
ABSTRACT 

SHEN, HENGLIANG. Advanced Feedwater Control for Next Generation Nuclear Power 

Systems. (Under the direction of J. Michael Doster). 

In current generation Pressurized Water Reactors (PWRs), the control of Steam Generator level 

experiences challenges over the full range of plant operating conditions. These challenges can be 

particularly troublesome in the low power range where the feedwater is highly subcooled and 

minor changes in the feed flow may cause oscillations in the SG level, potentially leading to 

reactor trip. 

Substantial attention has been given to feedwater control systems with recognition of the difficulty 

of the full range feedwater control problem due to steam generator level shrink-swell phenomena, 

changes in valve and flow path characteristics, and other nonlinear phenomena over the full range 

of operating conditions[1]. The IRIS reactor concept adds additional challenges to the feedwater 

control problem as a result of a steam generator design where neither level or steam generator 

mass inventory can be measured directly[2].  

Neural networks have demonstrated capabilities to capture a wide range of dynamic signal 

transformation and non-linear problems[3-5]. In this project a detailed engineering simulation of 

plant response is used to develop and test neural control methods for the IRIS full range 

feedwater control problem. The established neural feed controller has demonstrated the capability 

to improve the performance of SG level or mass control under transient conditions and over a 

wide range of reactor power including abnormal conditions.  
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Chapter 1 Introduction 

1.1 IRIS Overview 

The nuclear power industry has been developing and improving reactor technology for almost 

five decades and is preparing for the next generation of reactors to fill orders expected in the 

next five to twenty years. The IRIS (International Reactor Innovative and Secure) program 

began in October 1999 as one of the winning proposals in the first Nuclear Energy Research 

Initiative (NERI) sponsored by DOE, and has since progressed through the conceptual design 

and moved to a state in the preliminary design[6].  

 

IRIS is a modular pressurized water reactor with an integral configuration (all primary system 

components – pumps, steam generators, pressurizer, and control rod drive mechanisms – are 

inside the reactor vessel). It is offered in configurations of single or multiple modules, each 

having a power rating of 1000 MWt (about 335 MWe)[7]. 

 

The IRIS steam generators are a once-through, helical-coil tube bundle design, where the 

primary side reactor coolant flows on the outside of the tubes and the feedwater/steam flows 

inside the tubes[7]. The current design calls for the steam to exit the tube bundle superheated, 

so no true level exists in the conventional sense.   
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Figure 1-1: IRIS containment[7]  
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Figure 1-2: IRIS Integral Layout[7]  
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Figure 1-3: Mock-up of IRIS Helical Coil Steam Generator[7] 

 

1.2 Motivations 

In current generation Light Water Pressurized Water Reactors (PWRs), the control of steam 

generator level experiences challenges over the full range of plant operating conditions.  These 

challenges can be particularly troublesome in the low power range where the control dynamics 

are changing and there are transitions in bringing the feedwater and steam systems up to the 

power operating mode. In a study of three years of operating experience by a PWR[8] vendor 

117 out of 200 feedwater system related plant trips were due to "Imperfect Control during 

Startup" (0-25% full power).  In the same study there were 26 out of an additional 140 plant 

trips due to improper manual control or inadequate automatic control response between 25% 

and 100% of full power. 
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Some analog feedwater control systems have been replaced with digital feedwater control 

system with more sophisticated fault tolerance[9].  However, utilities have generally retained the 

existing PID control scheme by implementing it in a digital processor.  Digital feedwater 

control systems[10-14] have successfully mitigated some of the stability problems associated with 

analog control systems, and have been applied to the low power range[12-14].  However, these 

control systems still suffer from the inverse dynamics of shrink and swell and are not 

minimum phase. 

 

Feedwater control problems affect plant availability and challenge plant protection systems.  

The loss of feedwater is considered as a design basis accident.  Many of the challenges 

associated with feedwater control in conventional Light Water Reactors are anticipated in 

advanced reactor designs and the IRIS reactor concept adds additional challenges to the 

feedwater control problem as a result of a steam generator design where neither level nor 

steam generator mass inventory can be measured directly. In addition, the flow is 

predominantly horizontal, and any pressure drop measurement across the secondary side of 

the tube bundle would be dominated by flow losses and only weakly correlated to the liquid 

mass inventory, even at low power.  

 
Conventional feedwater controllers in current generation U- Tube steam generators are "three 

element" (steam flow, feedwater flow, steam generator downcomer differential pressure). W. 

Dong’s previous work[15] has shown that steam pressure, primary side average temperature, 

feedwater temperature, and rates of change also contribute to the stability and performance of 

feedwater control. In addition, it was shown that the non-minimum phase conventional 

control problem, that requires slowing down feedwater control response to avoid chasing 

shrink-swell effects, can be transformed into a stable, minimum phase control problem with 

benefits for both automated and manual control if mass inventory is chosen as the control 

variable.   

 

A similar approach will be applied to the Once-Through Helical Coil steam generators in the 

IRIS design. In this work we propose to use detailed engineering simulations of plant 

response to develop and test neural control methods for the IRIS full range feedwater control 
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problem. A neural network will be developed to predict the steam generator liquid mass 

inventory, or alternately the dryout point within the tube bundle. Control strategies will then 

be developed and tested based on this “virtual” level measurement.  This work builds on 

previous successful efforts to develop minimum phase feedwater control strategies utilizing 

neural network based mass predictors for U-Tube steam generators.   

 

1.3 Technical Approach 

Before introducing the neural network steam generator mass predictor, performance of a 

simple PΔ referred mass predictor is investigated. Since the pressure drop across the steam 

generator is known to be highly correlated with the liquid mass in the steam generator, the SG 

liquid mass can be inferred by the measured PΔ  signal. 

 

1.3.1 PΔ Referred Mass Predictor 

Predicting boiling length by pressure drop across the steam generator at low power levels has 

been evaluated by Matt H. Stokely[16]. His results show boiling length is correlated not only to 

pressure drop, but also to power level. Hence the boiling length can not be precisely 

determined for those cases when neutron power signals are not available. Inferring boiling 

length from the pressure drop at low power is also complicated by the small value of the 

pressure drop, its insensitivity to boiling length, as well as a strong flow effect.  

 

 

Figure 1-4 Boiling Length versus Power at Constant Pressure Drop[16] 
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Generally, for any kind of pressure sensor, there is error between the measured PΔ and true 

PΔ . A typical figure for pressure sensor measured PΔ compared to the true PΔ  is given in 

figure 1-5. Resolution defines the minimum PΔ the sensor can measure. Below this point no 

PΔ  signal would be “observed”. Maximum PΔ  is set to be equal to approximately 110 

percent full scale of the PΔ when the steam generator is full of subcooled liquid. For a steam 

generator full of 100 Fo  subcooled liquid with a height of 25.92 ft, maxPΔ  is computed as 

follows: 

92.101.1max ≈=Δ gHP ρ psi 

 

Figure 1-5 Measured Dp .vs. True Dp for a Typical Sensor Response Curve  

A figure for the minimum mass measurable by the pressure sensor versus sensor resolution at 

zero power is given to show the sensor’s sensitivity to the SG liquid mass. At zero power, a 

SG full of saturated vapor corresponds to a PΔ  of 0.35 psi. 
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Figure 1-6 Minimum SG Liquid Mass Measurable .vs. Pressure Sensor Resolution at Zero Power 

For a given sensor resolution, the SG liquid mass must be greater than or equal to the 

corresponding minimum mass measurable in order for this mass to be monitored. In other 

words, there is no way to control SG liquid mass based on the measured PΔ signal if the SG 

liquid mass falls below the corresponded minimum measurable value. For instance, given a 

pressure sensor with 1 psi resolution, the SG liquid mass must be greater than 400 lbs in order 

to have PΔ  measurable. At low power levels, this limitation may create control issues. Two 

transients are run to illustrate this.  

 

In figure 1-7, a constant 1 percent reactor power and an initial 300 lbs SG liquid mass are 

assumed. The pressure sensor resolution is picked to be 1 psi and the reference PΔ is set to be 

0.1 psi. Feed flow is controlled based on the error between the measured PΔ  and the 

reference PΔ . In the beginning of this transient, the 300 lbs SG liquid mass is not measurable 

and the pressure sensor gives a zero PΔ signal. The feed flow rate is increased in order to 

increase SG mass and PΔ  value. At final steady state, the SG liquid mass reaches 438 lbs and 

the measured PΔ  matches the reference PΔ . 
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To reduce SG mass, the feed flow rate needs to be reduced also. As the SG liquid mass drops 

below 400 lbs (minimum SG liquid mass measurable corresponding to 1 psi resolution), the 

SG liquid mass will become totally unobservable from the pressure sensor. 

