed as a prediction of future reinforcement, 
that depends of the weights of time t and the system state of time 
t', where t' may be t or t + 1. Better states are characterized by 
higher reinforcements. The weight changes are determined by a 
reinforcement procedure that uses the output of the ASN and the 
AEN.  Fig(7) gives the  neuro-fuzzy model proposed by Berenji. 
 

 
 

V. PLANT   DYNAMICS  OF A CRYOGENIC ENGINE  
& CONVENTIONAL CONTROL SYSTEM  

 
Cryogenic  Engine mainly consists of  turbo pump system 
(TP) to boost the fluid pressure from low  pressure at the 
storage tanks to deliver high pressure to the Engine , gas 
generator (GG) in which entire fuel has been burned with very 
low quantity of the Oxygen ( it is known as low mixture ratio 
combustion) and resultant product is used for driving the main 
turbine, start up bottle where the cold Helium gas (GHe) is 
stored and used for the initial starting of the engine and fluid 
control components. In general, based on the mission 
requirements, Cryogenic  engine is designed to operate at a 
Mixture ratio between 5 to 6. Considering the accuracy of 
engine tuning and variations in propellant inlet conditions, 
deviation in mixture ratio to the extent of -3 % to 7 % is 
possible during flight if it is not controlled by closed loop 
mode by the Mixture Ratio Control (MRC) system.  
The MRC system comprises of a regulator, regulator drive, 
LOX flow meter, LH2 flow meter, LOX temperature sensors 
and control electronics. It is intended to control, the  mixture 
ratio within ±1.5% by MRC system. The LOX and LH2 flow 
meters measure the volumetric flow rate of the respective 
propellants and the LOX temperature sensor measures the 
LOX temperature. Using the volumetric flow rates of LOX 
and LH2, the temperature of LOX, the control system 
computes the control command required to correct the 
deviation in mixture ratio with the help of mixture ratio 
control algorithm. Based on the control command, the 
regulator drive actuates the mixture ratio control regulator 
mounted in the engine LOX feed line, to maintain the mixture 
ratio to the required value.  
 
1. Plant  Dynamics 

For MRC system the plant dynamics has been work out 
and following are the some of  equations used for the 
dynamics.   
LH2 Flow Rate (mf)   :  
 mf = mf(l) + ∆mf(P) + ∑∆mf®                           (4) 
 
Flow rate of LH2 while engaging the MRC System ( mf(l) )
 m(n) [1+ δ m(n)] 
     =      ______________                               (5)    
           1+K m(n)(1+ δK m(n))           
 
 LH2 flow rate change due to the change in propellant 
condition from nominal values ( ∆mf(P) )  
∆mf(P) = Af (∆Po)+ Bf (∆Pf)+ Cf (∆To)+ Df (∆Tf)     (6)  
            
LH2 flow rate change due to the movement of the MRC 
regulator (∆mf®) 
   ∆mf® = K2f(α). (αi – αi-1)                     (7) 
 
LOX Flow rate  (mo)   :   
mo = mo(l) + ∆mo(P) + ∑∆mo(R)                (8) 
 
Flow rate of LOX while engaging the MRC System (mo(l)) = 
mf(I). [Kmn (1 + δKmn)]                    (9) 
 
LOX flow rate change due to the change in propellant 
condition from nominal values (∆mo(P) ) 
∆mo(P)= Ao(∆Po) + Bo(∆Pf) + Co(∆To) + Do(∆Tf) (10) 

Fig (7)   Berenji  Neuro Fuzzy System 



LOX flow rate change due to the movement of MRC regulators 
(∆mo® )  
∑∆mo(R)=K2o(α).(αi–αi-1)                                            (11) 
      
LOX flow signal (No)  
 
mopul = √ [mo2- b.sin(2Лft)/c]   (12) 
 
Qo = mopul/Po                               (13) 
fo = (1/bo) (Qo – ao) (1+δQo + Ψo)  (14) 
 
Noi  =  72/ to(1)+72/ to(2) + 72/ to(3)     
   3     (15) 
LH2 flow signal (Nf)  
 
mfpul=[mf-d.b.sin (2Лft-arctan (2 ЛfT fc)) ]+ 0.170      (16) 
                             
                                 √ (1+ (2ЛfT fc)

 2) 
Qf =  mfpul / pf                                           (17) 
ff =  (1/bf)  (Qf-af)  (1+ δQf + Ψf )              (18) 
 
2.  Mixture Ratio (MR) Control  by the conventional control 
system : 
 

Conventional control system is designed  to control the 
mixture ratio to a specified value within the specified band of  
±1.5%  by taking LOX flow, LH2 flow, LOX temperature 
measurements as feed back for the computation  to the model. 
Each cycle of   computation is taken as 500ms  and in that time 
frame, deviation in  the mixture ratio is calculated by  the 
equation,       
 
                        A (ao +bo fo) (1+B∆Ro
                        
 ∆K =          -1     *100   (19) 
                      Kr�af +bf  ff ) [1+C∆Rf] 
 

The deviation is converted in to the number of pulses 
by using the gain and sensitivity parameters of the control 
elements in the loop and finally LOX flow to the Engine is 
controlled  by   moving of the LOX flow regulator to the 
calculated position.   

