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कायर्कारी सारांश

यह िरपोटर् नािभकीय िव तु सयंतंर् (SMART) के िलए स्माटर् ऑनलाइन मॉनीटरन पर इंडो-यूके 

सहयोगात्मक पिरयोजना के अतंगर्त िवकिसत 220MWe दािबत भारी पानी िरएक्टर (PHWR) म 

शीतलक दघुर्टना (LBLOCA) पिरदशृ्  य  एवं रेिडयोसिकर्य िनस्सरण की बहृत भजंन क्षित की पहचान 

करने के िलए अनके पर्गत कंप्  यूटेशनल इंटेलीजने्स मॉडल पर्स्ततु करती ह ै । स्  माटर् पिरयोजना के 

कायार्न्  वयन हतेु भापअ कदर् के साथ लीड्स बकेेट, पोटर्समाउथ, एवं िलवरपलू िवश्  विव ालय सहयोगी 
संस्  थान ह। एक कृितर्म न्  यटूर्ल नटेवकर्  मॉडल (ANNs) और रेिडयोसिकर्यता िनस्  सरण का अनमुान लगाने 
के िलए कर्ोड, सदंषूण,पयार्वरणीय पिरक्षपेण और िव कर णकीय डोज िवश्  लषेण के माध्  यम से पर्कर्म पर्ाचल  

के बहृत डाटाबेस बनाए गए ह। भापअ कदर् ारा िवकिसत आरंिभक ANN मॉडल ारा भजंन के पणूर् 
पिरदशृ्  य का पूवर् अनमुान लगाया जा सकता ह ै(भजंन का आकार, भजंन का स्  थान और आपातकालीन कर्ोड 

शीतलन पर्णाली (ECCS) की पर्रेण अवस्  था) । िफर भी, वतर्मान मॉडल ारा िनम्  न रज भजंन पिरदशृ्  य  

की तलुना म बृहत पवूार्नमुान तर्िुट सिहत बृहत भजंन पिरदशृ्  य  (यथा:200% भजन) का पूवार्नमुान लगाया 
जाता ह।ै  

इस दिृ  स,े सहयोगी ससं्  थान  ने भजंन आकार का पूवार्नमुान लगान ेके िलए पर्गत कंप्  यटेूशनल इंटेलीजने्  स 

मॉडल  का िवकास िकया ह ैजो आरंिभक मॉडल  की तलुना म न केवल भजंन आकार का पूवार्नमुान लगाने 
म बहेतर ह बिल्क बड़े आकार वाले भजंन  का भी कुशलता से अनमुान लगाते ह। पर्गत मॉडल  का िवकास 

स्  माटर् पिरयोजना पर इन्  डो-यकेू सहयोग के अतंगर्त इस िरपोटर् म िवस्  तार से िवचार-िवमशर् िकया गया ह।ै 
मॉडल  की दक्षता एवं मजबूती को बेहतर बनाने के िलए जेनिेटक एल्गोिरदम  (GA), न्यरूो-फजी़, बयेिसयन 

एपर्ोच इत्यािद जसैी अनके तकनीक  का िवकास िकया गया ह।ै मॉडल  की पिरशु ता िनधार्िरत करने के 

िलए इन्ह ब्लाइन्ड केस बर्ेक पिरदशृ्  य  के साथ मान्यकृत िकया गया ह ै  ।  ब्  लाइन्  ड केस िवश्  लषेण  के 

पिरणाम  से यह भी पता चलता ह ैिक अस्  थायी अनमुान  हतेु इन नए िवकिसत मॉडल  का कायर् िनष्  पादन 

अच्  छा ह।ै भजंन के आकार का पवूार्नमुान लगाने के िलए सयंक्ु  त मॉडल की सकंल्  पना को भी एक सफ़ल 

िविध पाया गया ह।ै फूिरयर टर्ांसफॉमर्, ऑिप्टमल बर्ने सजर्न, एडेिप्टव न्  यरूो फज़ी  जसैी तकनीक  ारा 
भजंन आकार का पवूार्नमुान लगान े सबंधंी समस्  या  को अिधक कुशलता से सलुझाने म क्  लािसकल 

(पर्िति त) तकनीक  को उल्  लेखनीय सहायता िमली।  
गधंरिहत कालमनै िफल्  टर (UKF) तकनीकी के आधार पर मातर्ा दर के पूवार्नमुान हतेु मॉडल  को िवकास 

िकया गया ह।ै UKF को लाग ूकरने वाल ेकंप्  यटूर कोड िविभन्  न भजंन पिरदशृ्  य  हतेु मातर् दर  का अनमुान 

लगाने म उपयोगी ह।ै अध्  ययन  से यह भी स्  पष्  ट हुआ िक न्  यटूर्ल नेटवकर्  वास्  तिवक काल आचरण म 

िविभन्  न भजंन पिरदशृ्  य  हतेु िनस्  सरण के सर्ोत टमर् का पूवार्नमुान लगान ेम सक्षम ह। सभी मॉडल  के 

कायर्िनष्  पादन की तलुना िविभन्  न भजंन आकार  के पर्ित उनकी क्षमता तथा मज़बतूी के िलए की गई ह।ै 
इस पिरयोजना के अतंगर्त िवकिसत स्माटर् टूल (SMARTOOL) नामक सा टवयेर पैकेज बहुत ही सामान्य 

ह ैिजसम भजंन पिरदशृ्  य  के पवूार्नमुान हतेु िविभ  एकल एवं सयंक्ु  त मॉडल  के िलए पर्िशक्षण,परीक्षण 

एंव मान्य डाटासैट  को सधुारने की िवशषेताएं ह । यह पर्योक्  ता-सुिवधा के अनुसार नए मॉडल  को जोड़न े

अथवा िव मान मॉडल  के सरंूपण म भी सक्षम ह।ै स्माटर् सहयोगात्मक पिरयोजना को अिधक दक्षता से 
कायर्िन्वत करने के िलए, भारत एव ंिबर्टेन दोन  पक्ष  की ओर से कायर् की पर्गित की िनयिमत समीक्षा अनके 

वीिडयो कान्फेर्न्  स , तकनीकी चचार्, बैठक  एवं सम्मलेन  का आयोजन करके, िविज़ट  के दौरान िवचार  के 



आदान-पर्दान के माध्यम से एवं िनरीक्षण करके तथा ईमले इत्यािद के माध्यम से की जाती ह ै।  भापअ कदर् 

एवं सभी ससं्थान  के इन सामिूहक एवं सहयोगात्मक पर्यास  के ारा स्माटर् पिरयोजना समय पर परूी हो 
पायी ह ै। कंप्  यूटेशनल इन्  टेलीजने्  स मॉडल  के िवकास के अलावा, इस कायर् को िविभन्  न सम्  मलेन  एवं 
कायर्शाला  म पर्स्  तुत िकया गया ह।ै समकक्षी सशंोिधत अतंरार्ष्  टर्ीय जनर्ल  म भी अनसुधंान पतर् पर्कािशत 

िकए गए ह।  
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Executive Summary 

This report describes several advanced computational intelligence models for identification 

of large break loss of coolant accident (LB LOCA) scenarios and radioactivity release in 

220MWe pressurized heavy water reactor (PHWR) developed under the Indo-UK 

collaborative project on smart online monitoring for nuclear power plants (SMART). The 

University of Leeds Beckett, Portsmouth, and Liverpool are the collaborative institutes 

along with BARC for executing the SMART project. A large database of process 

parameters is generated through analyses for core, containment, environmental dispersion 

and radiological dose to develop an artificial neural network models (ANNs) and 

radioactivity release prediction. The initial ANN model developed by BARC predicts the 

complete break scenario (size of the break, location of the break and actuation state of 

emergency core cooling system (ECCS)). However, the present model predicts large break 

scenarios (e.g. 200% break) with relatively large prediction error compared to lower range 

break scenarios.  

In view of this, the collaborating institutes have developed advanced computational 

intelligence models for break size prediction which perform relatively better than the initial 

model even for large break size prediction. The advanced models developed under Indo-UK 

collaboration on SMART project have been discussed in detail in this report. Several 

techniques such as genetic algorithms (GA), neuro-fuzzy, Bayesian approach etc. have 

been employed to improve the efficiency and robustness of the models. The models have 

been validated with the blind case break scenarios to determine the correctness. The blind 

case analysis results also indicate a good performance of these newly developed models for 

transient prediction. The concept of combined model is also found to be a successful 

method of predicting the break size. The techniques such as short time Fourier transform, 



optimal brain surgeon, adaptive neuro fuzzy have significantly helped the classical 

techniques to solve the break size prediction problem more efficiently.  

The models for dose rate prediction have also been developed based on unscented Kalman 

filter (UKF) technique. The computer code implementing the UKF is useful for estimating 

the dose rates for various break scenarios. It is also evident from the study that the neural 

networks are capable of predicting the source term release for various break scenarios in a 

real-time manner. The performance of all the models has been compared against their 

efficiency and robustness towards various break sizes. The software package named 

SMARTool developed under this project is very general having the features for creating the 

training, testing and validation datasets for various single or combined models for 

predicting the break scenarios. It also enables to add new models or configure the existing 

models in a user-friendly manner. 

In order to execute the SMART collaborative project more efficiently, the progress of the 

work from both India and UK side was regularly reviewed by conducting several video 

conferences, technical discussion meeting and seminars during visits, exchanging the 

ideas and observations via email, etc. This collective and coordinated effort from all the 

institutes including BARC has helped the timely completion of the SMART project. Apart 

from the development of computational intelligence models, the work has been presented 

in various conferences and workshops. Research papers have also been published in peer 

reviewed international journals.  
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1  INTRODUCTION 

1.1  Background 

Nuclear Power Plants (NPPs) are highly complex systems that are operated and monitored by 
human operators. When faced with transient, such as a plant accident scenario, equipment 
failure or an external disturbance to the system, the operator has to carry out diagnostic and 
corrective actions. The anomalous operating conditions must be diagnosed and identified 
through the process instrument readings. Depending on the severity of the accident, 
instruments’ readings might not give clear indication of an anomaly at its incipient stage. It 
necessitates developing a system that will assist the operator to identify such transients at the 
earliest stages of their developments. Early detection will help in minimizing or even 
mitigating the negative consequences of such transients. It is equally important to identify the 
type of transient correctly. Misidentification of transients might result in incorrect action by 
the operator and thus leading to accident situation.  
 
The objective of the plant diagnostic system in any potentially unsafe scenario is to give the 
plant operators appropriate inputs to formulate, conform, initiate and perform the corrective 
actions. The event detection can be classified as a pattern recognition problem. When an 
event occurs starting from the steady-state operation, instruments’ readings develop a time-
dependent pattern and these patterns are unique with respect to the type of the event. 
Therefore, by properly selecting the plant parameters, the Initiating Events (IEs) can be 
distinguished. To tackle this type of problem, a number of linear and non-linear pattern 
recognition techniques are available [1 & 2]. However, Artificial Neural Networks (ANNs) 
are considered to be the most commonly used technique for pattern recognition problems. 
Since the neural networks cannot be trained on all possible IEs, it is important to mention 
here that it does not classify the IEs, for which neural networks have not been trained. In 
view of this, a neural network model has been developed for identification of large break 
LOCA scenarios in 220MWe Indian PHWRs [3 & 4]. In order to assist the operator to 
identify the correct transient and take corrective actions, an operator support system known as 
“Diagnostic System” has been developed to mitigate the accident conditions [5-7]. The brief 
description of the Diagnostic system along with the neural network model has been 
discussed. 
 
1.2  Diagnostic System 

This system simulates the reasoning of the human expert and aims at finding the plant status 
depending on the system failures, activity release from the Primary Heat Transport (PHT) 
system etc. Hence, the occurrence of an Initiating Event (IE) can be detected by continuously 
monitoring the reactor process parameters such as PHT storage tank level, PHT pressure, 
PHT temperature, steam generator level etc. A large database of transient data of reactor 
process parameters has been generated for reactor core, containment, environmental 
dispersion and radiological dose to train the ANNs. These data have been generated using 
various codes e.g., RELAP5 code for thermal hydraulics for the core [8]. The present version 
of Diagnostic system is capable of identifying large break LOCA scenarios of 220 MWe 
Indian PHWRs [6 & 7]. The system has been designed to provide the necessary information 
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to the operator to handle emergency situations when the reactor is operating. The diagnostic 
results obtained from ANNs study are satisfactory. The functional block diagram of ANN 
based Diagnostic system is shown in (Fig.1).  