 

0 500 1000 1500 2000 2500 3000 3500 4000
300

320

340

360

380

400

420

440

460

480

Time (S)

Li
qu

id
 M

as
s 

(L
bm

)

 

Figure 1-7 SG Mass .vs. Time 

Figure 1-8 and figure 1-9 show a reactor startup transient. The reactor is assumed to be 

initially at hot standby conditions. Control rods are withdrawn to increase reactor power to 

20% and Tave (average moderator temperature) to its reference value of 590 Fo respectively. 

The initial SG liquid mass is assumed to be 300 lbs. In the startup range, the feed flow is 

controlled by the error between the reference PΔ and the measured PΔ . To achieve a desired 

constant SG liquid mass during reactor heatup, the reference PΔ is programmed as a function 

of power to minimize the flow effect and power dependency. 

 

Below 20 % power control rods are withdrawn to maintain a 50 °F/hr heat up rate and 0.5 

dpm startup rate.  At about 20% power, the rod controller is switched to the normal Tave 

controller and the PΔ signal based feed controller is switched to the conventional feed 

controller, where the feed flow rate is simply set to match power demand.   
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The pressure sensor resolution is picked to be 1.5 psi for this transient.  
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Figure 1-8 Power & Temperature vs. Time 
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Figure 1-9 SG Liquid Mass .vs. Time 
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At the beginning of the transient, the SG liquid mass is around 300 lbs. The corresponded 

PΔ  is less than the sensor resolution thus no PΔ  signal can be observed. The feed flow rate 

will increase until a non-zero PΔ  signal is measured. In the remainder of the transient before 

transferring to the normal feed controller, the feed flow is controlled such that a constant SG 

liquid mass can be maintained. Though it seems at first that the switch to the normal feed 

controller creates no control issues, it should be noticed that at the switch, Tave is far from its 

reference value of 590 Fo . In figure 1-8, reactor power reaches 20% power at around 4000 

seconds. However at that time Tave is only around 550 Fo and is far below the target 

temperature. To minimize the Tave error, the rod controller withdraws the control rods at 

their maximum rate with a corresponding rapid increase in the reactor power. 

 
The relatively slow increase in Tave compared to reactor power results from the fact that 

much more liquid mass is contained in the SG than required for a normal reactor startup. 

Excessive SG liquid draws more heat from the primary side, resulting in a relatively slow 

increase in moderator temperature. The low moderator temperature contributes a positive 

reactivity thus reactor power will increase faster than the normal case. To eliminate this 

problem, the SG liquid mass must be reduced. However, for a given sensor resolution, the SG 

liquid mass is held above the corresponding minimum measurable mass value, otherwise no 

PΔ  signal will be generated for feed control.  

 

A second potential sensor response curve is given in figure 1-10. Resolution in this figure 

defines the minimum PΔ  the sensor will indicate. If the true PΔ  drops below the resolution, 

the measured PΔ  will always be constant and equal to the sensor resolution. Figure 1-11 

shows a transient utilizing this sensor response curve with a resolution of 0.6 psi. 
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Figure 1-10 Measured Dp .vs. True Dp for Alternate Sensor Response Curve 
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Figure 1-11 SG Mass .vs. Time at Zero Power 
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Zero power is assumed for the transient. The initial SG liquid mass is around 310 lbs, 

corresponding to approximately 0.87 psi. The reference PΔ  is set to 0.5 psi, corresponding to 

a 100 lbs SG liquid mass at steady state. As the indicted PΔ  is always larger than the reference 

PΔ , the feed flow rate will be reduced continuously until the SG dries out. 

 

Another transient is shown in figure 1-12 to illustrate the scenario when the reference PΔ  is 

above the sensor resolution. In this transient, a zero power is assumed. The sensor resolution 

is set to be 0.6 psi and the reference PΔ  is set to be 0.7 psi, which corresponds to 200lbs SG 

liquid mass at steady state. As the initial SG liquid mass is above the target SG liquid mass, the 

feed bypass valves are closed to reduce SG mass inventory. The SG liquid mass fails to 

stabilize at the target mass due to the inaccuracy of the measured PΔ caused by limitation on 

the sensor resolution. Reducing the controller gains was ineffective in reducing these 

oscillations. 
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Figure 1-12 SG Mass .vs. Time at Zero Power 

The PΔ  based feed controller imposes strict limits on the sensor resolution. In cases where 

the required sensor resolution is not afforded, other SG mass prediction techniques must be 

employed for adequate feed water control. 
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In this work, an artificial neural network based mass predictor and feed controller will be 

developed. When compared to the PΔ  signal based feed controller, these new techniques 

produce a more accurate mass prediction and more efficient feed flow control. 

 

1.3.2 Artificial Neural Network Mass Predictor 

An Artificial Neural Network (ANN) is a distributed, adaptive, general nonlinear learning 

machine built from many different linear or nonlinear active functions called neurons. Each 

neuron receives connections from other neurons and/or itself. The interconnectivity defines 

the topology. The signals flowing on the connections are scaled by adjustable parameters 

called weights. The neurons sum all these contributions and produce an output that is a 

nonlinear (static) function of the sum. The neurons' outputs become either system outputs or 

are sent to the same or other neurons. 

 

Neural networks have demonstrated capabilities to capture a wide range of dynamic signal 

transformation and non-linear problems, and have been proven successful in predicting mass 

inventory for use in a mass inventory controller in current generation U-Tube steam 

generators[17-18]. In this research, a neural network will be developed to predict dryout point or 

mass inventory as a function of measurable plant parameters, such as feed flow, steam flow, 

neutron power, primary temperatures, steam pressure, feed temperature etc.  

 

1.3.3 Steam Generator Modeling 

In order to implement neural network controllers, it is necessary to be able to “teach” or 

“train” the network so that the network captures the process dynamics and produces the 

desired output for the given inputs. For systems where this can not be done experimentally, 

high fidelity engineering simulations provide the key to developing neural control applications. 

In this work simulation is used to examine the behavior of the IRIS helical steam generators 

over both the start up and power range to determine the key physical parameters to be used in 

developing a neural network based feedwater controller. Of particular interest is the boiling 

length, or dryout point, within the steam generator. 

 

This work utilizes a Pressurized Water Reactor (PWR) engineering plant simulation model that 

has been under development at NC State University since 1996[19-20], with modifications to 
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allow representation of the IRIS helical steam generators. In the power range, reactor power is 

determined through a point kinetics model, with rod position controlled through a user 

specified Tave program. Feed control is based upon steam demand, similar to control 

strategies employed in B&W Once Through Steam Generators[21]. In the startup range, a 

constant heat input was assumed to simulate decay heat and average moderator temperature 

(Tave) is allowed to float. In both the startup and low power range, feedwater was controlled 

to maintain a fixed boiling length. Though a controller of this type does not exist in reality, 

this was done to determine the range and sensitivity of system parameters under these 

conditions. 

 

Preliminary results obtained with a simple model of the helical steam generators indicate a 

strong correlation between the dryout point and liquid mass inventory to measurable plant 

parameters.  Simulations were run assuming constant steam pressure with feed temperature a 

function of power level.  Reactor power was controlled to achieve a constant Tave, and feed 

flow was assumed to match demand.  Figure 1-13 shows the steady state dryout point and 

liquid mass inventory as a function of reactor power. The nearly linear response of both 

dryout point and mass inventory under these conditions is encouraging from the point of 

developing a robust mass predictor and controller.  The ability to predict liquid level over the 

full operating range provides the opportunity to develop control strategies which do not 

depend on constant Tave. For example, there may be materials benefits gained from a Tave 

control algorithm which lowers hot leg temperatures.  Controlling steam generator mass could 

allow for a Tave control algorithm which accomplishes this. 
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Figure 1-13: Dryout Point and Steam Generator Liquid Mass versus Reactor Power 

While preliminary work seems to imply that feedwater control in the normal power range may 

not be an issue, in the startup and low power range the problem is complicated by the lack of 

available process signals. Neutron power may or may not be available, depending on the 

operating mode and Tave is allowed to float. In addition, at low powers the steam flow rate 

signals may be unreliable. Considering these challenges, our work will focus on the startup and 

low power regions. 