The MRC  algorithm  is designed to check the validity 
of    the sensor measurements  of the input parameters  by giving 
a wide band  and  come out of the algorithm if the check fails. 
Then the control system goes to a open loop by taking fixed 
value for the failed parameter and as a result the close loop of 
control  with a specified value  is lost. Once  the control is  open, 
because of the error in engine tuning, initial propellant 
conditions, and tank pressure  settings, error in MR shall go up 
to ± 3% to  ±7%, This is very dangerous situation for the engine 
operations.  Once the validity checks are over, algorithm 
computes the deviation in MR from the desired MR and 
computes how much flow area of the regulator has to opened or 
closed  in terms of the angle.  
 

VI. FAILURE OF  CONTROL SYSTEM TO DETECT 
THE  SENSOR FAILURE DURING  OPERATIONS & 

STUDIES ON RECOVERY OF THE SENSOR BY  FUZZY 
LOGIC : 

 
Even though, the conventional control system  takes care of 

the health check of the sensors, sudden degradation of the 

sensors is not taken care. Various Cryogenic Engine stand 
alone tests (ground tests) are to be carried out to qualify the 
engine  or the flights  usage. This section explains the failure 
of the conventional control system to detect the flow meter 
failure in a particular tests.  

 
1. Undetection of  flow meter drift by  conventional 

control system: 
During one of the engine test,  the  LOX flow to the engine  

read   lower  side than the  actual value  because of the drift in   
the flow meter from the start of the engine operations.  As per 
the MRC algorithm, once the close loop algorithm is engaged 
at 11s, health checks of the flow meter is carried out for the 
since the sensor health check is within the threshold value,  
control system took the flow  data as valid data and  computes 
the deviation in MR. As per control system computation, the 
deviation of MR is within the specified value and therefore 
control command for the correction of LOX flow  is not 
generated. However, at the same time, thrust control of the 
engine in the ground tests is controlled by  taking chamber 
pressure (PC) as a feed back. The chamber pressure is again  
influenced by LOX & LH2 pumps delivery pressure which are 
connected to the same shaft and powered by the same turbine. 
Therefore, when LOX flow is not regulated, to maintain the 
same total flow rate, the system dynamics automatically 
adjusted the LH2 flow.  Control system works with flow meter 
reading, but  actual LOX flow is higher and LH2 flow is also 
lower, the actual MR  is higher where as control system  
mixture ratio is  within the specified value.  The MR is 
calculated for every computation cycle, by taking actual LOX 
flow & LH2 flow which is around 6.15 instead of  targeted 
MR of 5.65.  
 
2.Implementation of fuzzy logic  to detect the sensor failure  

The short coming of  the  conventional control system  can 
be over come by the Fuzzy Control Model because fuzzy 
control model has a advantage of implementing human 
intuition and taking decisions with imprecise data compare to 
the Neural network models. An attempt  is made to develop a 
fuzzy model  by using the existing MRC algorithm and adding 
the fuzzy module to detect the  sensor failure/degrade. For the 
ground stand alone test, engine chamber pressure (PC)  is 
measured and  that  is used as a additional variable to detect 
the sensor failure. From the ground test data, it is noted that 
actual MR increase is reflected in the PC measurement 
because of the  flow rate change. Fig(8)  shows the increase in 
the PC because of the LOX flow change.  The increase is  
approximately 0.8 bar in 62 bar  nominal PC  which is 1.3% 
increase. Hence this is within the control limit of  ±1.5%, this 
increase is not controlled. The change in PC is used in the 
fuzzy model to detect the sensor failure/degradation. In this 
work, mamdani fuzzy model is used because of  its advantage 
of implementing human intuition.  Triangle form of the 
membership function is selected to have a better mapping of 
the fuzzy rules.  
 