 

Fig.1. Functional block diagram of Diagnostic system 

It mainly consists of three stages of processing, namely, the input, output and the event 
identification stage. In the input stage, the data is taken from the Computerized Operator 
Information System (COIS), processed into a standard file. This pre-processed data in the 
input stage is used for training and testing the neural network in the event identification stage.  
In the event identification stage, neural network processes the data through a bank of artificial 
neuron layers and arrives at an optimum solution by adjusting the synaptic weights. Finally, 
the diagnostic results obtained in the event identification stage are displayed in the output 
stage, which is an operator screen. In the output stage, the following information is displayed: 
the plant status, i.e., the plant normal or any transient has occurred, process parameters and 
their current process values, trend of the important process parameters and operator actions 
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whenever an event is detected. The actual outputs of Diagnostic system are shown in the 
subsequent Figures. 
 
Diagnostic system enables the operator to know the status of the plant at any instant of time 
during reactor operations. Whenever an event is detected, this system will record the type of 
the event, time at which the event has occurred and the relevant process parameters and their 
values at the time of initiation of the event. The features of the system have been explained 
by showing a few important windows displayed by the software tool. The window shown in 
(Fig.2) is the main screen of Diagnostic system showing several panels containing reactor 
status information, accident scenario information, server status information and a dedicated 
panel related to various controls for starting and stopping of the remote functions. 

 

Fig.2. Main screen of Diagnostic system 

The window shown in (Fig.3) displays the identified event along with important process 
parameters and their current process values showing in red background colour in order to 
draw the operator’s attention. Also, operator actions will be displayed on the operator screen 
for the identified event. There are unique sets of parameters for different IEs and they are 
categorized under different panels. By selecting a suitable panel, relevant parameters and 
their current process values can be seen on the operator screen. For example, under steam 
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generator panel, a list of all relevant parameters to this IE is given. Under general panel some 
important parameters, which are common to most of the IEs, have been given.  
 
Graphical trend of the important process parameters is an important aspect in order to 
confirm the event identified by ANN. Hence, a trend of relevant process parameters is 
displayed continuously in a separate window. (Fig.4) shows the trend of fission product 
release for the identified scenario. In order to achieve the real-time performance, the 
diagnostic system has been divided into several modules operating on different servers. The 
architecture of the hardware system of diagnostic system is shown in (Fig.5) and the physical 
operational setup is shown in (Fig.6). 

 

Fig.3. Window showing the identified event and relevant process parameters 
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Fig.4. Window showing the trend of fission product release for identified 
scenario  

 

Fig.5. Architecture of Diagnostic system 
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Fig.6. The Diagnostic system facility 

Diagnostic system helps the operator to know the time dependent change in the process 
parameters’ values with respect to their normal operating values. The operator can apply the 
time dependent operator actions as and when required by simply looking on the operator 
actions window rather than searching for the resource documents at the time of transient 
occurrence. The special feature of this system is that whenever a process value crosses its 
normal operating range, the system will flash that parameter and its value with a red 
background colour, which indicates an alert to the operator. Thus, Diagnostic system could 
demonstrate its role as an efficient operator support system during abnormal situations for 
accident management. 
 
1.2.1  Large Break LOCA in NPPs 

A large break LOCA, although highly unlikely, is the most severe process failure with which 
the protective system must cope. Following the large breaks, the coolant discharges from 
PHT system, PHT system depressurizes rapidly which causes voiding in the reactor core. 
This coolant voiding in the core causes positive reactivity addition and consequent power rise 
which the reactor shutdown system must be able to terminate [9]. At the same time, it can 
cause a deterioration of the heat transfer from the fuel necessitating the stored heat in the fuel 
to be removed by the discharging coolant and emergency core coolant. Energy associated 
with the coolant discharging from the break contributes to a pressure build up in the 
containment and is a major consideration in determining the requirements of the containment. 
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Several trip signals will be activated namely high log rate, low PHT pressure, high neutron 
power, low PHT coolant flow and high reactor building pressure (for a LOCA initiating 
outside the core) one after the other in a short time. Sequence of actuation of trip signals is 
largely dependent upon break location. In general, for breaks on RIH side, high log rate 
signal is a first signal followed by high neutron power, while for breaks on ROH side, low 
pressure signal is usually the first signal followed by high log rate. To study the system 
behaviour under large break LOCA condition, a wide range of break sizes is considered. 
Radioactive fission products get released from the overheated, failed fuel to the PHT system 
from where it gets released into the containment. Eventually, the activity can get released to 
the environment through various leakage / discharge paths and get dispersed in the 
atmosphere.  
 
1.2.2  Identification of Transients using Artificial Neural Networks 

The initiating events are identified using ANNs. The events are modelled based on the 
relevant reactor process parameters’ time dependent data as available in the safety analysis 
report [9]. A large amount of time dependent data needs to be generated in order to train and 
test the neural networks for the selected initiating events so that these transients can be 
identified during reactor operations. Several important process parameters have been 
identified from the COIS of 220MWe Indian PHWRs for the LOCA event. (Table.1) lists the 
process parameters for the case of LOCA. This list consists of 35 analog and 2 digital 
parameters. The analog parameters will have a time dependent transient data where as digital 
parameters indicate the status of certain process state such as reactor trip, pump room 
pressure high, etc.  
 
This type of problem is modelled as a pattern recognition problem in neural networks 
wherein a set of input values (pattern) with respect to time represents a class of output. Thus, 
the events are classified into several classes based on the input patterns. The analysis focuses 
on the realistic conditions of the reactor core rather than a conservative approach as 
considered in the case of Safety Analysis Report (SAR) of Indian PHWRs [9]. Only the 
measurable parameters, which are available in COIS of Kaiga 3& 4 are selected for the 
analysis. 
 
1.2.2.1 Transient Data Generation 

In order for training the neural networks, a continuous and consistent data is needed. For this 
purpose, the time scale of the transient duration is divided into different intervals such that 
the transient can be identified as quickly as possible in the earlier phase of its development. 
At the same time, the time scale is chosen such that the number of data points at later period 
of transient is limited to avoid a long training of ANN. The time scale for a transient period 
of 60 seconds is as follows: 

Δt = 0.01 for t = 0 to 2 sec 
Δt = 0.1 for t = 2.1 to 30 sec 
Δt = 0.5 for t = 30.5 to 60 sec 
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Where, t is the transient time and Δt is the time increment. The data for analog parameters 
listed in (Table.1) with the above time scale is generated from the RELAP 5 [8] thermal-
hydraulic code for the transient duration of 60 seconds. 

 
Table.1. List of selected process parameters for LOCA event  

Sr. No. Parameter Description Process Range 
1 South inlet header (CL) pressure CH-G 0 - 120 kg/sq. cm g 
2 PHT pressure in south hot header CH-D 55 - 105 kg/sq. cm g 
3 North inlet header (CR) pressure CH - G 0 - 120 kg/sq. cm g 
4 PHT pressure in north hot header CH-D 55 - 105 kg/sq. cm g 
5 ΔP across header HR & CL CH - G - 75 - 75 cmWC 
6 ΔP across header HL & CR CH - G - 75 - 75 cmWC 
7 D2O storage tank level CH - E 0 - 4 M 
8 SG1 inlet temperature 0 - 320 Deg. C 
9 SG1 outlet temperature 0 - 320 Deg. C 
10 SG2 inlet temperature 0 - 320 Deg. C 
11 SG2 outlet temperature 0 - 320 Deg. C 
12 SG3 inlet temperature 0 - 320 Deg. C 
13 SG3 outlet temperature 0 - 320 Deg. C 
14 SG4 inlet temperature 0 - 320 Deg. C 
15 SG4 outlet temperature 0 - 320 Deg. C 
16 Diff temperature across SG1 CH - E 0 - 55 Deg. C 
17 Diff temperature across SG2 CH - E 0 - 55 Deg. C 
18 Diff temperature across SG3 CH - A/D 0 - 55 Deg. C 
19 Diff temperature across SG4 CH - A/D 0 - 55 Deg. C 
20 Steam flow from BO1 0 - 375000 kg/Hr 
21 Steam flow from BO2 0 - 375000 kg/Hr 
22 Steam flow from BO3 0 - 375000 kg/Hr 
23 Steam flow from BO4 0 - 375000 kg/Hr 
24 Selected channel  N - 13 inlet temp 0 - 300 Deg. C 
25 Selected channel  N - 13 outlet temp 0 - 300 Deg. C 
26 Selected channel  H - 18 inlet temp 0 - 300 Deg. C 
27 Selected channel  H - 18 outlet temp 0 - 300 Deg. C 
28 Channel flow south N - 13 CH - D 0 - 51100 kg/Hr 
29 Channel flow south H - 18 CH - E 0 - 45200 kg/Hr 
30 RB pump room pressure (WR) 0.1 - 5 kg/sq. cm g 
31 PHT pump room air temperature 0 - 100 Deg. C 
32 D2O level in 3335 - TK1 CH - G 0 - 168 cm 
33 H2O level in 3335 - TK3A & 3B CH - G 0 - 3852 mmWC 
34 PSS linear N CH - D 0 - 150 %FP 
35 PSS log rate CH - D - 20 - 20 %/sec 
36 RB room temperature High 
37 Reactor Trip 
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1.2.2.2  Large Break LOCA in RIH with ECCS 

The break sizes considered for this event are 20%, 60%, 75%, 100%, 120%, 160% and 200% 
in RIH. In addition to these break cases, normal operating condition of the reactor is 
simulated. A 60 seconds transient duration is considered in this case under the assumption 
that this time duration is sufficient to identify the large break LOCA event. 37 parameters 
have been identified from COIS for identifying the large break LOCA event. This 37 time-
varying data represents a particular state of reactor (i.e., normal state or any LOCA state) 
along with the location of the break and the status of ECCS injection. 
 

1.2.2.3 Simulation of LOCA Break Scenarios with Single Neural Network 

In this case, all the break scenarios have been modelled with only one neural network 
architecture except that the transient data for ROH with ECCS case is of 160 seconds. This is 
due to the fact that 60 seconds transient data for ROH with ECCS is not sufficient time period 
to develop this scenario more precisely. The neural network simulations have been carried 
out using BIKAS simulator [10]. 
 
1.2.2.4 Results  

The following are the network architecture and computational resources details:  
 
Network architecture:  37:19:26:3 
Training terminated at 76030 epochs 
CPU time: 86238.59 Sec; 23.96Hrs 
Minimum error achieved: 1.42E-02 
System Resources 
Processor: Pentium (R) D  
RAM: 3.25GB 
CPU: 3.4GHz  
OS: Windows XP, SP2 
 
(Fig.7) shows the plot of desired verses calculated outputs from the ANN model. (Fig.8) 

shows the predicted breaks verses room mean square (RMS) error. 
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Fig.7. Desired verses calculated output of ANN for break size 

 

Fig.8. shows the predicted breaks verses RMS error 

(Table.2) shows the testing and prediction results obtained from neural network model. The 
value of each of the second and third parameters of the output can be either 0 or 1. However, 
in a floating point arithmetic calculation with the ANN they can assume values other than 0 
or 1. For these parameters, calculated values less than 0.5 are regarded as 0 and those above 
0.5 are regarded as 1. For example, in (Table.2), the calculated values of                        
(122.64, 1.0031, -0.0608) in the third case under 120% break will be regarded as                
(122.64, 1.0, 0) which is very close to the desired output. 
 