 

1.3.4 Implementation of the Neural Net Feedwater Controller 

Once the predictor is fully evaluated and satisfies the performance criteria, it will then be 

incorporated into the simulation program to generate a dryout point or mass inventory 

“signal” to be used in a conventional PI feedwater controller. W. Dong has demonstrated a 

minimum phase stable feedwater controller for use in conventional PWRs[21] with U-Tube 

Steam generators.  His proposed control system is illustrated in Figure 1-14. In this controller, 

the steam flow is controlled by the turbine control valve to match demand and the reference 

mass is programmed as a function of power. The reference mass corresponds approximately 

to the steady state mass inventory produced by the conventional level program. The neural 
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network predictor will generate an estimated mass signal and the feed control valve will 

respond based on the error between the reference mass and estimated mass. This PWR water 

mass control system will serve as the basis for the IRIS feed control system considered in this 

work. 

 

Finally, the performance of the new level/mass based controller will be evaluated in terms of 

stability, capability and robustness. 

 

 

 

Figure 1-14 Water mass control system with neural network water mass estimator[17] 
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Chapter 2 Steam Generator Mass Predictor Design 

Preliminary results show the steady state steam generator liquid mass and level are both highly 

linear with reactor power in the power operating mode under constant Tave control. This 

provides the motivation for building a robust mass controller based on liquid mass or dryout 

point. 

 

However, as opposed to conventional Light Water Reactor Designs, the IRIS steam 

generators are integrated within the reactor vessel along with the reactor and pressurizer. Also, 

the secondary side is within the tubes as opposed to external to the tubes. Hence it is not 

possible to measure the dryout position directly and we need to find other signals which could 

be measured directly or at least could be derived from those easily measured signals to predict 

the dryout point over the full operating range. 

 

In the remainder of this document, level, boiling length and dryout point will be synonymous. 

 

2.1 Neural Network Inputs Assessment 

The parameters which are measurable in the normal power region (> 20%) and directly related 

to the thermal-hydraulic behavior of the steam generator include: 

• steam flow rate, feedwater flow rate and primary side water flow rate 

•   feedwater temperature, primary side hot leg temperature, primary side cold leg 

temperature and steam temperature 

• steam pressure 

• pressure drop across the steam generator 

• neutron power 

 

The primary side water flow rate is nearly constant in plant operations since fixed speed reactor 

coolant pumps are used in nuclear power plants. Therefore, the primary side water flow rate will 

not be chosen as an input to the neural networks.  

 



 19   

Although steam flow rate is always available, it is not accurately measurable below about 15% of 

full power. Therefore we will not consider this signal as an input to the network in the low 

power range. 

 

For the purpose of a full power range controller, three basic operating modes will be considered: 

 

Mode 1: 

 The reactor is subcritical or below the point of adding heat and only residual heat is available 

with a magnitude below 7% of full power. The bypass feedwater flow and bypass steam flow or 

atmospheric dump flow, depending on specific system requirements, will play a role instead of 

the main feedwater flow and main steam flow. The steam flow rate signal is likely unavailable or 

unreliable; the neutron power signal may be available, but does not influence steam generator 

behavior. Since the turbine is normally not loaded until the reactor reaches approximately 15% 

of nominal full power, there is no feedwater heating and feedwater temperature does not change 

significantly. In this case the feedwater temperature signal is still available but does not 

contribute significantly when used as an input to the ANN.  This is the most challenging 

operating mode for training the network due to the low number of meaningful measurement 

signals. 

 

Mode 2: 

As the reactor power increases from the point of adding heat to between 10% and 15% of 

full power, the neutron power signal will be a meaningful input to the Neural Net.  

 

Mode 3: 

When the nuclear power increases to between 15% and 20% of full power, the turbine 

control valve is open and the turbine will be loaded. In this case all the above signals are 

available and hence can be used to as inputs to the network. 

 

Modes 1 and 2 are considered the most challenging part of this work. In our preliminary studies, 

the input signals to the ANN will be: neutron power, feedwater flow rate, hot leg temperature, 

cold leg temperature, steam temperature, and total pressure drop across the steam generator. 

The predictor will also be tested when neutron power is not available.  
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For power levels between 2% and 7% and reference levels from 10 inches to 40 inches, we 

found strong correlations between the measurable signals and the level. Hot leg temperature, 

cold leg temperature and pressure drop across the steam generator are given below as 

examples to illustrate relationships between input signals and output signal. Both hot leg and 

cold leg temperatures are monotonically decreasing with boiling length for a given power level 

and the changes are significant. Pressure drop, although small, also has a strong correlation to 

boiling length and may help if included as an input signal to the neural network.  

 

The feed flow rate and steam temperature though not shown here, are found to be highly 

correlated with the boiling length and can be included in the input set to predict the level. 
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Figure 2-1 Hot Leg Temperature versus Boiling Length and Power 
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Figure 2-2 Cold Leg Temperature versus Boiling Length and Power 
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Figure 2-3 Pressure Drop across SG versus Boiling Length and Power 
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2.2 Neural Network Architecture 

Backpropagation can train multilayer feed-forward networks with differentiable transfer 

functions to perform function approximation, pattern association, and pattern classification. 

(Other types of networks can be trained as well, although the multilayer network is most 

commonly used.) The term backpropagation refers to the process by which derivatives of 

network error, with respect to network weights and biases, can be computed. This process can 

be used with a number of different optimization strategies. The architecture of a multilayer 

network is not completely constrained by the problem to be solved. The number of inputs to 

the network is constrained by the problem, and the number of neurons in the output layer is 

constrained by the number of outputs required by the problem. However, the number of 

layers between network inputs and the output layer and the sizes of the layers are up to the 

designer. The two-layer sigmoid/linear network can represent any functional relationship 

between inputs and outputs if the sigmoid layer has enough neurons[22].  

 

 

Figure 2-4 Two-Layer Tansig/Purelin Neuron Network 

 

The topology of the first layer follows: 



 23   

 

 

Figure 2-5 Topology of the First Layer of a Two-Layer Tansig/Purelin Neuron Network 

 

Some nominations for the input set are given below. 
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Figure 2-6 Nominations of the Input Set 

In the above figure, subscript “m” represents the “m”th element in the input vector; subscript 

“n” represents the “n”th input vector (can be treated as index of concurrent input vectors or 

batch number); subscript “R” represents the total number of elements in the input vector; 
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subscript “Q” represents the total number of concurrent input vectors (also called as the total 

batch number). 

 

This network can be used as a general function approximator. It can approximate any function 

with a finite number of discontinuities arbitrarily well, given sufficient neurons in the hidden 

layer[22]. 

 

There are several different back propagation training algorithms. They have a variety of 

different computation and storage requirements, and no one algorithm is best suited for all 

applications. The Levenberg-Marquardt algorithm is known to be the fastest training 

algorithm for networks of moderate size[22]. It also features memory reduction when the 

training set is large. Considering speed and storage requirements, the Levenberg-Marquardt 

algorithm was chosen as the training algorithm in this work. 

 

2.3 Neural Network Training and Testing 

Having established the ANN architecture, the next step is to train and test the network using 

data generated by the IRIS simulator. 

 

This part will be split into two stages. In the first stage we will test the network using steady 

state data. The second stage will start only if the predictor behavior of stage one meets the 

performance criteria; otherwise the neural network architecture or inputs arguments must be 

revised to build a feasible predictor. In stage two, the network will be tested using transient 

data. The steam generator level predictor must be fully tested and meet the minimum 

performance criteria and system requirements before we move to the controller design.  

 

2.3.1 Steady State Response Testing 

The training set is chosen to incorporate 2%, 3%, 5% and 7% power levels. The remaining 

4% and 6% power level subsets are used as the testing set. The reactor heat input is chosen to 

be a constant and the steam flow is proportional to the reactor power level. The steam 

generator pressure is set to be 862 psi[7] and feed temperature is 100 oF. For all subsequent 

figures, “o” represents the target values and “x” stands for the predicted values produced by 

the network. 
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 Consider the case without noise when neutron power is available as an input  

 

Figure 2-7 Comparison of Target & Training for Training Set  

 

Figure 2-8 Comparison of Target & Training for Test Set 
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 Consider the case without noise when neutron power is NOT available  

 

Figure 2-9 Comparison of Target & Training for Training Set 

 

Figure 2-10 Comparison of Target & Training for Test Set 
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 Consider the case with noise when neutron power is available as an input  

Random noise is added to all the inputs signals of the neural network. A comparison of 

boiling lengths with and without noise is illustrated in figure 2-11.  