2.1 Fuzzy logic approach  for the problem:   
a. Value assignment  for the fuzzy input & output variable: 
 Calculate  the difference between the desired pressure and 

the actual pressure (read by the sensor) which is called as 
pressure error (e). Also  calculate the actual pressure error 
rate  which is a rate of change of pressure dp/dt and denoted 



by ‘de’. In this application, for the error,  seven fuzzy variable  
A: (1,2, ….,7) which are consistent with linguistic variable 
Positive Big (PB), Positive medium  (PM), Positive Small  
(PS) , Zero (Z), Negative  Big (NB), Negative  medium  
(NM), Negative  Small  (NS). For the  error rate also seven 
fuzzy variable  B: (1,2, ….,7) and the linguistic variable set  
{PB,PM,PS, Z, NB, NM,NS) is considered. Fuzzy output 
variable, the control quantity(z), also uses seven fuzzy 
variable  on the universe C: (1,2, ….,7). 

b. Construction of  membership function  (triangle type) for the 
values of the linguistic variable set    {PB,PM,PS, Z, NB, 
NM,NS)   for both  error,  error rate  and control output.  

c. Construction of  fuzzy rules.  
 For this application nine  fuzzy rules are formed  based on the 

intuition which are of the type: 
if error (e)  is  A  and error rate (de)  is B  ⇒  z is C  
Each rule is translated into a fuzzy relation R and will result  
the linguistic variable C.  

d. Conversion between  fuzzy variables and precision quantities: 
A standard procedure of  maxima – minima composition  
principle  is used to get the fuzzy output quantity. Output is a 
fuzzy action variable (control rules) 

e. Development of  the control table:  
The next step is  the development of the  FAM table. The nine 
rules are summarized as 3 × 3 FAM which is a values for the 
control action. The defuzzification of the output fuzzy value is 
done in this step  and  the centroid  method is apply for the 
application.  

f. The final  FAM gives the control out put the system to the  
every cycle of 500 ms . 
Using this approach,  a fuzzy  module has been developed  by  

using the high level computer language. This module is properly  
interfaced  with the standard mixture ratio control algorithm. 

 
2.2 Simulation of the problem and  results:  
Number of  Simulation trials have been carried out with the  
LOX flow meter failure conditions by using the developed 
model.  Fig(8) & fig(9)  gives the some of the  simulations 
results. It can been seen that the simulation of the  LOX flow 
matches with the actual flow within very good  accuracy.  

 
 
 

 
 
 

 
VII.  CONCLUSIONS 

 
In this  paper,  the concept of various  intelligent  

techniques  & models for the  application of  mixture ratio 
control for rocket engines  are  explained. Also the use of  
neural networks models to a mixture ratio estimation  for the 
space shuttle main engine (SSME)  by NASA is highlighted. 
The simulation model which is based  on the Fuzzy logic & 
Mamdani model (works  with set of fuzzy rules and related  
membership functions)  for the  sensor  failure detection 
during the engine operations  is briefed. On the simulation,  
the model  gives reasonable  output. However, this model can 
be improved by adding more variables instead of  adding only 
one variable (PC). Also as an improvement for the future work 
with more variable, development of neuro fuzzy model is 
planned. In this work, the specific fuzzy module which detect 
the sensor failure is coupled with the  standard  mixture ratio 
control algorithm. This can be completely  avoided by the 
newly proposed neuro fuzzy model. The simulation by using 
Matlab- Simulink  is also planned instead of  using high level 
language.  
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LIST OF  NOTATIONS :  
W(k-l)  = Matrix of weighting factors determined by the  

learning process of a neural networks. 
s(k)[.]  = A collection of an activation - function vectors  
                  whose elements normally are identical, scalar,  
            nonlinear   functions.    
σi(ηi)  = An activation function of a particular neural node  
                  ( function of the type sigmoid). 
µA(x)  =  A  Membership function (MF) with variable x in  
                   set X is the Universe of discourse 
u(t)      = control  command function at time ‘t’ 
p[t,t +1] = A measure of confidence associated with the  
                  fuzzy inference value u(t + 1) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
mf(l), mo(1) = LH2 & LOX flow rate at the time of engaging 

the MRC algorithm 
m(n)      =     Nominal total propellant flow rate  (LOX + LH2) 
∆mf(P), ∆mo(P) = LH2&LOX flow rate change due to change 

in propellant condition.  
δ m(n)    = Engine tuning error on propellant flow rate                                                      
K m(n)   = Nominal mixture ratio of the engine.  
∆K        = Deviation in the mixture ratio  
δK m(n)  = Engine tuning error on mixture ratio  
Qo , Qf = Volumetric flow rate of LOX  & LH2 (output from 

flow rate)  
Po, Pf    =Density of LOX & LH2 for the location  near flow 

meter  
To         = LOX Temperature   
ao, bo, af, bf  = LOX & LH2  flow meter constants 
∆Ro, ∆Rf     

      = Reference temperature resistance  
Af, Ao = Coefficients of oxygen pressure influence on the  

hydrogen & oxygen   flow rate 
Bf , Bo = Coefficient of hydrogen pressure influence on the 

hydrogen & oxygen   flow rate 
Cf , Co  = Coefficient of LOX temperature influence on the 

hydrogen & oxygen  flow rate  
Df , Do  = Coefficient of hydrogen temperature influence on 

hydrogen & Oxygen   flow rate 
 