 

10



 

Table.2. Results of ANN 

Break size (%) Desired output Calculated output RMSE 
0 0.0 0.0 0.0 0.2322 -0.0033 -0.1249 0.1523 
 

20 
20.0 0.0 0.0 20.95 -0.00497 0.3597 2.34 
20.0 0.0 1.0 19.90 0.0025 0.6459 2.365 
20.0 1.0 0.0 17.21 1.0022 0.0759 3.087 
20.0 1.0 1.0 22.289 0.997 0.995 3.002 

 
60 

60.0 0.0 0.0 61.68 -0.00012 0.148 2.912 
60.0 0.0 1.0 59.73 -0.00077 0.8665 3.358 
60.0 1.0 0.0 59.276 0.998 0.0038 2.712 
60.0 1.0 1.0 56.70 0.999 0.983 3.105 

 
100 

100.0 0.0 0.0 103.37 0.0012 0.1397 3.64 
100.0 0.0 1.0 104.23 -0.0032 0.8558 4.107 
100.0 1.0 0.0 101.37 1.0028 -0.0589 2.907 
100.0 1.0 1.0 101.086 1.00 1.0275 3.974 

 
120 

120.0 0.0 0.0 120.17 0.0016 0.1134 3.56 
120.0 0.0 1.0 119.39 -0.00048 0.8451 4.422 
120.0 1.0 0.0 122.64 1.0031 -0.0608 2.971 
120.0 1.0 1.0 122.208 0.997 1.043 4.258 

 
200 

200.0 0.0 0.0 197.98 0.00033 0.00212 4.856 
200.0 0.0 1.0 193.49 -0.00066 0.97 4.84 
200.0 1.0 0.0 194.87 0.998 -0.0512 5.733 
200.0 1.0 1.0 194.015 1.00 1.059 5.438 
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Break size (%) Desired output Predicted output 
40 40.0 0.0 0.0 38.29 0.017 0.15 

40.0 1.0 0.0 38.75 0.99 0.8008 
40.0 1.0 1.0 36.84 0.998 0.878 

50 50.0 0.0 0.0 49.27 0.129 0.044 
 

75 
75 0.0 0.0 79.85 0.00215 0.169 
75 0.0 1.0 77.016 -0.0042 0.862 
75 1.0 0.0 74.014 0.995 -0.064 
75 1.0 1.0 71.58 0.995 0.985 

 
160 

160.0 0.0 0.0 158.66 -0.00014 0.040 
160.0 0.0 1.0 158.006 0.00216 0.7765 
160.0 1.0 0.0 163.6 1.003 -0.027 
160.0 1.0 1.0 164.38 0.996 1.047 

 
Few case studies were carried out with the transients of some selected event scenarios which 
were not used for training and testing of the ANN. (Table.2) also shows the predicted results 
for these scenarios. The neural network model has been trained with known transient data and 
tested with several other break sizes located at different headers, and with or without the 
availability of ECCS. The network was found to be efficient as the unknown break sizes are 
predicted with very low error.  
 

1.2.2.5  Summary  

Several scenarios of large break LOCA with and without the availability of ECCS have been 
modeled using artificial neural networks. The LOCA in RIH with and without ECCS, and 
ROH with and without ECCS scenarios have been modeled with a single neural network. The 
break sizes ranging from 20% to 200% in reactor headers are considered. A few break sizes 
were predicted without being trained earlier. The test results obtained from ANN are within 
the acceptable range. However, it is seen from the study that, artificial neural networks can 
efficiently predict the unknown break sizes with reasonable error.  
 

1.3  Scope for Collaboration  

It is evident from the study and (Table.2) that the present ANN model predicts the smaller 
range breaks with less RMS error compared to the larger range breaks. Hence, it is proposed 
to explore alternate models or other computational intelligence techniques to predict the 
larger breaks also with less RMS error. 
 
As the knowledge about the amount and time of radioactivity release during accident scenario 
is very much essential for accident management and emergency preparedness, it also 
proposed to explore a computational intelligence models to timely prediction of the source 
term release. 
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2  COLLABORATION 

The proposed collaborative project will provide an on-line monitoring tool for diagnosing and 
prognosing the health of nuclear power plants at four stages of accident progression: (i) 
normal phase (ii) threat phase (iii) core damage phase, and (iv) post release phase. The tool to 
be developed will help improve safety, maintain plant availability and reduce accident 
handling costs. The work will build directly on partner’s collective expertise in the areas of 
nuclear engineering, modelling, and condition monitoring; to answer the issues remaining 
before an effective monitoring system can be developed. It will produce a product that can 
cooperate with power plant control room software. 
 
Either existing or new design NPP strive to improve safety, maintain availability and reduce 
the cost of operation and maintenance. Moreover, plant life extensions and power updates 
push the demand for the new tools of diagnosing and prognosing the health of NPP. 
Monitoring the status of plants by diverse means has become a norm. Hence, plants have rich 
databases logging various process parameters, as well other indications on system and 
equipment health. Current approaches for diagnosis and prognosis rely heavily on operator 
judgement on the basis of on-line monitoring of key variables. 
 
The project intend to employ computational intelligence methods to support the operators in 
decision making process using available information from the plant’s online monitoring 
database [11]. We note that there are very few implementations of such methods in 
monitoring tools used in control room operator desk in nuclear plants.  This can be attributed 
to the challenging task of verification and validation of such tools for all scenarios for which 
it is designed. 
 
SMART online monitoring methodology could be applied in any industry. However when it 
is applied on nuclear industry, there exists four stages of accident progression as shown in 
(Fig.9): (i) Normal phase (ii) Threat phase (iii) Core damage phase, and (iv) Post release 
phase. Hence the SMART should be capable to cater to the diagnosis and prognosis needs in 
all these stages. 
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Fig.9. Accident management framework using Diagnostic System 

SMART project aims to achieve the target of developing a fully validated tool for diagnosis 
and prognosis by utilizing two complementary approaches:  data driven and model based 
techniques. Some of the methods that can be considered in data driven are Artificial Neural 
Networks, Support Vector Machines, etc. Similarly, Kalman filter, particle filter etc. are 
promising estimation methods which are model based. 
 
2.1  Collaborating Institutions  

The following institutes are the collaborating institutes for the SMART project 
Bhabha Atomic Research Centre, India 
Leeds Beckett University, UK 
Portsmouth University, UK 
Liverpool University, UK 
 
2.2  Proposed Work Packages   

The collaborative program is presented as a series of work packages (WP) as described 
below: 

WP1: Literature review 
This task will involve planning experiments, investigating the methods of modelling.  
WP2: Design of experiment and data collection  
This task will define different inputs and outputs of the model. The optimal way will be 
found for the test. Design of experimental conditions for testing the models.  
WP3: Model development of Normal phase/threat phase and comparison  
WP4: Improving the efficiency and robustness of the diagnostic system  
WP5: Core damage strategies based on Bayesian Belief Network/other model  
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WP6: Models and a model-based state estimation tool for Post threat phase monitoring  
WP7: Investigation of appropriate filtering methods to tackle the post threat phase  

     monitoring  
WP8: Verification and validation of all the models and online state estimation tools  

    developed by in WP3, WP5 and WP6  
WP9: Integration of the model to the on line monitoring system  
WP10: Project management, publications and report writing 

 

2.3  Deliverables  

The computational intelligence models based on the advanced techniques are proposed to be 
the major deliverables of the project for transient identification and source term prediction. 
An integrated framework of the models developed under SMART collaborative project in the 
form of computer tools are an important deliverables. 
 

3  ADVANCED COMPUTATIONAL INTELLIGENCE MODELS  

3.1  Introduction  

Several computational intelligence methods have been studied and models for identification 
of break size have been developed. The models include classical backpropagation algorithm 
to a more advanced algorithms in terms of efficiency and robustness. In this chapter, the 
models developed as a part of collaboration have been discussed. The concepts of the models 
and important results are discussed in this report. It is important to note that the models 
discussed here are for identification of only the break size in reactor inlet header with the 
availability of ECCS. 
 

3.2  Advanced Models for Break Size Prediction  

The various break size prediction models developed by the collaborative universities are 
discussed in this section. The approach and only the important results are presented. 
 

3.2.1  A Three-Stage Neural Networks Model  

This work proposes a Neural Network (NN) design methodology in three stages to detect the 
break sizes of the Inlet Headers (IHs) of a NPP. In stage one, an optimised 1-hidden layer 
Multilayer Perceptron (MLP) is obtained by training and testing a number of 1-hidden layer 
MLP architectures which are determined empirically. In stage two, a number of 2-hidden 
layer MLP architectures are determined based on the number of the weights of the optimised 
1-hidden layer MLP; then, an optimised 2-hidden layer MLP is obtained by training and 
testing these 2-hidden layer MLP architectures. In stage three, the break sizes not present in 
the transient dataset are generated using linear interpolation method; then, the optimised       
2-hidden layer MLP is trained and tested iteratively 100 times using the transient dataset 
added with the linear interpolation dataset. The results show that the proposed methodology 
outperformed the MLP of the previous work. Compared with exhaustive training of all         
2-hidden layer architectures, the speed of the proposed methodology is faster than that of 
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exhaustive training. Additionally, the optimised 2-hidden layer MLP of the proposed 
methodology has a similar performance to exhaustive training. 
 

3.2.1.1  The Neural Networks Training Methodology 

The proposed methodology consists of 3 stages as shown in (Fig.10). In the 1st stage, a 
number of 1-hidden layer MLP architectures are created empirically. Then, each architecture 
is trained and tested a number of times using the transient dataset to select an optimised        
1-hidden layer MLP. In the 2nd stage, a number of 2-hidden layer MLP architectures with 
equal number of nodes in each hidden layer are created based on the number of the weights 
of the optimised 1-hidden layer MLP. Then, each 2-hidden layer architecture is trained and 
tested a number of times using the transient dataset to select an optimised 2-hidden layer 
MLP. In the 3rd stage, the break sizes not present in the transient dataset are generated using 
linear interpolation method; then, the optimised 2-hidden layer MLP is trained and tested 
iteratively on the transient dataset added with the linear interpolation dataset to select an 
optimised MLP. The initial weights of the network in a training-testing iteration are set to the 
weights of the trained network in the last training-testing iteration.   

 

 

Fig.10. The proposed neural networks training methodology 
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3.2.1.1.1  Performance Measures 

The following performance measures are used to evaluate the performances of the neural 
networks in detecting LOCA: 
Root Mean Square Error (RMSE) of a break size: 

 =   ……………………………………Eq.(1) 

Where,   

 =   ……………………………………Eq.(2) 

Here, k is a break size i.e. k=0%, 20%, 60%, 100%, 120% or 200%; M is the number of the 

patterns of break size k in the test set; i is the ith pattern of break size k in the test set;  is the 

output of the network for the ith pattern;  is the break size target of the ith pattern. 

Mean RMSE  ……………………………….Eq.(3) 

Where, N is the number of the different break sizes in the test set; in this study, N=6. 
Standard deviation of RMSE is: 

RMSESD =  ……………………………….Eq.(4) 

 

Where,  is the mean RMSE. 

The RMSE of a break size measures the performance of a network in detecting that specific 
break size. The mean RMSE measures the average performance of a network in detecting 
break sizes. The standard deviation of RMSEs measures the stability/variation of the 
performance of a network in detecting break sizes. 
 
3.2.1.1.2  Random Data Split and Normalization of the Transient Dataset 

The transient data is randomly split into a 50% training set, a 25% validation set and a      
25% test set using the random sub-sampling with no replacement method [12-15]. This 
creates a balanced training set, a balanced validation set and a balanced test set which are 
non-overlapping subsets of the transient dataset. Each break size class of the training set 
consists of 270 instances which are uniformly drawn at random from the transient dataset. 
The advantage of using a balanced training set is that this would ensure that the trained neural 
network would make unbiased estimation of the different break sizes in the test set. In 
contrast, a network trained on an imbalanced training set would tend to output the break size 
target corresponding to the majority class of the training set which leads to poor performance 
of the network. The 37 inputs and the break size targets of the training set are rescaled to the 
interval [-1, 1] using min-max normalization before training neural networks. When testing 
the trained networks, the outputs of the networks for the test set are transformed back to the 
target break size range [0%, 200%] by inversing the min-max normalization calculation.   
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3.2.1.1.3  Training of 1-Hidden Layer MLPs and Selection of the Optimised 1-Hidden Layer 

MLP 

Firstly, a number of single hidden layer Multilayer Perceptrons (MLP) were trained on the 
training set and evaluated on the test set. The validation set was used to validate the 
performance of the network during training. Each MLP has 37 inputs, a number of hidden 
nodes and 1 output node. Each hidden node is a logistic sigmoid function [2]:  

                                  ………………………………………Eq.(5) 

and 

…………………………………………..Eq.(6) 

Where, xi is the ith input, wi is ith weight and b is the bias of the hidden layer. The output node 
O of each MLP is the linear function: 

                               O …………………………………..……….Eq.(7) 

Where,  is the bias of the output node. Six 1-hidden layer MLPs with 10, 12, 15, 18, 20 and 

22 hidden nodes were trained respectively using the Levenberg-Marquardt algorithm           
[16 &17] with setting of the maximum epoch to 1000 and that of the learning rate to 0.001. 
The criterion to terminate training is that training stops if the validation error does not 
improve for 6 consecutive epochs. Using this termination criterion would find an optimised 
set of weights and would prevent the network from over-fitting the training set which could 
be caused by training for longer time. Each of the 6 1-hidden layer MLPs was trained 5 times 
on the training set giving a total of 30 MLPs. The optimised network among the 30 networks 
is the one with the smallest mean RMSE and the smallest number of nodes because the 
network with the smallest size and the highest predictive performance has the best 
generalization performance on unseen data.  
 