 

 

Figure 2-11 Comparison of Boiling Length with & without Noise for Training Set 
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Figure 2-12 Comparison of Target & Training for Training Set 

  

Figure 2-13 Comparison of Target & Training for Test Set 
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 Consider the case with noise when neutron power is not available  

 

Figure 2-14 Comparison of Boiling Length with & without Noise for Training Set 

 

Figure 2-15 Comparison of Target & Training for Training Set 
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Figure 2-16 Comparison of Target & Training for Test Set 

Under steady state with no noise present, the neural network will produce a level signal very 

close to the true level whether or not the neutron power signal is available. This is encouraging, 

since the predictor is supposed to be reliable even at very low powers where the neutron 

power is not available. Adding noise to the input signal will affect the accuracy of the 

predicted level and this influence could be treated as acceptable if the noise is confined to a 

physically meaningful range. 

 

2.3.2 Transient Response Testing 

The network was then trained using transient steam generator data for six cases with a power 

level of 4% and reference boiling lengths ranging from 10 to 20 inches. The reactor heat input 

is chosen to be a constant and the steam flow is the same percent as the reactor power level. 

The steam generator pressure is set to be 862 psi and feed temperature is 100 oF. Another case 

with the same running conditions except a different reference boiling length is chosen to be 

the test set. In the figures below, blue lines represent predicted values and red lines represent 

target values; capital letters “L” represent the reference boiling length with a unit of inch. 
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Figure 2-17 Comparison of Target & Training for Training Set 

 
Figure 2-18 Comparison of Target & Training for Test Set 
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Figure 2-19 Comparison of Target & Training for the first 500 data 

 

Figure 2-20 Boiling Length versus Feed Flow Rate 
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From the transients chosen to train and test the network, we can see the boiling lengths 

oscillate dramatically around the reference boiling length and fail to reach steady state no 

matter how long the simulation was run. This is most likely due to the feedwater control 

algorithm used in the current model. The boiling length versus the feed flow rate for the test 

case is given in figure 2-20 to illustrate this. Oscillations in the feed flow prevent the boiling 

length from reaching a constant value. The steam generator can reach a final steady state if the 

PI gains for the feedwater control valve are carefully specified at the beginning of the 

transients. Under the current feedwater control algorithm, the steam generator response is 

very sensitive to the feedwater controller gains. In future work, a more realistic feedwater 

system model will be implemented which should eliminate the feed flow oscillations. 

 

For the test case chosen here, the predictions are worse for the first 350 seconds and get 

better as the simulation goes to a steady state. A number of comparisons of transient 

simulations to predictions have been made and showed poor performance. A simple model of 

the IRIS Helical Steam Generators was used for the preliminary stages of this work.  As a 

result of these studies, it was decided the simple steam generator model was inadequate and a 

new steam generator model was required to improve simulation of transient response. 
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Chapter 3 New Steam Generator Model Development 

Drift-flux models are commonly used to describe two-phase-flow systems where explicit 

representation of the relative phase motion is not required. In these models, relative phase 

motion is described by flow-regime-dependent, semi empirical models. Though a somewhat 

simple description of the two-phase conditions that might be expected in nuclear power 

systems, drift-flux models can still be expected to give reasonable results over a significant 

range of operating conditions and can be useful in applications such as simulator modeling 

and incorporating thermal-hydraulic feedback into steady state and transient neutronics 

calculations[23]. 

 

3.1 Semi - Implicit Scheme: 

While a number of forms are possible, the differential form of the mixture drift-flux equations 

considered in this work are: 
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A uniform pressure distribution is assumed to compute thermodynamic properties (density, 

internal energy, etc.) eliminating the need for a momentum equation within the steam 

generator. The pressure drop across the steam generator can then be evaluated based on the 

computed flow properties. Typically the steam generator pressure drop is around 20 psi and 

the fluid properties won’t change significantly in that range. 
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The equations are discretized on a staggered spatial mesh, with thermodynamic properties 
( Pu,,ρρ ) evaluated at the cell centers, and the velocity evaluated at the cell boundaries. The 
finite difference equations are:  
 
Mass: 
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Internal energy: 
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The terms labeled with “∗ ” represent donored values at cell boundaries and are determined by 
phase velocities and flow patterns.  
 
The phasic velocity can be calculated according to the following equations: 
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The relatively velocity rv  is typically a correlated function depending on the flow regime. The 
correlations utilized in this work are taken from an early version of TRAC (Ref. 8). These 
correlations are: 
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Slug regime 
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Churn-turbulent regime 
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The corresponding flow regime map is given in Figure 3-1. This flow map implies that when 

mass flux is below 2000 smkg ⋅2/ , the flow regime is only dependent on void fraction.  This 

was felt to be non physical for very low velocities. To illustrate this point, consider a vertically 

oriented two-phase channel as the mixture velocity goes to zero in a channel with high void 

fraction. The drift velocity computed using the relative velocity equation from the annular or 

churn-turbulent regime will be zero since it is proportional to the mixture velocity. This is 

definitely not true since even when the mixture velocity is zero, the liquid in the vertical pipe 

will still fall and the vapor will rise due to buoyancy forces. This unphysical situation can be 

eliminated by switching from annular or Churn to slug flow when the computed liquid 

velocity falls below zero in the high void fraction region. In addition, when the void fraction is 

above 0.99 and less than 1, we assume mist flow and hence homogeneous. This is physically 

true for vertical flow and has been adopted by the vertical flow map used in RELAP5[24]. 

 

These new criteria have been fully tested and always give satisfactory results.  
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Figure 3-1: The TRAC flow regime map for slip correlations (with modification) 

 

The discretized equations are nonlinear and Newton iterations for the new time values can be 

employed for solution. The linearized equations can be written: 
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Internal energy: 
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Simple steady state momentum balances couple the exit of the steam generator to the steam line 
model illustrated below. 
 
 
 

 
 

Figure 3-2 IRIS Steam Line Model  
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Linearizing the momentum equations and coupling them to the mass and energy equations from 
the steam generator yield the following matrix which can be easily solved. 
 
 
 
 

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

=

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

⋅

⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

+

+

+

+

SG

N

SG

N

SGSG

NNN

s
s

s
s
s

P
v

v
v
v

ab
cab

cab
cab
ca

M

M

M

M

MO

MO
3

2

1

2
1

2
13

2
12

2
11

333

222

11

 

 
 
 
 
Automatic time step control is employed in the simulation.  The flow chart for the time step size 
adjustment scheme is given below: 
 
Where { }Pu,, ρρψ =  and 1ε , 2ε were set to be 0.001 and 0.01 respectively. 
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Figure 3-3 Flow chart of semi implicit scheme 
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3.2 Steam Generator Model Testing 

The new steam generator model must be fully tested and meet all the system requirements 

before it is embedded into the main IRIS nuclear plant model. 

 

A few test cases will be given to illustrate the behavior of the new steam generator model. 

 
 Heat up the steam generator from subcooled liquid to full power level 

 
The steam generator is initially filled with subcooled liquid with a uniform distribution of 

density, pressure and internal energy. The initial velocities in the steam generator and all the 

steam lines are identical and equal 0.1 ft/s. Feed flow is increased linearly with time until the 

feedwater matches the steam demand under full power conditions, at that point the feedwater 

velocity is set to be 2.6828 ft/s. The heat transfer rate from the primary side is also assumed 

to linearly increase with time and the helical pipes will be continually heated until the outlet 

steam temperature reaches 613 F. A pressure controller is designed to maintain the pressure 

around the reference pressure. 

 
The heat source is given by: 
 
 )()( 21 zCtimeCQj ×=′′  
 
Where 1C  is purely a function of time and 2C  is correlated with vertical position only. 

 

The steam pressure is controlled through the turbine control valve using the simple control 

algorithm given below: 
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Figure 3-4 C1 versus Time 

 

 

 
Figure 3-5 C2 versus Position (Node) 
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Figure 3-6 Feedwater Velocity versus Time 

 

 

Figure 3-7 Steam Pressure versus Time 
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Figure 3-8 SG Outlet Velocity versus Time 

Here we can see the steam generator model can handle both single-phase and two-phase flows 

reasonably well. The pressure controller, shows large oscillations at the beginning of the 

transient, but behaves well after around 500 seconds and the steam pressure is very close to 

the reference pressure even though the heat source is still increasing.  The whole system finally 

reaches a steady state as expected when the heat source stops increasing.  
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 Decrease power level from 100% to 20% of full power  
 
In this case, the feed flow was assumed to lag the steam demand and the primary heat source 

was assumed to lag the heat output of the steam generator. Pressure was controlled through 

the turbine control valve. The controllers used here are given below. 