3.2.1.1.4  Training of  2-Hidden Layer MLPs and Selection of the Optimised 2-Hidden Layer 

MLP 

A 2-hidden layer MLP is a universal approximator which can approximate any non-linear 
continuous function to any degree of accuracy. Networks with excessive number of nodes 
and weights may over-fit the training set and have poor generalization performance. Our 
optimised 1-hidden layer MLP has 18 hidden nodes and 684 weights. The number of the 
weights of the optimised 1-hidden layer MLP was used as a guidance to determine the 
number of the weights of a 2-hidden layer MLP based on the assumption that 2-hidden layer 
MLPs with similar number of weights as the optimised 1-hidden layer MLP have high 
generalization performance. The lower and the upper bounds (LB and UB) of the number of 
the weights of a 2-hidden layer MLP were obtained using the heuristic rules LB = 684-L and 
UB=684+M where L and M are values set by the user. Setting L to 200 and M to 100 gives a 
LB of 484 and an UB of 784. The formula relating the number of weights W and the number 
of nodes H of each hidden layer of a 2-hidden layer MLP with equal number of nodes in each 
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hidden layer is W=37xH+H2+H which can be re-arranged to the following quadratic 
equation: 

     H2+38H-W=0………………………………………………..Eq.(8) 
 
Setting W to 484 and 784 respectively, the positive solutions to (Eq.4) are H=10 and H=15. 
Therefore, six 2-hidden layer MLPs with 10, 11, 12, 13, 14 and 15 nodes in each hidden layer 
were trained respectively. Each of the six 2-hidden layer MLPs was trained 5 times on the 
training set giving a total of 30 networks. The optimised network among the 30 trained 
networks is the network with the smallest mean RMSE and the smallest number of nodes.    
 

3.2.1.1.5  Training the Optimised 2-Hidden layer MLP on Linear Interpolation Dataset and 

Transient Dataset 

Linear interpolation is a method of constructing new data points within the range of a set of 
known data points by fitting straight lines using linear polynomials. Having obtained the 
optimised 2-layer MLP, the break sizes 2.5%, 5%, 7.5%, 10%, 12.5%, …, 195% and 197.5% 
which are missing in the transient dataset, were generated using linear interpolation. For each 
missing break size, 541 instances were generated giving a total of 40575 instances. The 
transient dataset and the break size dataset generated by linear interpolation were merged into 
a dataset containing 43821 instances. Thereafter, the optimised 2-layer MLP was trained and 
tested iteratively 100 times on the merged dataset to obtain a MLP with better performance 
than the optimised 2-layer MLP. During each training-testing process, the merged data was 
randomly split into a 50% training set, a 25% validation set and a 25% test set; then, the 
weights of the network trained in the previous training-testing process were used as the initial 
weights of the current training-testing process before training began. This would give faster 
training speed than setting the initial weights to random values because each training process 
started at a minimum point on the error surface and stopped at another minimum point in the 
local region of the minimum point of the last training process. The mean RMSE on the test 
set of the trained network was compared with that of the current optimised network. The 
optimised network among the 100 networks was obtained after 100 iterations of the training-
testing process.  
 

3.2.1.2  Results 

3.2.1.2.1  The Optimised 1-Hidden Layer MLP 

The optimised 1-hidden layer MLP among the 30 MLPs trained has a mean RMSE of 2.23 
and consists of 18 hidden nodes is shown in (Fig.11). The RMSE of each break size of the 
optimised network on the test set is illustrated in (Table.3) and (Fig.12). 
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Fig.11. Minimum mean RMSEs among 5 training times of the six 1-hidden 
layer MLP architectures 

 

 

Table.3. The RMSEs of each break size of the optimised 1-hidden layer MLP 

 
 
 

 

 

Fig.12. RMSE of each break size of the optimised 1-hidden layer MLP 

3.2.1.2.2  The Optimised 2-Hidden Layer MLP 

The optimised 2-hidden layer MLP among the 30 2-hidden layer MLPs trained has a mean 
RMSE of 1.59 and consists of 12 nodes in each hidden layer and 600 weights as shown in 
(Fig.13). The optimised 2-hidden layer MLP has a better performance (mean RMSE 1.59) 
and a more stable performance (standard deviation 1.075) than the optimised 1-layer MLP in 

Break size 0%  
 

20% 
 

60%  
 

100%  
 

120% 
 

200% 
 

Mean 
RMSE 

Standard Deviation 
of RMSEs 

RMSE 0.06 1.39 2.01 3.37 3.38 3.16 2.23 1.34 
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detecting break sizes. The optimised 2-layer MLP has significantly smaller RMSEs than the 
optimised 1-layer MLP on all break sizes except break size 0% as shown in (Fig.14) and 
(Table.4). 

 

Fig.13. Minimum mean RMSEs among 5 training times of the 6 2-hidden 
layer MLP architectures 

Table.4. The RMSE of each break size of the optimised 2-hidden layer networks 

Break size 0% 20% 60% 100% 120% 200% Mean of 
RMSEs 

Standard 
Deviation of 

RMSEs 
RMSE 0.27 0.80 0.84 2.32 2.46 2.84  1.59  1.075 
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Fig.14. Performance comparison of the optimised 2-layer MLP and the 
optimised 1-layer MLP 
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3.2.1.2.3  Training the Optimised 2-Hidden Layer MLP on Linear Interpolation Dataset and 

Transient Dataset 

The optimised 2-layer MLP was trained and tested iteratively 100 times on the merged 
dataset to obtain a MLP with better performance than the optimised 2-layer MLP. The mean 
RMSEs of the 100 networks are compared in (Fig.15). The mean RMSE of the 47th network 
is the smallest (0.4261). The standard deviation of the RMSEs of the 47th network on all the 
break sizes is 0.2342. Therefore, the 47th network is the optimised network of the iterative 
training-testing process. The mean RMSE of the 95th network is 0.434 and the 2nd smallest. 
The RMSE of each break size of the 47th network is smaller than that of the optimised               
2-hidden layer MLP as shown in (Fig.16) and (Table.5). The standard deviation of the 
RMSEs of the 47th MLP is 0.2342 which is smaller than that of the optimised 2-hidden layer 
MLP. Therefore, the 47th MLP has a significantly more stable performance (less variation of 
performance) than the optimised 2-layer MLP in detecting different break sizes. Therefore, 
the performance of the 47th network is much higher than that of optimised 2-layer MLP. 

 

Fig.15. Mean RMSEs of the 100 MLPs 
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Fig.16. Performance comparison of the 47th MLP and the optimised 2-layer 
MLP 

Table.5. The RMSE of each break size of the 47th MLP 

Break 
size 

0% 20% 60% 100% 120% 200% Mean of 
RMSEs 

Standard 
Deviation 
of RMSEs 

RMSE 0.0690 0.3761 0.7344 0.4030 0.3436 0.6307 0.4261 0.2342 
 
Comparison of the outputs of the optimised network and the break size targets on the test set 
is illustrated in (Fig.17). For all the 6 break sizes 0%, 20%, 60%, 100%, 120% and 200%, 
most of the optimised network outputs are identical to the targets. For each break size, the 
mean of the optimised network outputs is very similar to the target break size as shown in 
(Table.6). The variations of the networks outputs are small.  

 

Fig.17. Comparison of the outputs of the 47th network and the target break 
sizes of test set 
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Table.6. The mean and standard deviation of the optimised network outputs 

respect to each break size 

Target Break Sizes 0% 20% 60% 100% 120% 200% 

Mean of Network Outputs (%) 0.07 20.02 59.99 99.96 120.00  200.03 

Standard Deviation of Network Outputs 0 0.37 0.74 0.40 0.34   0.63 

 
3.2.1.2.4  Performance Comparison with the Neural Network of the Previous Work 

The Santhosh et al.’s [7] MLP has 37 inputs, 2 hidden layers and 3 output nodes which output 
break size, location of the breaks and the availability of the ECCS. In contrast, this work 
focuses on detecting the beak size of an IH of the PHT and the optimised MLP                       
(the 47th MLP) detects a break size of an IH rather than the location of the break and the 
availability of ECCS. The performance of the optimised MLP is compared with the 
performance of Santhosh et al.’s MLP with regard to break size detection and is shown in 
(Fig.18). The Optimised MLP has smaller RMSEs than the Santhosh et al.’s MLP on all the  
6 break sizes with the largest difference in RMSE being 4.1693 at break size 200% and the 
smallest difference being 0.131 at break size 0%. The mean RMSE (0.4261) of the optimised 
MLP is smaller than that of the Santhosh et al.’s MLP (2.9167). The optimised MLP has a 
significantly more stable performance (standard deviation 0.2342) than the Santhosh’s MLP 
(standard deviation 1.5677) in detecting the break sizes. However, it may be noted that the 
RMSE in Santhosh et al.’s MLP has been computed based on three outputs: break size, the 
break location and the status of ECCS. 

 

Fig.18. Performance comparison of the optimised MLP and the Santhosh et 
al’s network  
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3.2.1.2.5 Performance Comparison with Exhaustive Training of all 2-Hidden Layer 

Architectures  

All the 2-hidden layer MLP architectures with each hidden layer consisting of 5 to 40 hidden 
nodes were trained on the training set and tested on the test set. The validation set was used to 
validate the performance of each architecture during training. Each architecture was trained   
5 times. The optimised MLP among the 6480 (36x36x5) MLPs has 37 inputs, 30 nodes in the 
1st hidden layer and 18 nodes in the 2nd hidden layer. The training time to find the optimised 
MLP is approximately 25 hours 35 minutes on a Windows 10 desktop computer with a         
Core-i7 CPU of 3.6GHz and a 16 GB RAM. Thereafter, the optimised MLP was iteratively 
trained 100 times on the linear interpolation dataset and the transient dataset. The optimised 
MLP of the exhaustive training was chosen from the 100 trained MLPs. The training time of 
training the 100 MLPs is approximately 50 minutes. The performance of the optimised MLP 
of this work is compared with the performance of the optimised MLP of exhaustive training 
as shown in (Fig.19) and (Table.7). Although, the mean RMSE (0.4261) of the optimised 
MLP of this work is larger than that of the optimised MLP of exhaustive training (0.2751), 
the difference in mean RMSE is small 0.151. The RMSE of each break size of the optimised 
MLP of exhaustive training is smaller than that of the optimised MLP of this work. However, 
the difference in RMSE is small with the minimum difference of 0.0086 at break size 0% and 
the maximum difference of 0.2509 at break size 100%. Although, the standard deviation 
(0.1647) of the optimised MLP of our exhaustive training is smaller than that (0.2342) of the 
optimised MLP of this work, the difference in standard deviation is very small 0.0695.  

 

Fig.19. Performance comparison of the optimised MLP (47th MLP) and the 
optimised MLP of exhaustive training 
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Table.7. The RMSE of each break size of the optimised MLP of exhaustive 

training 

Break 
size 

0% 20% 60% 100% 120% 200% Mean of 
RMSEs 

Standard 
Deviation of 

RMSEs 
RMSE 0.0604 0.2831 0.5051 0.1521 0.2337 0.4157 0.2751 0.1647 

 
3.2.1.3 Discussion 

The proposed methodology trained 60 MLPs (30 1-hidden layer MLPs and 30 2-hidden layer 
MLPs) on the transient dataset and trained 100 2-hidden layer MLPs on the transient dataset 
added with the linear interpolation dataset to find an optimised 2-hidden layer MLP. The 
training time is approximately 70 minutes on the Windows 10 desktop computer with a     
Core-i7 CPU of 3.6GHz and a 16 GB RAM. Therefore, the main advantage of the proposed 
methodology is that it finds a neural network with very high performance at a much faster 
speed than exhaustive training of all 2-hidden layer architectures (training time: 26 hours 25 
minutes approximately). This is due to the following key steps of the proposed                 
methodology:  
 
1. The architectures of 2-hidden layer MLPs are determined based on the number of the 

weights of the optimised 1-hidden layer MLP found and trains each architecture 5 times to 
find an optimised 2-hidden layer MLP. This step significantly reduces the training time by 
only training a number of 2-hidden layer balanced architectures. 

 
2. The optimised 2-hidden layer MLP is iteratively trained on the linear interpolation dataset 

and the transient dataset. This step further improves the generalization performance of the 
optimised 2-hidden layer MLP.   

 
The optimised MLP of exhaustive training (48 hidden nodes) has twice as many hidden nodes 
as the optimised MLP of this work (24 hidden nodes). However, the difference in 
performances between the 2 optimised MLPs is small. Therefore, the optimised 2-hidden 
layer MLP of this work tends to have better generalization performance than the optimised 
MLP of exhaustive training.  
 

3.2.2  Fourier Transform Based Neural Network Model  

This work proposes a methodology based on short-time Fourier transform (STFT) to find a 
training set of minimum size for NNs in detecting LOCA in NPPs [18 & 19]. The results 
show that a minimum training set of the transient dataset accounts for 32.3% of the entire 
transient dataset. Additionally, the optimised network trained on the minimum training set 
has a much better performance than the optimised network trained on 50% of the transient 
dataset and the optimised networks trained on smaller subsets of the minimum training set. 
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3.2.2.1  The Proposed Methodology 

The proposed methodology is as follows: 
 

1. Select a subset S from the transient dataset using Algorithm 1 based on the 
magnitudes of the frequencies of the most informative signals of the transient dataset. 
S consists of the patterns with the largest magnitude of the frequencies.  
 

2. Find the minimum training set from S as follows:  
 

3. Split S into random 80% training sets, 10% validation sets and 10% test sets. The 
remaining instances of the transient dataset excluding S forms another test set T2.  
 

4. Obtain an optimal network (network1) by training a number of networks on the 
training sets and comparing their performance on the corresponding test sets. During 
training, the validation sets are used to check the performance of the networks so that 
training stops when the validation errors do not improve for a number of consecutive 
times. 

 
5. Split the transient dataset into random 50% training sets, 25% validation sets and 25% 

test sets. Obtain an optimal network (network2) by training a number of networks on 
the training sets and comparing their performance on the corresponding test sets. 

 
6.  Compare the performance of network1 on T2 with that of the network2. If the 

performance of network1 is higher than or equal to that of network2, then go to step 
2.5; otherwise, the size of the minimum training set is larger than 80% of S. 

 
7.  Compare the performance of network1 on T2 with that of the optimal networks 

trained on random 70%, 60%, 50% subsets of S. If the performance of network1 is 
higher than the performance of the optimal networks trained on the subsets, then S is 
the minimum training set; otherwise, the subset corresponding to the highest 
performance on T2 is the minimum training set. 

 
Algorithm 1 (as shown below) selects a subset S as follows. Firstly, the 37 features (signals) 
of the transient dataset are ranked using the information gain criterion which measures the 
significance of a feature for pattern classification. Secondly, each of the 3 top-ranked signals 
is retrieved from each break size class of the transient dataset excluding the break size 0% 
class which contains 541 identical patterns because the values of the signals are constant for 
no break. Thereafter, STFT and spectrogram are performed on each signal. The segments of 
each signal with the highest magnitude of frequencies on the spectrogram are identified. The 
segments consist of representative patterns of the break size class. In total, 15 spectrograms 
are created for the transient dataset with a spectrogram being created for each signal of each 
break size class excluding the 0% break size. All the segments with the largest magnitude of 
frequencies are identified from the 15 spectrograms. The observations of these segments and 
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a number of break size 0% observations are included in S. In step 2 of the methodology, all 
the 169 2-hidden layer MLP networks with a linear output neuron and each hidden layer 
consisting of between 8 and 20 neurons are trained on the training set to select an optimal 
network.  

 
Algorithm 1: select a subset using STFT 
Input: a transient dataset 
Output: a subset  
1. Rank the 37 signals (features) of the transient dataset using information gain and select 

the  3 most informative signals; 

2. ; 

3. For each signal i of the 3 signals { 
    For each break size class of the transient dataset,  
    { 
      Select the signal i of the break size class; 
      Perform STFT on the signal i and compute the spectrogram; 
      Identify the segments of the signal i with the highest magnitude of frequency 
using the spectrogram; 
      Get the observations D of the segments;  

      ;  

     } 
} 

4.  where  is a subset of the break size 0% class and ; 

 

3.2.2.1.1  Short-Time Fourier Transform and Spectrogram for Time-Frequency Analysis 

STFT determines the sinusoidal frequency of segments of a signal as it changes over 
time. The procedure for computing a STFT is to divide a signal into smaller segments using a 
windowing function and then compute the discrete Fourier transform (DFT) separately on 
each segment. DFT computes the frequency of a signal represented as a complex exponential. 
The STFT is defined as follows:  

 ……………..…………………Eq.(9) 

 

where  is a matrix with each element being the DFT of the segment of the signal at 

the frequency index k and the analysis time index ;  is the segment of a signal  

over the time interval [ ];  is the windowing function e.g. the Han window 

over the time duration ; N is the length of the signal; L is the length of a segment of the 

signal;  is the time when a DFT is performed on a segment. This equation involves two 
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steps: extracting a segment of a signal using windowing and computing a DFT. The 
windowing function returns a non-zero value only for the time duration m. A DFT of the 
windowed segment is computed to obtain the frequency of that segment. The length of the 

windowing function is the number of the observations over . By setting the length of the 

windowing function and adjusting the analysis time index , segments of the signal 

consisting of equal number of observations can be extracted using the windowing function as 
shown in (Fig.20), and thereby transformed into DFTs. 

  

Fig.20. Applying STFT to a signal using a windowing function of length 9 
(box corresponds to a segment of 9 observations) 

A STFT can be visualized using a spectrogram [18] which is a visual representation of the log 

magnitude i.e. |  of the frequencies of a signal as it varies with time. The y-axis 
of a spectrogram is the frequency dimension k. The x-axis of the spectrogram is the time 

dimension . The log magnitude of the frequency at a specific time is represented as a 
spectrum which is a coloured image where the darkness level indicates the log magnitude of 
the corresponding frequency. In this work, based on empirical analysis, the length of the 
windowing function is set to 24 samples. 
 

3.2.2.1.2  Performance Measures 

The RMSE of a break size measures the performance of a network in detecting that specific 
break size. The mean RMSE measures the average performance of a network in detecting 
break sizes. 
 
 
 
 
 
 
 
 
 

29



 

3.2.2.2  Results 

3.2.2.2.1  The Subset S of the Transient Dataset 

 

Fig.21. The information gain of the 37 signals of the transient dataset 

The 3 top-ranked signals by information gain are the 6th, 28th and 29th signals, as shown in 
(Fig.21), corresponding to the differential pressure across the inlet headers of the PHT, the 
flow rate of the coolant between 2 channels of the PHT and the flow rate of the coolant 
between 2 channels of the PHT. In total, 15 spectrograms were created from the transient 
dataset. The spectrograms of the break sizes 60% and 200% classes of the 6th and 29th signals 
are illustrated in (Fig.22-25). 

 

Fig.22. The spectrogram of the break size 60% class of the 6th signal: the 
indices of the segments of the signal are at the top of the spectrogram 

 

Fig.23. The spectrogram of the break size 200% class of the 6th signal 
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Fig.24. The spectrogram of the break size 60% class of the 29th signal 

 

Fig.25. The spectrogram of the break size 200% class of the 29th signal  

In (Fig.22), the segments at the indices 1, 24, 25 and 43 have the highest log magnitude of 
frequencies (the brightest colour) across the frequency range [0, 4.5] Hz. In (Fig.23), the 
segments at the indices 1, 18, 19, 22, 23, 24 and 25 have the highest log magnitude of 
frequencies across the frequency range. In (Fig.24), the segments at the indices 1, 2, 22, 23, 
24, 25, 26 43 and 44 have the highest log magnitude of frequencies across the frequency 
range. In (Fig.25), the segments at the indices 1, 23, 24, 25 and 40 have the highest log 
magnitude of frequencies across the frequency range. The segments of the highest log 
magnitude of frequencies of the 15 spectrograms were identified. The union of these 
segments contains 1092 instances. The 1092 instances and 218 instances of the break size 0% 
class are included in S (1310 instances). 

 
3.2.2.2.2  Performance of the Optimal Network Trained on 80% of the Subset S 

Training instances critically affect the performance of the network. The subset set S was 
randomly split into 80% training sets (1048 instances), 10% validation sets and 10% test sets. 
The remaining instances of the transient dataset excluding S forms another test set T2 
consists of 2155 instances (66%). The optimal network (network1) was obtained by 
exhaustively training all the 169 2-hidden layer architectures on the random 80% training sets 
and comparing their performances on the corresponding 10% test sets. Setting the initial 
weights of a network to random values critically affects its performance. Each architecture 
was trained 10 times on 10 random 80% training sets with random initial weights to give 10 
networks. Then, the network with the highest performance was selected for that architecture. 
Network1 has a mean RMSE of 0.3042 on a 10% test set as shown in (Fig.26) and has            
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15 neurons in the 1st hidden layer and 9 neurons in the 2nd hidden layer. The performance 
network1 was further evaluated using test set T2. The mean RMSE of network1 on T2 is 
0.8096. The RMSEs of network1 are illustrated in (Table.8).  

   

Fig.26. Performance comparison of the network architectures trained on 
80% of S: the 82nd architecture has the smallest mean RMSE of 0.3042. 

Table.8. The RMSE of network1 on each break size of T2 

Break size 0% 20% 60% 100% 120% 200% Mean RMSE 
RMSE 3.119e-4 3.849 0.176 0.298 0.301 0.233 0.810 

 
3.2.2.2.3  Performance Comparison with the Optimal Network Trained on 50% of the 

Transient Dataset 

The transient dataset was randomly split into 50% training sets (1623 instances), 25% 
validation sets and 25% test sets. The optimal network (network2) was obtained by 
exhaustively training all the 169 2-hidden layer architectures on the random 50% training sets 
and comparing their performances on the corresponding 25% test sets. Each architecture was 
trained 10 times on 10 random 50% training sets with random initial weights to obtain            
10 networks. Then, the network with the highest performance amongst the 10 networks was 
selected for that architecture. Network2 has a mean RMSE of 1.1163 on the test set as shown 
in (Fig.27). Network2 has 15 neurons in the 1st hidden layer and 12 neurons in the 2nd hidden 
layer. The RMSEs of network2 on the 25% test set are illustrated in (Table.9). Network1 has 
a better performance (mean RMSE of 0.8096) and a simpler architecture than network2 
(mean RMSE of 1.1163). 
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Fig.27.  Performance comparison of the network architectures on 50% of the 
transient dataset: the 96th architecture has the smallest mean RMSE of 1.1163. 

Table.9. The RMSE of network2 on each break size of the 25% test set. 

Break size 0% 20% 60% 100% 120% 200% Mean RMSE 
RMSE 0.067 0.407 1.603 1.022 0.990 2.609 1.116 

 
3.2.2.2.4 Performance Comparison with the Optimal Networks Trained on 70%, 60% and 

50% of the Subset S 

The subset set S was randomly split into 70% training sets (917 instances), 15% validation 
sets and 15% test sets. The optimal network (network3) was obtained by exhaustively 
training all the 169 2-hidden layer architectures on the random 70% training sets and 
comparing their performances on the corresponding 15% test sets. Network3 has a mean 
RMSE of 0.4841 as shown in (Fig.28) and has 8 neurons in the 1st hidden layer and                 
16 neurons in the 2nd hidden layer. The performance network3 was evaluated using the test 
set T2. The mean RMSE of network3 is 16.8388 on T2. The RMSEs of network3 on T2 are 
illustrated in (Table.10). Network1 has a much better performance (mean RMSE of 0.8096) 
than network3 (mean RMSE of 16.8388). 