 
 Pressure PI controller 

 
The new time turbine control valve position tt

TCVK Δ+  is given by: 
 

)1( ∫ ⋅⋅+⋅+⋅=Δ+ dterrorkerrorkKK ip
t
TCV

tt
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SG
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SG

P
PP

error
−

=  

 
Where kf   is the proportional gain of turbine control valve and ki is the integral gain of 
turbine control valve; REF

SGP  is the reference steam pressure. 
 

 Feedwater controller: 
 
 The new time feed flow rate tt

Fm Δ+&  is given by: 
 

t
Load

t
FLoad

tt
F

Femmmm Δ−Δ+ −+= λ)( &&&&  
 
Where Loadm&  equals the steady state feed flow rate at full power multiplied by the power 
fraction; Fλ  is the time constant defining the lag between the feed flow and the steam 
demand. 

 
 Heat source controller: 

 
The new time primary heat transfer rate tt

SGQ Δ+&  is given by: 
 

tt
Steam

t
SG

t
Steam

tt
SG

QeQQQQ Δ−Δ+ −+= λ)( &&&&  and  )( t
in

t
out

t
F

t
Steam hhmQ −= &&  

 
Where t

Fm&  is the past time feed flow rate; t
outh  is the steam generator outlet enthalpy 

and t
inh  is the steam generator inlet enthalpy. Qλ  is the time constant defining the lag 

between primary heat source and the heat output of the steam generator. 
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Figure 3-9 C1 versus Time  

 

Figure 3-10 Feedwater Velocity versus Time 
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Figure 3-11 Steam Pressure versus Time 

  

Figure 3-12 SG Outlet Internal Energy versus Time 
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Since the feedwater is only controlled by demand, as the power demand drops, the feed flow 

will drop accordingly. This is easy to see from figure 3-10. The rate of change of feed flow will 

be controlled by the time constant Fλ . As the feed flow decreases, the steam power will 

decrease and therefore the heat transfer rate drops too. The steam pressure is almost 

unchanged during the whole transient and indicts a good performance of the new PI pressure 

controller.   

 

 Cut off both primary heat source and feedwater from full power steady state in zero seconds 
 
 
 

 

Figure 3-13 Void Fraction Distribution in SG at Time equals 10 Seconds 



 49   

 
Figure 3-14 Velocity Distribution in SG Distribution at Time equals 10 Seconds 

 

 
Figure 3-15 Void Fraction Distribution in SG at Time equals 30 Seconds 
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Figure 3-16 Velocity Distribution in SG Distribution at Time equals 30 Seconds 

 

When the outlet steam velocity drops to zero or becomes negative, it is not feasible to control 

the steam pressure using turbine control valves. In that case, we assume all the steam line 

valves will be closed and no more steam will flow across the steam generator. 

 

Upon cutting off the feed flow, the velocity of pure liquid and vapor in the pipe drops quickly. 

For the mixture region, the liquid will flow downward and vapor rise until the liquid and 

vapor are separate. As time goes on, the upper part of the mixture region gradually changes to 

single phase vapor or mist and the lower part changes to pure liquid. The liquid in the mist 

region won’t fall due to the assumption of equal phase velocity. The theoretic predictions are 

illustrated in the figures presented above. 

 

Many other cases have also been tested and we find the code performs well under all 

conditions and gives reasonable results. The new steam generator model could also deal with 

cases which are clearly beyond the operating range of a true steam generator. 
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Chapter 4 Neural Net Mass Predictor Training and Testing 

In the normal power operating range, feedwater control through the normal feed controller 

seems not to be an issue. In this project, we will focus on the startup and low power range 

where the normal feedwater controller is not applicable. The input signals to the ANN will be: 

Hot leg temperature, cold leg temperature, steam temperature, steam pressure and feed flow 

rate. The proposed control strategy is that, below 15% or 20% of full power, feedwater is 

controlled through the neural net feed controller. Once the reactor power goes above 15% or 

20% of full power, the feedwater controller will be switched to the normal feed controller, 

where the feedwater flow rate is simply proportional to the power demand. 

 

In chapter one, we find a strong linear relationship between boiling length and liquid mass 

within the SG when the power is above 15% of full power. However this is not always true in 

the low power range, especially when the primary heat input is low, the feed flow rate is low 

and feedwater is highly subcooled. Under those conditions, the steam within the SG is only 

slightly superheated and the boiling length becomes very unstable. In that case maintaining 

liquid mass is considered more robust than controlling boiling length.  

 

Since at low power levels, we propose that the feed flow is controlled based on estimated 

liquid mass in the SG, a reference liquid mass signal is needed and the controller will respond 

so as to minimize the error between the reference mass and the estimated mass. Selection of 

the reference mass signal is based on two considerations. First, the liquid mass in the SG 

needs to be large enough such that the secondary side has enough capacity to remove the heat 

generated in the primary side when the reactor is started up and increased to 15 percent or 20 

percent of full power. Simulation showed a minimum of 250 lbs liquid mass in the SG is 

required to accomplish this. The other consideration is when the feedwater controller is 

switched from the neural net mass controller to the conventional feedwater controller, the 

steady state liquid mass should not deviate far away from the reference liquid mass in order to 

avoid large transients which may cause a reactor trip. At 15 percent and 20 percent of reactor 

power, the steady state liquid mass values under the normal power range feedwater controller 

are found to be between 230 lbs and 315 lbs respectively. Subject to these considerations, the 

reference SG liquid mass was chosen to be 300 lbs in this project. 
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The new SG model will be used to generate data needed to train the neural network. The 

predicted water mass will be compared with the true mass in order to determine the accuracy 

of the ANN predictor. The accuracy of neural nets is highly correlated with the samples in the 

training set and the size of the training set. Basically the larger the size of the training set, the 

more accurate the predicted mass will be. The size of the training set will be determined based 

upon the minimum performance required in this project. 

 

4.1 Neural Net Mass Predictor Training 

The training set for the low power neural net mass predictor consists of transients with power 

levels from 0 up to 20 percent of full power and reference liquid mass values ranging from 

zero to 600 lbs. 

 

A comparison between the true values and predicted values for samples within the training set 

is illustrated in the figure below. 
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Figure 4-1 Comparison of Target & Predicted Values for the Training Set 
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4.2 Neural Net Mass Predictor Testing 

Several test cases were run to evaluate the accuracy of the mass predictor.  Since the power 

range focused on here is below 20 percent of full power, both the turbine bypass lines and 

feed bypass lines have enough capacity for reactor operation.  The feed control valves and 

turbine control valves are closed while turbine bypass valves are placed under pressure control 

mode.  

 

The feedwater controller performance is first evaluated using the true liquid mass computed in 

the simulation; then the neural net mass predictor will be incorporated into the plant simulator 

to provide a “virtual” mass signal to the feedwater control system. The performance of the 

feedwater controller using the true signal and predicted signal will be compared to assess its 

robustness and stability. 

4.2.1 Predictor Testing under Mode 1: 

In this mode, control rods are placed in manual and only residual heat is available with a 

magnitude below 7% of full power. This mode could occur after a reactor trip or refueling 

outage. Since the magnitude of the residual heat is low, the hot leg, cold leg and steam 

temperature are relatively close. Because the feedwater temperature is fairly low (almost constant 

and around 100 oF since the turbine is not loaded), the SG liquid mass is highly sensitive to 

changes in feed flow rate.  This operating mode is considered to be the most challenging for the 

feedwater controller.  

 

4.2.1.1 Test Case 1: 

A zero constant residual power level is assumed such that only pump heat from the primary 

side is transferred to the secondary side. The initial steam generator mass inventory is assumed 

to be zero as well. These conditions could exist if the neural controller were used to perform 

the initial filling of the steam generator. Since the feedwater is highly subcooled, a small 

change in the feedwater flow rate will cause a severe transient in the SG. The feed bypass 

valves gains need to be carefully specified for automatic control in this region. Because the 

amount of heat generated in the primary side is so small, the hot leg, cold leg and steam 

temperature are almost the same. Also due to the low feedwater flow rate, the information 

contained in the neural network input signals is relatively low. 
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The neural net input curves and output curve are given below. Reactor and steam power 

curves are also given to illustrate power behavior during the transient. 