 

Fig.28.  Performance comparison of the network architectures trained on 
70% of S: the 9th architecture has the smallest mean RMSE of 0.48406. 
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Table.10. The RMSE of network3 on each break size of T2 

Break Size 0% 20% 60% 100% 120% 200% Mean RMSE 

RMSE 0.147 13.799 17.200 16.865 23.102 29.921 16.839 

 
The subset set S was randomly split into 60% training sets (786 instances), 20% validation 
sets and 20% test sets. The optimal network (network4) was obtained by exhaustively 
training all the 169 2-hidden layer architectures on the training sets and comparing their 
performances on the 20% test sets. Network4 has a mean RMSE of 0.9111 as shown in     
(Fig.29) and has 11 neurons in the 1st hidden layer and 12 neurons in the 2nd hidden layer. 
The performance of network4 was further evaluated using the test set T2. The mean RMSE of 
network4 is 19.813 on T2. The RMSEs of network4 on T2 are illustrated in (Table.11). 
Network1 has a much better performance (mean RMSE of 0.81) than network3 (mean RMSE 
of 19.813). 

 

Table.11. The RMSE of network4 on each break size of T2 

Break Size 0% 20% 60% 100% 120% 200% Mean RMSE 

RMSE 0.048  14.182  15.849  29.065  29.375  30.359 19.813 

 
The subset set S was randomly split into 50% training sets (655 instances), 25% validation 
sets and 25% test sets. The optimal network (network5) was obtained by exhaustively 
training all the 169 2-hidden layer architectures on the random 50% training sets and 
comparing their performances on the corresponding test sets. Network5 has a mean RMSE of 
1.0463 as shown in (Fig.30) and has 8 neurons in the 1st hidden layer and 18 neurons in the 
2nd hidden layer. The performance of network5 was further evaluated using the test set T2. 
The mean RMSE of network5 is 12.582 on T2. The RMSEs of network5 on T2 are illustrated 
in (Table.12). Network1 has a much better performance on T2 (mean RMSE of 0.8096) than 
network5 (mean RMSE of 12.582). Neural networks were not trained on the subsets with 
sizes smaller than 50% of S because it is evident from the results that these subsets contain 
too small numbers of training instances so that the performance of the networks trained on 
the subsets would be much lower than that of network1.  
 
 

34



 

 

Fig.29.  Performance comparison of the architectures trained on 60% of S: 
the 44th architecture has the smallest mean RMSE of 0.9111. 

 

Fig.30.  Performance comparison of the network architectures trained on 
50% of S: the 11th architecture has the smallest mean RMSE of 1.0643. 

Table.12. The RMSE of network5 on each break size of T2 

Break size 0% 20% 60% 100% 120% 200% mean RMSE 

RMSE 0.664 15.276 8.509 13.702 24.143 13.198 12.582 
 

3.2.2.3  Discussion 

The mean RMSE of Network1 is much smaller than that of network2, network3, network4 
and network5 as shown in (Table.13). Therefore, a minimum training set is an 80% subset of 
the subset S. The minimum training set consists of representative patterns with the maximum 
magnitude of frequencies. The minimum training set accounts for 32.3% (1048 instances) of 
the transient dataset. For the break sizes larger than 20%, the RMSE of network1 is much 
smaller than the RMSEs of network2, network3, network4 and network5 as shown in       
(Fig.31). To prevent LOCA from occurring, it is crucial to detect breaks greater than 20% 
accurately because in most LOCA scenarios, the break sizes are greater than 20%. Therefore, 
network1 can detect LOCA more accurately than the other 4 networks. 
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Table.13. Comparison of mean RMSEs of the optimal networks trained on 80%, 

70%, 60%, 50% of the subset S and on 50% of the transient dataset D  

Training sets 80% of S 70% of S 60% of S  50% of S 50% of D 
Mean RMSEs 0.8096 16.8388 19.8128 12.5820 1.1163 

 

Fig.31.  Comparison of the RMSEs of the optimal networks on each break 
size 

 

3.2.3  Optimal Neural Network Model with Noisy Data  

This work proposes a methodology for constructing an optimal NN based on the transient 
data of inlet headers to identify large breaks with high accuracy [12-15]. The methodology is 
composed of 1) training, validation and testing of NNs with different number of hidden 
nodes; 2) selection of the optimal NN; and 3) robustness testing of the optimal NN against 
noisy data. The results show that the optimal NN obtained has an accuracy of 98.5% in 
detecting break sizes of inlet headers. The optimal NN is robust against noisy data with an 
average case accuracy of 97.5%±0.25% on a noisy dataset of unseen break sizes. 
 

3.2.3.1  Methodology  

A number of single hidden layer MLPs with 6 softmax outputs representing the probabilities 
of occurrences of the 6 break sizes, are constructed using the transient data set. Each of the 
MLPs takes as inputs the 37 signals and outputs the break size of the inlet header. Firstly, the 
transient data set of break sizes is randomly split into a class-balanced training set, validation 
set and a test set with 50%, 25% and 25% of the size of the transient data set. Then, the 
training set is normalized using z-score normalization method. Thereafter, 13 single hidden 
layer MLPs with 8 to 20 hidden nodes and 6 softmax outputs are trained using the scaled 
conjugate gradient algorithm and the cross-entropy error function to find the optimal network 
as shown in (Fig.32). The maximum epoch is set to 1000. The learning rate is set to 0.001. 
The validation set (unseen data) is used to check the classification performances of the 
networks during the training processes. Network training stops if the validation error stops 
decreasing for 6 consecutive epochs. Stop training at this moment would reduce over-fitting 
of the network to the training set. After training, the classification performance of the trained 
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network is evaluated using the test set (unseen data). The network with the highest 
classification accuracy of the test set and the smallest number of hidden nodes is the optimal 
network. The optimal network can be used to detect the break sizes of new unseen data. The 
proposed methodology has been implemented. 

Break 
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set Test set

Normalisation
Networks 

Training and 
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Fig.32. The methodology for construction of neural networks for LOCA 
break size detection  

 

3.2.3.1.1  Testing Robustness of the Optimal Network against Noisy Data 

To test the robustness of the optimal network against noisy data, noise of different levels 0.1, 
0.2 and 0.3 are added to the transient data respectively to create 3 noisy transient datasets 
with one noisy dataset corresponding to each noise level. To test the robustness of the optimal 
network against noisy data at noise level k (k=0.1, 0.2 or 0.3), the k-level noisy dataset is 
randomly split into training, validation and test sets with 50%, 25% and 25% of the size of 
the noisy dataset. Thereafter, the optimal network is trained and validated using the noisy 
training set and the noisy validation set. The robustness of the trained network is evaluated 
using the noisy test set.  
 
3.2.3.1.2  Creation of Noisy Datasets by adding Random Gaussian Noise to Datasets 

Gaussian noise can be added to the training, validation and test sets as follows to test the 
robustness of NNs against noise. To generate a Gaussian noise value, a random value is 
drawn from the Gaussian distribution with zero mean and unit variance. Then, the random 
value can be added to a value in the original dataset at a noise level: 

        

where  is a random Gaussian noise;  is a value in the data;  is the new value with the 

added noise;  is the noise level and . For each data point of a dataset of size N, K noisy 

data points can be generated and added to the dataset as follows: 
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(a) For each data point  in the dataset, create K random noisy vectors 

where  and  for j=1,..,n;  is the jth 

value of the data point and  is a random Gaussian noise value.   

 
(b) Add the KN random noisy vectors to the dataset. With the settings of K to 3 and noise 
levels to 0.1, 0.2 and 0.3 respectively, 3 noisy datasets of sizes 19476 were created. 
 

3.2.3.2  Results  

The detection accuracies of the 13 networks are illustrated in (Fig.33). The network with        
11 hidden nodes is the optimal network with the highest accuracy of 98.5% on the test set. 
The network with 19 nodes has the same accuracy of 98.5% as the optimal network but the 
former has 8 more hidden nodes than the latter. A neural network with fewer number of 
hidden nodes tends to have better generalization performance than a network with higher 
number of hidden nodes due to the more complex network tends to over-fit the training set, 
given that both the networks have the same performances on a test set. Therefore, the 
network with 11 hidden nodes is chosen as the optimal network. Training of the optimal 
network stops at epoch 126 with a cross-entropy validation error of 0.1111 where the 
validation error stops decreasing for 6 consecutive epochs as illustrated in (Fig.34). The 
accuracies of each break size of the optimal network are illustrated in (Table.14). For the 
break sizes 60%, 100%, 120% and 200%, the optimal network achieved over 95% accuracy 
with the highest accuracy of 99.2% for 60% and 200% break sizes. 

 

Fig.33. Detection accuracies of the networks with different number of hidden 
nodes 
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Fig.34. Training of the optimal network: training stops at 126 epoch with 
optimal validation error 0.1111. 

 

Table.14. Detection accuracy of the optimal network on each break size 

Break size 0% 20%  60%  100%  120% 200% 

Accuracy  100% 100% 99.2% 95.5% 97.1% 99.2% 
 

3.2.3.2.1  Robustness of the Optimal Network 

The average case accuracy of the optimal NN trained on a noisy training set is                       
97.5% ± 0.25% (mean ± standard deviation) as shown in (Table.15). This is comparable to 
the 98.5% accuracy of the optimal NN trained on the noise-free training set. Therefore, the 
optimal NN is robust against noise in data. 

 

Table.15. Accuracies of the optimal network trained on noisy training sets  

Noise levels 0.1 0.2 0.3 Mean accuracy Standard deviation of accuracies 

Accuracies 97.3% 97.8% 97.5% 97.5% 0.25% 
 

3.2.3.2.2  Comparison of the Outputs of the Optimal Network with Target Break Sizes 

The outputs of the optimal network are compared with the break size targets of the test set in 
(Fig.35). For most instances, their network outputs are identical to their break size targets 
indicating a very high detection accuracy of the break sizes. 
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Fig.35. Comparison of the optimal network outputs and the target break sizes 
of the test set 

3.2.4  Random Search Algorithm Based Neural Network Model  

This work proposes a random search algorithm based on constraint satisfaction for optimizing 
Neural Network (NN) and ensemble construction in three stages to detect the break sizes of 
the IHs of a NPP. In stage one, a number of 2-hidden layer, 3-hidden layer and 4-hiddden 
layer network architectures are created using a proposed constraint satisfaction algorithm 
called random walk heuristic. Then, an optimised 2-hidden layer network, an optimised          
3-hidden layer network and an optimised 4-hidden layer network are chosen from these 
architectures by training and testing the architectures on the transient dataset and a linear 
interpolation dataset containing the break sizes not present in the transient dataset. In stage 
two, each of the optimised 2-hidden layer network, the optimised 3-hidden layer network and 
the optimised 4-hidden layer network is trained and tested iteratively 200 times on the 
transient dataset to further improve their performance. In stage three, the optimised 2-hidden 
layer network, the optimised 3-hidden layer network and the optimised 4-hidden layer 
network are combined into a Neural Network Ensemble (NNE) using a weighted meaning 
approach [20]. The results show that the NNE outperformed the individual optimised neural 
networks in detecting the break size of IH.  
 
3.2.4.1  The Proposed Constraint Based Random Search Algorithm 

The proposed algorithm consists of 3 stages as shown in (Fig.36). In the 1st stage, a number 
of MLP architectures are created randomly using constraint satisfaction. In stage one, a 
number of 2-hidden layer, 3-hidden layer and 4-hiddden layer network architectures are 
created using a proposed constraint satisfaction algorithm called random walk heuristic. 
Then, an optimised 2-hidden layer network, an optimised 3-hidden layer network and an 
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optimised 4-hidden layer network are chosen from these architectures by training and testing 
the architectures on the transient dataset and a linear interpolation dataset containing the 
break sizes not present in the transient dataset. Linear interpolation is a method of 
constructing new data points within the range of a set of known data points by fitting straight 
lines using linear polynomials. The break sizes 2.5%, 5%, 7.5%, 10%, 12.5%,…, 195% and 
197.5% which are missing in the transient dataset, are generated using linear interpolation. 
For each missing break size, 541 instances are generated giving a total of 38411 instances. 
The transient dataset and the dataset generated by linear interpolation are merged into a new 
dataset D containing 43821 instances. Thereafter, each MLP architecture is trained and tested 
for a number M of times on D to select optimised MLPs. In stage two, each of the optimised 
2-hidden layer network, the optimised 3-hidden layer network and the optimised 4-hidden 
layer network is trained and tested iteratively 200 times on the transient dataset to further 
improve its performance. In stage three, the optimised 2-hidden layer network, the optimised 
3-hidden layer network and the optimised 4-hidden layer network are combined into a neural 
network ensemble (NNE) using a weighted meaning approach [20]. 

 

Fig.36. The proposed constraint-based random search algorithm 
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3.2.4.1.1  Performance Measures of Neural Networks 

The RMSE of a break size measures the performance of a network in detecting that specific 
break size. The mean RMES measures the average performance of a network in detecting 
break sizes. The standard deviation of RMSEs measures the stability/variation of the 
performance of a network in detecting break sizes.  
 

3.2.4.1.2  Parameters Settings of Neural Networks Training 

The transient data is randomly split into a 50% training set, a 25% validation set and a        
25% test set using the random sub-sampling with no replacement method. This creates a 
balanced training set, a balanced validation set and a balanced test set which are                
non-overlapping subsets of the transient dataset. Each break size class of the training set 
consists of 270 instances which are uniformly drawn at random from the transient dataset. 
The advantage of using a balanced training set is that this would ensure that the trained neural 
network would make unbiased estimation of the different break sizes in the test set. In 
contrast, a network trained on an imbalanced training set would tend to output the break size 
target corresponding to the majority class of the training set which leads to poor performance 
of the network. The 37 inputs and the break size targets of the training set are rescaled to the 
interval [-1, 1] using min-max normalization before training neural networks. When testing 
the trained networks, the outputs of the networks for the test set are transformed back to the 
target break size range [0%, 200%] by inversing the min-max normalization calculation. The 
Levenberg-Marquardt algorithm [16 & 17] is used for networks training with the maximum 
epochs set to 1000 and the learning rate set to 0.001. 
 

3.2.4.1.3 Creating Neural Network Architectures using Constraint Satisfaction (CSP) and 

Selecting the Optimal Architectures (Stage 1) 

CSP [21] is defined as a triple (Z,D,C) where Z is a finite set of variables; D is the set of the 
domains of the variables and C is a set of constraints on subsets of the variables. A label is a 
variable-value pair which represents the assignment of the value to the variable. The label 
<x,v> denotes assigning the value v to the variable x.  

Constraint satisfaction can be used to generate network architectures whose numbers of 
inputs, numbers of neurons of a hidden layer, and numbers of weights are bounded by          
user-specified upper and lower limits. The upper and lower limits can be specified based on 
the user´s prior knowledge about network architectures with high performances. Then, the 
problem of creating a 2-hidden layer architecture (H1,H2) can be modelled as a constraint 
satisfaction problem CSP_MLP: 

CSP_MLP 
Variables: H1, H2; 
Domains of variables: D(H1)={mini_neu,mini_neu+1,…,max_neu}; 
          D(H2)={mini_neu,mini_neu+1,…,max_neu}; 
Constraint 1 (C1): S×H1 + H1×H2 + H2 ≥ min_ws; 
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Constraint 2 (C2): S×H1 + H1×H2 + H2 ≤ max_ws; 
Constraint 3 (C3): H1 > H2; 

where H1 is the number of the neurons of the 1st hidden layer; H2 is the number of the 
neurons of the 2nd hidden layer; S is the number of inputs (a number set by the user); min 
inputs and max inputs are the lower and the upper bounds on the number of inputs of an 
architecture; min_neu and max_neu are the lower and the upper bounds on the number of 
neurons of a hidden layer; min_ws and max_ws are the lower and the upper bounds on the 
number of weights of an architecture. CSP_MLP consists of the variables H1, H2 and the 
constraints C1, C2. The domains D(H1) and D(H2) of H1 and H2 are the sets of valid values 
of H1 and H2. C1 is the constraint that the number of the weights of architecture is at least 
min_ws; C2 is the constraint that the number of the weights of architecture is at most 
max_ws. An assignment of values to H1 and H2 satisfying C1 and C2 is a solution of 
CSP_MLP. For example, for training set of size 1000 with the settings: min_inputs=5, 
max_inputs=37, min_neurons=5, max_neurons=40, S=15, ws_min=490 and ws_max=510, 
C1 becomes 15×H1+H1×H2+H2 ≥ 490 and C2 becomes 15×H1+H1×H2+H2 ≤ 510. A 
solution of CSP_MLP is the vector (21,8) which corresponds to a network architecture with 
15 inputs, 21 neurons in the 1st hidden layer, 8 neurons in the 2nd hidden layer and 1 output 
neuron.  
 
The problem of creating a 3-hidden layer architecture (H1,H2, H3) can be modelled as a 
constraint satisfaction problem CSP_MLP2 where H3 is the number of neurons in the 3rd 
hidden layer: 

CSP_MLP2 
Variables: H1, H2, H3; 
Domains of variables: D(H1)={mini_neu,mini_neu+1,…,max_neu}; 
          D(H2)={mini_neu,mini_neu+1,…,max_neu}; 
          D(H3)={mini_neu,mini_neu+1,…,max_neu};  
Constraint 4 (C4): S×H1 + H1×H2 + H2×H3+H3 ≥ min_ws; 
Constraint 5 (C5): S×H1 + H1×H2 + H2×H3+H3 ≤ max_ws; 

The problem of creating a 4-hidden layer architecture (H1, H2, H3, H4) can be modelled as a 
constraint satisfaction problem CSP_MLP3 where H4 is the number of neurons in the 4th 
hidden layer: 

CSP_MLP3 
Variables: H1, H2, H3, H4; 
Domains of variables: D(H1)={mini_neu,mini_neu+1,…,max_neu}; 
          D(H2)={mini_neu,mini_neu+1,…,max_neu}; 
          D(H3)={mini_neu,mini_neu+1,…,max_neu};  
          D(H4)={mini_neu,mini_neu+1,…,max_neu}; 
Constraint 6 (C6): S×H1 + H1×H2 + H2×H3+H3×H4+H4 ≥ min_ws; 
Constraint 7 (C7): S×H1 + H1×H2 + H2×H3+H3×H4+H4 ≤ max_ws; 

A random walk heuristic (Fig.37) is proposed to find a solution to a CSP_MLP or CSP_MLP2 
or CSP_MLP3. The search space of CSP_MLP can be represented as a tree where each node 
represents a variable with the root node at top of the tree; each branch represents an 
assignment of a value in the domain of a variable to that variable and each leaf (a bottom 
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node) represents a solution candidate. To solve CSP_MLP, t h e  random walk heuristic 
assigns a random value v1 to H1 and looks ahead whether this partial solution candidate 
(v1,H2) leads to a solution of CSP_MLP without both assigning a value v2 to H2 and 
checking the satisfiability of C1 and C2 of the solution candidate (v1,v2). If (v1, H2) does 

not lead to a solution, a new value v’ is assigned to H1 repeatedly until a partial solution 
candidate (v’,H2) leads to a solution (v’,v2). The steps of the algorithm are given below: 

Algorithm 1: Random walk heuristic 
  Input: a CSP 

Output: a solution S or Nil if no solution exists  
S ← RWH(Z,{},D,C); /* CSP=(Z,D,C) */         
Return S;                                    
 
RWH(Unlabeled, Compound_Label,D,C) 
If (Unlabeled=={})  
Then return Compound_Label;  
Else  
     Pick a variable x from Unlabeled; 
     Randomly order the values in the domain       
            of x;     
     for each(v∈D(x)) 

         { 

         D’←AC-3(Compound_Label {<x,v>},D,C); 
    empty_domain ← false; 

      for each (d ∈D’) 
      { 
    If (d=={}) 
   Then empty_domain ← true; break; 
      }    
      If (empty_doman==false)    
      Then  

          result ← RWH(Unlabeled–{x}, Compound_Label {<x,v>}, 

D’,C); 
       If (result != Nil)  
       Then return result;  

     } 
     Return Nil;      
 

When a value is assigned to H1, a look-ahead operation is performed by calling the                          
AC-3 algorithm (step 7 of the RWH procedure) which reduces the CSP_MLP to a simpler CSP 
with smaller domain sizes for the variables. Redundant values of a variable are the values 
which violate the constraints on that variable. AC-3 maintains the arc-consistency of a CSP 
by removing any redundant values from the domains of the variables of the CSP. An                 
arc-consistent CSP is returned by AC-3. The arc-consistency of a CSP is defined as follows: 
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 A variable X is arc-consistent with another variable Y if, for every value a in the domain 
of X there exists a value b in the domain of Y such that (a,b) satisfies all the constraints 
between X and Y. 

 A CSP is arc-consistent if every variable is arc-consistent with every other one. 
 

If AC-3 reduces the domain of H1 or that of H2 to an empty set, there is no compatible value 
in D(H1) or D(H2) which satisfies C1 and C2, so there is no solution to the CSP. The              
look-ahead operation is as follows. After assigning a value v1 to H1, the domains of H1 and 

H2 are updated by calling AC-3 (step 7 of RWH procedure). If the domain of H1 or that of 
H2 is an empty set, assigning v1 to H1 does not lead to a solution and the next value in D(H1) 

is tried; otherwise, the RWH procedure is called again to label H2. 
 

The worst case computational complexity of AC-3 is O(ed3) where e is the number of 
constraints and d is the size of the largest domain of the variables. In the worst case, for loop 
(step 7 of RWH) iterates d times for each variable. Therefore, the worst case computational 

complexity of Algorithm 1 random walk heuristic is O(ed4n) where n is the total number of 
variables in the CSP. 

 

Fig.37. The search space exploration of random walk heuristic (RWH) for 
CSP_MLP 

Arrows in Figure indicate the order of traversal of the complete search space; when min_neu 
or min_neu+1 is assigned to H1, AC-3 reduces D(H2) to an empty set; when min_neu+2 is 
assigned to H1, AC-3 reduces D(H2) to {max_neu-2, max_neu-1,max_neu} and a solution 
(min_neu+2,max_neu-2) is found by assigning max_neu-2 to H2. 
 
To find optimal 2-hidden layer architecture, M 2-hidden layer architectures are generated by 
solving M separate CSP_MLPs using the random walk heuristic. To find an optimal 3-hidden 
layer architecture, M 3-hidden layer architectures are generated by solving M separate 
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CSP_MLP2s using the random walk heuristic. To find an optimal 4-hidden layer architecture, 
M 4-hidden layer architectures are generated by solving M separate CSP_MLP2s using the 
random walk heuristic.  

 
3.2.4.1.4   Optimizing the Weights of the Optimised Architectures by Iterative Training and 

Testing (Stage 2) 

The optimised 2-hidden layer MLP is trained and tested iteratively K times on the transient 
dataset to obtain a MLP with better performance than the optimised 2-hidden layer MLP. The 
iterative training-testing procedure is presented below. During each training-testing process, 
the transient dataset is randomly split into a 50% training set, a 25% validation set and a 25% 
test set; then, the weights of the network trained in the previous training-testing process are 
used as the initial weights of the current training-testing process before training began. This 
would give faster training speed than setting the initial weights to random values because 
each training process started at a minimum point on the error surface and stopped at another 
minimum point in the local region of the minimum point of the last training process. The 
optimised network among the K networks is obtained after K iterations of the training-testing 
process. The iterative training-testing procedure is applied to the optimised 3-hidden layer 
architecture and the optimised 4-hidden layer architecture respectively to further optimize the 
weights of the architectures. The steps of the algorithm are given below: 

Algorithm 3: Iterative training-testing procedure 
Input: a MLP, transient data, K (iterations)  
Output: optimised MLP 

net  a MLP; 

optimised_net  net; 

t  1; 

for (t K) {   

Randomly split transient data into balanced training set, validation set, test set; 
Set the initial weights of the training algorithm to the weights of net; 

net  train(net,train_set,valid_set); 

mean_rmse  test(net,test_set); 

If mean_rmse < mean_rmse of optimised_net 

Then optimised_net  net; 

 t  t +1; 

}   
Output the optimised_net; 
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3.2.4.1.5  Creating a Neural Network Ensemble from the Optimised Networks (Stage 3) 

The outputs of the optimised 2-hidden layer, 3-hidden layer and 4-hidden layer networks are 
combined together using the weighted mean approach [20] to make a prediction on unseen 
data as shown in (Fig.38).  