  

 Feedwater Controller using the True Mass Signal: 
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Figure 4-2 Power & Temperature vs. Time 

 



 55   

0 5000 10000
0

1000

2000

3000

4000

5000

6000

7000

Time (S)

Fe
ed

 F
lo

w
 R

at
e 

(L
bm

/H
r)

0 5000 10000
855

860

865

870

875

880

Time (S)

P
re

ss
ur

e 
(P

si
)

 
Figure 4-3 Feed Flow Rate & Pressure vs. Time 
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Figure 4-4 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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In the beginning of the transient, the predicted SG mass is less than the reference mass. The 

feed bypass valves are opened to increase the feed flow rate. Due to the low heat generated in 

the primary side, the SG mass is very sensitive to the feed flow rate. In this transient, the SG 

mass is overshot by 600 lbs at around 3000 seconds before settling out at near the reference 

mass for the last 4000 seconds. 

 

The overshoot of SG mass usually can be reduced by choosing large feed bypass valve gains. 

However, for this particular transient, this will result in relatively large low-frequency 

oscillations on SG mass at the end of the transient. 

 

 Feedwater Controller using the Predicted Mass Signal: 
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Figure 4-5 Power & Temperature vs. Time 
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Figure 4-6 Feed Flow Rate & Pressure vs. Time 
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Figure 4-7 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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When the predicted SG mass signal is used as an input to the feedwater controller, the SG 

mass behaves smoothly and does not result in a large overshoot. The final steady state error 

between the true and the predicted mass is about 100 lbs. Considering the inherent difficulty 

of feed control at very low power levels, this error is considered acceptable. 

 

4.2.1.2 Test Case 2: 

The conditions for this case are the same as before except that the initial SG liquid mass is 

changed to 600 lbs.  These conditions could exist if the operator manually filled the steam 

generator to some arbitrary level, and then switched to the neural net mass controller. 

 

 Feedwater Controller using the True Mass Signal: 
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Figure 4-8 Power & Temperature vs. Time 
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Figure 4-9 Feed Flow Rate & Pressure vs. Time 
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Figure 4-10 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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The feed flow rate decreases as the SG mass is initially above the reference mass. The SG 

mass drops to 200 lbs at about 2000 seconds and is then subject to low frequency, low 

magnitude oscillations around the reference mass thereafter. 

 

At very low power levels, steam exiting the SG is only slightly superheated. Noise in the input 

signals can cause spikes in the output signal. Fortunately these spikes diminish as reactor 

power increases. Sensitivity to signal noise will be considered more fully later in this chapter. 

 

 Feedwater Controller using the Predicted Mass Signal: 
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Figure 4-11 Power & Temperature vs. Time 
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Figure 4-12 Feed Flow Rate & Pressure vs. Time 
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Figure 4-13 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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The predicted liquid mass is close to the true liquid mass for the duration of the transient, 

though they are not perfectly matched at the final steady state. The error in the predicted SG 

mass yields no oscillatory behavior. 

 

In these simulations, we only consider transients with constant residual heat input. In the next 

two cases, we will change the primary heat input while controlling the SG liquid mass around 

the reference value. 

 

4.2.1.3 Test Case 3: 

The heat input is increased from1 percent to 7 percent of full power in around 3000 seconds. 

SG liquid reference mass is picked to be 300 lbs. 

 Feedwater Controller using the True Mass Signal: 
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Figure 4-14 Power & Temperature vs. Time 
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Figure 4-15 Feed Flow Rate & Pressure vs. Time 
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Figure 4-16 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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As reactor power goes up, more and more liquid mass in the steam generator changes into 

steam, resulting in a drop of SG mass. The feedwater flow rate increases to respond to the 

mass error and finally restores the SG mass to the reference value.  

 

 Feedwater Controller using the Predicted Mass Signal: 
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Figure 4-17 Power & Temperature vs. Time 
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Figure 4-18 Feed Flow Rate & Pressure vs. Time 
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Figure 4-19 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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As the primary heat input goes above 1% power, the predicted liquid mass compares well to the 

true liquid mass for the duration of the transient.  Whether control is based on the true or 

predicted liquid mass, the maximum error during the transients is less than 20 lbs and the error 

at steady state is less than 10 lbs.  

4.2.1.4 Test Case 4: 

This case is identical to test case 3 with the exception that the primary heat input is changed 

from 7 percent to 0 percent of full power. 

 

 Feedwater Controller using the True Mass Signal: 
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Figure 4-20 Power & Temperature vs. Time 
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Figure 4-21 Feed Flow Rate & Pressure vs. Time 
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Figure 4-22 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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Primary heat input decreases from 7% to zero power in 4000 seconds. This transient simulates 

reactor behavior caused by the reduction in decay heat when the reactor is shut down after a 

trip or for the purpose of refueling. 

 

As opposed to the previous case, the decrease of primary heat input causes an increase of SG 

mass in the beginning of the transient. 

 

 Feedwater Controller using the Predicted Mass Signal: 
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Figure 4-23 Power & Temperature vs. Time 
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Figure 4-24 Feed Flow Rate & Pressure vs. Time 
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Figure 4-25 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 

Again, the predicted mass curve and the true mass curve match well in this transient.  
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For the cases investigated here, the feedwater controller based on the predicted mass signal is 

found to respond relatively slowly compared to the controller using the true mass signal. This 

is because the predicted mass signal is based on several input signals, some of which do not 

respond as fast as the SG mass does. Due to the large coolant capacity in the primary side and 

relatively small change in the magnitude of the reactor power, the hot leg and cold leg 

temperatures generally respond slowly and smoothly. This damps the response of the 

predicted mass signal. However in some cases this damping is even desired since it helps to 

eliminate oscillations in the SG mass controller. In addition, if wanted, a fast response of the 

predicted mass signal can be achieved simply by increasing the magnitude of the feed 

controller gains. 

 

4.2.2 Predictor Testing under Mode 2: 

Under this operating mode we consider a reactor startup from hot standby conditions. The 

primary coolant heat up rate is set to be less than or equal to 50 oF /Hr. The reactor start up rate 

is limited to less than or equal to 0.5 decades per minute and the reactor power level is increased 

to 20% of full power. The turbine control valves are closed and the turbine bypass valves are 

placed under pressure control mode. The feed control valves are closed and all the feedwater 

comes through the feed bypass valves.  

 

 Feedwater Controller using the True Mass Signal: 
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Figure 4-26 Power & Temperature vs. Time 
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Figure 4-27 Feed Flow Rate & Pressure vs. Time 
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Figure 4-28 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 

Hot leg, cold leg, steam temperature and feed flow rate increase linearly with time similar to 

reactor power. The turbine bypass valves maintain a constant steam pressure. The true SG 

mass matches the reference SG mass at the end of the transient. 

 

 Feedwater Controller using the Predicted Mass Signal: 
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Figure 4-29 Power & Temperature vs. Time 
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Figure 4-30 Feed Flow Rate & Pressure vs. Time 
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Figure 4-31 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 

When the true liquid mass is used to control feedwater, the maximum error between the 

predicted mass and the true mass is around 40 lbs. The error decreases as time progresses and 

approaches zero at final steady state. The controller performance does not change significantly 

when the feed water flow is controlled based on the predicted mass instead of the true mass. 

 

4.3 Effect of Sensor Noise on System 

The plant parameter measurements provided by the nuclear power plant instrumentation 

system usually contain some level of noise. In this section we investigate the effect of sensor 

noise on the neural net mass controller. 

 

4.3.1 Investigation of Mass Predictor Performance in the Presence of Input Noise 

Spikes in the predicted SG mass can occur at very low power levels, usually below 1% power, 

as illustrated in section 4.2.1. These spikes are mainly caused by noise in the input signals.  The 

feed flow rate is small and the dominant information used to predict SG is contained in the 

hot leg, cold leg, steam temperature and pressure. Typically, if reactor power changes are small, 
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the hot leg, cold leg, and steam temperature changes are small as well. Under these conditions 

a small amount of input noise can result in a big change in the predicted SG mass.  

 

To illustrate this, consider test case two again. With no sensor noise present, the predicted 

mass curve compared to the true mass curve is given in figure 4-10. Random noise with 

different magnitudes is added to the input signals. Figures 4-32 to 4-41 show the new 

predicted mass curves after adding noise to the individual input signals. For a given input 

signal, two noise levels are represented here. In all transients, the feed water is controlled 

based on the true liquid mass unless otherwise specified.  
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Figure 4-32 SG Mass vs. Time with a Noise Level of 0.01% Span in Hot Leg Temperature 
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Figure 4-33 SG Mass vs. Time with a Noise Level of 0.1% Span in Hot Leg Temperature 
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Figure 4-34 SG Mass vs. Time with a Noise Level of 0.01% Span in Cold Leg Temperature 
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Figure 4-35SG Mass vs. Time with a Noise Level of 0.1% Span in Cold Leg Temperature 
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Figure 4-36 SG Mass vs. Time with a Noise Level of 0.3% Span in Steam Temperature 
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Figure 4-37 SG Mass vs. Time with a Noise Level of 1.5% Span in Steam Temperature 
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Figure 4-38 SG Mass vs. Time with a Noise Level of 50% Span in Feed Flow Rate 
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Figure 4-39 SG Mass vs. Time with a Noise Level of 200% Span in Feed Flow Rate 
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Figure 4-40 SG Mass vs. Time with a Noise Level of 0.5% Span in Steam Pressure 
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Figure 4-41 SG Mass vs. Time with a Noise Level of 2.5% Span in Steam Pressure 

For this particular case, the maximum noise-to-signal ratios for the five input signals are given in 

the table below. For each input signal, the predicted mass signal is considered to be unreadable 

if the Noise-to-Signal ratio is above the corresponded maximum value that can be tolerated. 

Table 4-1 Maximum Noise-to Signal Ratio Tolerated for the Input Signals 

Input Signals Maximum Noise-to-Signal Ratio Tolerated 
 (% of Full Span) 

Hot Leg Temperature 0.1% 
Cold Leg Temperature 0.1% 

Steam Temperature 1.5% 
Feed Flow Rate 200% 
Steam Pressure 2.5% 

 
 
 
To evaluate the effect of noise at other power levels, we consider test case three. In this 

transient, reactor power is increased from 1% to 7% in 3000 seconds. A noise level of 1% of 

span was chosen for each of the input signals. Predicted mass curves are given in figures 4-42 

to 4-46. 
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Figure 4-42 SG Mass vs. Time with a Noise Level of 1% Span in Hot Leg Temperature 
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Figure 4-43 SG Mass vs. Time with a Noise Level of 1% Span in Cold Leg Temperature 
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Figure 4-44 SG Mass vs. Time with a Noise Level of 1% Span in Steam Temperature 
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Figure 4-45 SG Mass vs. Time with a Noise Level of 1% Span in Feed Flow Rate 
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Figure 4-46 SG Mass vs. Time with a Noise Level of 1% Span in Steam Pressure 

In figure 4-45, as reactor power increases, feed flow rate increases also and this signal becomes 

more important in the estimate of SG mass. Similarly, the predicted mass is more sensitive to 

noise in the pressure signal at higher powers, implying this signal also becomes more 

important as reactor power increases. Figure 4-42 and 4-43 imply that noise in the hot leg and 

cold leg temperature signal at this level is not an issue if reactor power stays above 1%.  

 

Finally, the transient is rerun with noise at 1% of span in all the input signals. This results in 

fluctuations in the SG mass estimate of 200 lbs at steady state, as can be seen in figure 4-47. 
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Figure 4-47 SG Mass vs. Time with a Noise Level of 1% Span in All Input Signals 

4.3.2 Sensor Noise Removal Techniques 

In test case two, it is hypothesized that the spikes in predicted SG mass illustrated in Figure 4-

10 may be the result of input noise. To verify this, we investigate the controller performance 

after applying a soothing function to those input signals that are sensitive to noise. 

  

The smoothing function used to eliminate input noise is given below. In some respects, this 

smoothing function works like a simple low-pass filter. 

 
00
originalfiltered SignalSignal = ,  t

filtered
tt

original
tt

filtered SignalaSignalaSignal ⋅−+⋅= Δ+Δ+ )1(  

 

Where tt Δ+ and t  represents new time and old time respectly. The parameter a  is a positive 

user specified number. For a low-pass filter, this value is typically much smaller than unity.  

Figures 4-48 through 4-50 show the input signals to the mass predictor before and after 

smoothing.  The predicted mass using the smoothed signals as input is shown in Figure 4-51. 
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Figure 4-48 Hot Leg Temperature .vs. Time 
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Figure 4-49 Cold Leg Temperature .vs. Time 
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Figure 4-50 Steam Temperature .vs. Time 
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Figure 4-51 SG Mass .vs. Time (Control based on True Mass Signal) 
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After smoothing of the input signals, the sharp changes or spikes in the predicted SG mass are 

largely eliminated or highly reduced. Basically the small high frequency noise in the input 

signals can be reduced or even eliminated by adding noise filters to the measured signals.  

 

The performance of the feed water controller based on the predicted mass signal after 

applying the smoothing function to the input signals is given in figure 4-52. Compared with 

figure 4-13, the predicted mass does not experience sharp changes during the transient. 
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Figure 4-52 SG Mass .vs. Time (Control based on Predicted Mass Signal) 
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Chapter 5 Implementation of the Neural Net Feed Controller 

In the last chapter, we investigated the neural net predictor performance under operating 

modes 1 and 2. In both cases, the turbine control valves and the main feed control valves 

remained closed regardless of the power level. In this chapter, we will examine a reactor 

startup using representative, current generation PWR startup procedures. An alternate 

improved reactor startup strategy will be developed and discussed based on the contribution 

of the neural net mass controller.  No senor noise or smoothing of the input signals was 

assumed for these transients. 

 

5.1 Reactor Startup Based On Current Generation PWR Procedures  

The reactor is assumed to be critical at hot standby conditions with a power level of 0.5%.  

The turbine bypass valves are aligned under pressure control mode and the feed bypass valves 

are used to maintain the SG liquid mass around the reference value. 

 

The switch from feed bypass valves to feed control valves typically occurs when the reactor 

power is between 7 percent and 9 percent of full power[25]. At this power level, the control 

rods are placed in manual, the feed control valves are placed in automatic and the feed bypass 

valves are manually closed. The feedwater controller senses the reduction of liquid mass in the 

SG and opens feed control valves to restore the liquid mass to the reference value. At this 

point, the control rods are again withdrawn and the reactor power is increased to about 15% 

of full power in preparation for turbine loading. 

 

Before loading the turbine, reactor power is stabilized between 14 and 16 percent of full 

power with the control rods in manual[25]. The SG liquid mass is maintained by feed control 

valves and the SG pressure is maintained by turbine bypass valves. In order to switch to 

turbine control valves, the turbine bypass valves are manually closed and turbine control 

valves automatically open to maintain the pressure around the reference value. 

 

Once the turbine control valves are brought online, the control rod controller can be switched 

to the normal Tave controller and the control rod position will be adjusted to match Tave to 

the programmed Tref. Feedwater control will be transferred to the conventional feedwater 
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controller, where the feed flow rate is simply set to match power demand.  At this point 

ascension to full power can begin. 

 

The plots given below show the reactor behavior during the startup transient. 
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Figure 5-1 Reactor & Steam Power vs. Time 
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Figure 5-2 Control Rods Depth vs. Time 
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Figure 5-3 Hot Leg, Cold Leg & Steam Temperature vs. Time 
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Figure 5-4 Feedwater Mass Flow Rate vs. Time 
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Figure 5-5 Steam Pressure vs. Time 
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Figure 5-6 FCV & FBV Position (Fraction of Full Open) vs. Time 
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Figure 5-7 TCV & TBV Position (Fraction of Full Open) vs. Time 
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Figure 5-8 SG Liquid Mass vs. Time 

At about 5500 seconds when the reactor power is stabilized at around 7 percent of full power, 

the feed bypass valves are manually closed in one minute, which results in a sudden drop of 

liquid mass in the SG. To compensate, the feed control valves open immediately to restore the 

SG mass. As reactor power increases and stabilizes at around 15 percent of full power, the 

turbine bypass valves are manually closed in one minute and the turbine control valves open 

to maintain the pressure. This transition appears to occur smoothly with no significant impact 

on SG mass. At around 18000 seconds the feedwater controller is switched to the 

conventional feedwater controller and control rods are switched to Tave control. SG liquid 

mass stabilizes at around 310 lbs implying the SG liquid mass won’t change significantly if the 

reference liquid mass in the neural net controller is chosen close to that value. 

  

5.2 Reactor Startup Based On Modified PWR Techniques 

In the previous reactor startup, control rod position is held constant when switching to main 

feed control valves, turbine control valves, Tave control and the normal feed controller. These 

switches are performed only when the reactor power is stable after the control rods are placed 
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in manual. This approach helps insure smooth transitions and helps to reduce the probability 

of reactor trip during startup, though at the cost of reactor startup time.  

 

The neural net feed controller has been shown capable of maintaining the SG liquid mass 

around the reference value under normal startup conditions. We next investigate an alternate 

startup procedure where the control rods are withdrawn continuously. For the first 14000 

seconds, control rods are withdrawn such that reactor power is increased to 20 percent of full 

power subject to the 50 F/hr and 0.5 DPM startup limits. The feed control valves and turbine 

control valves are brought online at about 7 percent and 15 percent of full power respectively 

while withdrawing the control rods. Compared with the previous case, the reactor startup time 

is decreased by around 5000 seconds (19000 seconds were required to bring the reactor to the 

same power level for the previous case) and the operating effort is reduced. After switching to 

the normal feed controller, a 100 percent step power demand is imposed and the turbine 

control valves open immediately to bring the reactor to full power in 4000 seconds. 
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Figure 5-9 Reactor & Steam Power vs. Time 
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Figure 5-10 Control Rods Depth vs. Time 
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Figure 5-11 Hot Leg, Cold Leg & Steam Temperature vs. Time 
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Figure 5-12 Feedwater Mass Flow Rate vs. Time 
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Figure 5-13 Steam Pressure vs. Time 
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Figure 5-14 FCV & FBV Position (Fraction of Full Open) vs. Time 
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Figure 5-15 TCV & TBV Position (Fraction of Full Open) vs. Time 
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Figure 5-16 SG Liquid Mass vs. Time 

The neural net controller was able to maintain the SG liquid mass around the reference value 

over the entire low power range. As the conventional feedwater controller takes charge after 

14000 seconds, feedwater control does not seem to be an issue even for a step changes as large 

as 80% in this case. 

 

5.3 Reactor Shutdown  

A reactor initially running at full power is assumed. The control rods are manually inserted at 

the maximum speed. Meanwhile a 20 percent of full power steam demand is imposed on the 

normal feed controller. As reactor power drops below 20 percent of full power, the normal 

feed controller is switched to the neural net feed controller. For the remainder of the transient, 

the neural net controller will maintain SG liquid mass around the reference value.  

 

Once the reactor power drops below 15 percent of full power, the turbine generator will be 

unloaded and pressure control transferred from the turbine control valves to the turbine 
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bypass valves. At around 7 percent of full power, feed control is transferred to the feed bypass 

valves. 
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Figure 5-17 Reactor & Steam Power vs. Time 
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Figure 5-18 Control Rods Depth vs. Time 
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Figure 5-19 Hot Leg, Cold Leg & Steam Temperature vs. Time 
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Figure 5-20 Feedwater Mass Flow Rate vs. Time 
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Figure 5-21 Steam Pressure vs. Time 
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Figure 5-22 FCV & FBV Position (Fraction of Full Open) vs. Time 
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Figure 5-23 TCV & TBV Position (Fraction of Full Open) vs. Time 
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Figure 5-24 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 

Reactor power drops to 20 percent of full power in around 1050 seconds. When the feed 

controller is switched to the neural net feed controller, the liquid mass in the SG is about 1450 

lbs, much higher than the reference liquid mass. As the neural net controller is brought online, 

it senses this huge mass difference. As a result the feed control valves are closed immediately 

and the SG liquid mass drops to the reference value in less than 100 seconds. Since the feed 

flow rate is dramatically reduced, the reactor power and steam power drop quickly as well. The 

swap to turbine bypass valves causes a large spike in steam pressure. This is because the feed 

flow rate is almost zero and both the turbine control valves and turbine bypass valves have 

difficulties maintaining pressure. The swap to the feed bypass valves occurs nearly coincident 

with the turbine bypass swap but does not result in a large change in SG liquid mass. 
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Chapter 6 Controller Testing under Abnormal Conditions 

The neural net feed controller has been evaluated under normal conditions and the 

performance is acceptable. In this chapter, we will assess the controller under abnormal 

conditions in terms of performance and robustness. 

 

Here a transient where the reactor is tripped from 100% power is examined. The control rods 

are fully inserted in zero seconds, which causes a sudden drop in reactor power to a decay heat 

level of 7%. The turbine control valves are closed in 5 seconds after the reactor is tripped and 

the turbine bypass valves are opened to maintain pressure.  

 

The normal feed controller is switched to the neural net controller when reactor power drops 

below 20% power. That happens 5 seconds after the trip. The main feed control valves are 

replaced by feed bypass valves as neutron power falls below 7%.  
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Figure 6-1 Reactor & Steam Power vs. Time 
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Figure 6-2 Hot Leg, Cold Leg & Steam Temperature vs. Time 
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Figure 6-3 Feedwater Mass Flow Rate vs. Time 
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Figure 6-4 Steam Pressure vs. Time 
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Figure 6-5 FCV & FBV Position (Fraction of Full Open) vs. Time 
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Figure 6-6 TCV & TBV Position (Fraction of Full Open) vs. Time 
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Figure 6-7 SG Liquid Mass vs. Time with a 300 lbs Reference Target Mass 
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As the reactor power decreases following trip, the feed demand decreases as well followed by 

immediate closure of the feed control valves. The rapid closure of the turbine control valves 

causes a large pressure spike as can be seen in figure 6-4. All the input signals to the neural net 

at this time are changing rapidly. When the normal feed controller is switched to the neural 

net controller, there is a large error between the predicted SG mass and the true SG mass. 

However this error is short lived and it drops quickly as the reactor power stabilizes at 7%. 

 

The predicted liquid mass and the true liquid mass match well over the low power portion of 

the transient where the neural net controller is active. This is encouraging and implies even 

under abnormal conditions, the neural net feed controller can successfully maintain the SG 

mass around the reference mass. 
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Chapter 7 Conclusion and Future Work 

7.1 Conclusion 

The focus of this work is to develop and implement a neural net feed controller that will 

control feedwater flow during low power operation including plant startup and shut down 

under normal and abnormal conditions. 

 

A helical coil steam generator model is built in order to investigate reactor behavior at very 

low power levels where the flow in the SG could be low or even counter flow. The neural net 

mass predictor is trained and tested based on the data generated by the IRIS simulator. The 

predicted SG liquid mass is shown to be reasonably close to the true liquid mass for all cases 

examined. 

 

The neural net feed controller has been shown capable of maintaining the SG liquid mass 

around a reference value for both normal and abnormal operating conditions. 

 

Steam generators are known to be inherently unstable at low power levels due to the highly 

subcooled feedwater used to maintain SG liquid mass. These instabilities have been reduced 

or eliminated in the helical coil steam generator when the neural net controller is used to 

control feed flow. 

 

A modified reactor startup and shut down strategies with control rods in automatic all the 

time also have been studied and the result shows the reactor startup and shutdown procedures 

could be simplified and more efficient under the contribution of the neural net feed controller.  

 

7.2 Future Work  

Future work considered for this project includes enhanced controller performance and control 

capability.  

 

Keeping the same neural net structure, the predictor accuracy can be directly enhanced by 

including more transients in the training set, particularly transients more representative of 

anticipated operating conditions. By modifying the neural net structure, such as adding feeding 

back to the neural net, can also increase the predictor accuracy. The optimization of input 
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arguments is considered to be a more efficient method to enhance the controller performance 

and robustness. The neutron power signal could aid in the prediction of an accurate SG mass. 

However this signal is not always available in very low power range and below the point of 

adding heat it does not influence steam generator behavior. Feed temperature could also 

contribute, however prior to turbine loading it is almost constant and does not contribute 

significantly.  Pressure drop across the SG is highly correlated to the SG mass but this signal 

may be too small to measure at low power levels.  

 

To use all the above signals, more than one neural net predictor can be built with each one 

working independently in different operating modes. The predictor accuracy could then be 

increased and the SG liquid mass maintained at any power level.  

 

The disadvantage of this approach is that as mass prediction is transferred between neural nets 

as the operating mode changes, discontinuities in the predicted mass may occur. This is 

because each neural net predictor has different weighs and biases, even if all the input signals 

are the same. As a result, forcing the predictors to be continuous when switching from one 

operating mode to another remains a principal task if more than one neural net predictor is 

used to control feed flow. 
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