 

Fig.38. The neural network ensemble combining the outputs of the optimised 
neural networks 

The output of the ensemble for an unseen pattern is computed as the weighted sum 

of the models’ outputs: 

                                   ……..………………………..Eq.(10) 

where  is the output of model j; n is the number of models; each weight is related to 

the mean RMSE of model j on the test set:  

 ..……………………….Eq.(11) 

Where adjusted mean  is determined by: 

adjusted mean = 1- average mean ……………..………Eq.(12) 

where the average mean is determined by: 

average mean =  ………………………..Eq.(13) 

where mean  is the mean RMSE of model j on the test set. 

 

3.2.4.2  Results 

3.2.4.2.1  The Optimised Network Architectures (Stage 1) 

Our prior knowledge about network architectures with high performances in detecting LOCA 
of NPPs is that the maximum number of weights is less than N/2 where N is the size of the 
training set; the number S of inputs is 37; the number of neurons of each hidden layer is 
between 5 and 40. The parameters of CSP_MLP, CSP_MLP2 and CSP_MLP3 are set based 
on our prior knowledge as follows: S=37, min_w=1500, max_w=1800, min_neu=5 and 
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max_neu=40. One hundred 2-hidden layer architectures were created by solving                      
100 CSP_MLPs using the random walk heuristic. One hundred 3-hidden layer architectures 
were created by solving 100 CSP_MLP2s. One hundred 4-hidden layer architectures were 
created by solving 100 CSP_MLP3s. The optimised 2-hidden layer network architecture is 
the 56th network architecture with a mean RMSE of 2.0302 is shown in (Fig.39). The 
optimised 3-hidden layer network architecture is the 91st network architecture with a mean 
RMSE of 1.8865 is shown in (Fig.40). The optimised 4-hidden layer network architecture is 
the 72nd network architecture with a mean RMSE of 2.0436 is shown in (Fig.41). The            
3 optimised network architectures are illustrated in (Table.16). 

 

Fig.39. The mean RMSEs of the 100 2-hidden layer network architectures 
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Fig.40. The mean RMSEs of the 100 3-hidden layer network architectures 
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Fig.41. The mean RMSEs of the 100 4-hidden layer network architectures 

 

Table.16. The optimised network architectures 

Optimised Networks Architectures (inputs, hidden layers, output) 

Optimised 2-hidden layer architecture 37,35,13,1 
Optimised 3-hidden layer architecture 37,11,39,13,1 
Optimised 4-hidden layer architecture 37,11,22,11,48,1 

 
3.2.4.2.2 Optimizing the Weights of the Optimised Network Architectures by Iterative 

Training and Testing (Stage 2) 

The optimised 2-layer network was trained and tested iteratively 200 times on the transient 
dataset to further improve its performance. The mean RMSEs of the 200 networks are 
compared in (Fig.42). The mean RMSE of the 130th network is the smallest (0.3434) which is 
much smaller than that of the optimised 2-layer network (mean RMSE of 2.0302). The 
RMSE of each break size is illustrated in (Table.17). The standard deviation of the RMSEs of 
the 130th network on all the break sizes is 0.2019.  
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Fig.42. The mean RMSEs of the 200 2-hidden layer networks during iterative 
training-testing process. 

 

Table.17. The RMSE of the 130th 2-hidden layer network in detecting each break 

size  

Break 
Size 

0% 20% 40% 50% 60% 75% 100% 120% 160% 200% 

RMS
E 

0.009
5 

0.174
4 

0.196
0 

0.2699
  

0.3501
  

0.308
1 

0.690
8 

0.383
3 

0.457
3 

0.594
4 

 
The optimised 3-layer network was trained and tested iteratively 200 times on the transient 
dataset to further improve its performance. The mean RMSEs of the 200 networks are 
compared in (Fig.43). The mean RMSE of the 96th network is the smallest (0.2098) which is 
much smaller than that of the optimised 3-layer network (mean RMSE of 1.8865). The 
RMSE of each break size is illustrated in (Table.18). The standard deviation of the RMSEs of 
the 96th network on all the break sizes is 0.0913. 
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Fig.43. The mean RMSEs of the 200 3-hidden layer networks during iterative 
training-testing process 

 

Table.18. The RMSE of the 96th 3-hidden layer network in detecting each break 

size   

Break 
Size 

0% 20% 40% 50% 60% 75% 100% 120% 160% 200% 

RMS
E 

0.199
9 

0.248
5 

0.107
3 

0.116
3 

0.097
4 

0.1966
  

0.303
6 

0.196
9 

0.244
7 

0.386
4 

 
The optimised 4-layer network was trained and tested iteratively 200 times on the transient 
dataset to further improve its performance. The mean RMSEs of the 200 networks are 
compared in (Fig.44). The mean RMSE of the 158th network is the smallest (0.2124) which is 
much smaller than that of the optimised 4-layer network (mean RMSE of 2.0436). The 
RMSE of each break size is illustrated in (Table.19). The standard deviation of the RMSEs of 
the 158th network on all the break sizes is 0.2104. 
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Fig.44. The mean RMSEs of the 200 4-hidden layer networks during iterative 
training-testing process 

 

Table.19. The RMSE of the 158th 4-hidden layer network in detecting each break 

size   

Break 
Size 

0% 20% 40% 50% 60% 75% 100% 120% 160% 200% 

RMS
E 

0.034
7 

0.030
5 

0.038
3 

0.5308
  

0.0557
  

0.1100
  

0.334
9 

0.473
4 

0.457
4 

0.057
9 

 
3.2.4.2.3  Evaluating the Performance of the Neural Network Ensemble (Stage 3) 

After the iterative training-testing process, outputs of the optimised 2-hidden layer network, 
the optimised 3-hidden layer network and the optimised 4-hidden layer network were 
combined into a neural network ensemble (NNE) using the weighted mean approach. The 
performance of the NNE was evaluated on a 25% subset of the transient dataset. The mean 
RMSE of the NNE is 0.1904. The RMSE of the NNE in detecting each break size is 
illustrated in (Table.20). The standard deviation of the RMSEs of the NNE on all the break 
sizes is 0.1117. Therefore, the NNE has a better and more stable performance than the 
individual optimised neural networks in detecting break sizes.  

 

Table.20. The RMSE of the NNE in detecting each break size  

Break 
Size 

0% 20% 40% 50% 60% 75% 100% 120% 160% 200% 

RMS
E 

0.054
2 

0.102
3 

0.087
8 

0.208
4 

0.140
3 

0.152
6 

0.405
4 

0.155
8 

0.311
5 

0.285
5 

 

52



 

3.2.4.3 Discussion 

The good performance of the proposed constraint-based random search algorithm is due to the 
following key aspects of the algorithm: 
1.  A good diversity of neural network architectures of high performance is created using 

constraint satisfaction.  
2.  Optimised 2-hidden layer, 3-hidden layer and 4-hidden layer network architectures are 

selected by training and testing the generated network architectures on the transient 
dataset and a linear interpolation dataset. 

3.  The optimised neural network architectures are further improved by iterative training and 
testing the architectures on the transient dataset. 

4.  The weighted mean approach is promising in combining the outputs of the optimised 
neural networks to create a neural network ensemble. 

 

3.2.5 A Constraint-Based Genetic Algorithm for Optimizing Neural Network 

Architectures  

This work proposes a constraint-based genetic algorithm (GA) to find optimal 2-hidden layer 
network architectures for detecting LOCA of a NPP. The GA uses a proposed constraint 
satisfaction algorithm called random walk heuristic to create an initial population of neural 
network architectures of high performance. At each generation, the GA population is split 
into a sub-population of inputs and a sub-population of 2-hidden layer architectures to breed 
offspring from each sub-population independently in order to generate a wide variety of 
network architectures.  During the breeding of 2-hidden layer architectures, a               
constraint-based nearest neighbour search algorithm is proposed to find the nearest 
neighbours of the offspring population generated by mutation. The performance of the GA 
in detecting LOCA was evaluated using a break size dataset generated by the RELAP-3D 
nuclear simulator. The performance of the GA was compared with that of a random search, 
that of an exhaustive search and that of a RBF kernel support vector regression (SVR). The 
results showed that for LOCA detection, the GA-optimised network outperformed all the 
other approaches in terms of generalization performance. 
 

3.2.5.1  The Proposed Genetic Algorithm 

Genetic algorithms are optimization techniques that mimic the evolution process where the 
fittest individuals have the greatest possibilities of surviving and reproducing offspring. In a 
GA, A fitness function is defined to measure the quality of each individual of a population. 
An individual with the maximum fitness function value is an optimal individual and returned 
by the GA. In this work, a chromosome represents a 2-hidden layer MLP architecture with a 
subset of all the 37 inputs and 1 output. The tanh sigmoid activation function is chosen as a 
hidden neuron. The linear function is chosen as the output neuron. Given a training set of       
D inputs, the 1st D bits of a chromosome represent the inputs of the network architecture with   
1 indicating the inclusion of an input to the architecture and 0 the exclusion of an input from 
it. The next 6 bits of the chromosome represent the number of neurons in the 1st hidden 
layer. The remaining 6 bits of the chromosome represent the number of the neurons in the 2nd 
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hidden layer as illustrated in (Fig.45). To obtain the number of neurons of a hidden layer, the 
corresponding 6-bit binary number is decoded into a decimal integer in the range. 

 

Fig.45. A chromosome representing a network architecture 

The pseudo code of the algorithm is given below. The flowchart of the proposed GA 
is illustrated in (Fig.46), where N is the size of the population; M is the size of the 
parents population (M≤N); min inputs is the minimum number of inputs of a network 
architecture; max inputs is the maximum number of inputs of a network architecture; min 
neu is the minimum number of neurons of a hidden layer; max neu is the maximum 
number of neurons of a hidden layer; min ws is the minimum number of weights of a 
network architecture and max ws is the maximum number of weights of a network 
architecture.  

Algorithm 1: Constraint-based genetic algorithm 
Input: a dataset e.g. a break size dataset 
Output: optimised neural network architecture 

1.  Create an initial population of N 2-hidden layer network architectures each of which has 
between min inputs and max inputs inputs, between min neu and max neu neurons in 
each hidden layer and between min ws and max ws weights using constraint satisfaction. 
Set the generation number I to 1. Set the current population to the initial population. 

2.  Select the M fittest individuals from the current population using stochastic universal 
sampling (SUS) [22]. In SUS, the fitter the individuals, the more chance they are chosen. 
The selected individuals form the population P of parents. 

3. Split P into a sub-population P1 of feature subsets and a sub-population P2 of                         
2-hidden-layer architectures. P1 consists of the 1st D columns of P and all the rows of P. 
P2 consist of the remaining 12 columns of P and all the rows of P. 

4.   Breed an offspring population OP1 from P1 using 1-point crossover, 2-point crossover and 
mutation. 

5.  Breed an offspring population OP2 from P2 using 1-point crossover, 2-point crossover, 
mutation and a proposed constraint-based nearest neighbour search. 

6.  Create a population P3 of network architectures by joining OP1 with OP2 along their 
columns so that each row of P3 is a (D+12)-bit chromosome representing a network 
architecture. Any architecture with a hidden layer of less than 5 neurons or greater than 40 
neurons is removed from P3. 

7.  Update the current population as follows. Keep a fraction R (e.g. R=0.1) of the fittest 
individuals in the current population and replace the other individuals in the current 
population with the fittest (1-R) offspring of P3. This implements elitism with an elitism 
rate R. 

8.   If I is equal to the maximum number of generations N, go to Step 9. Otherwise, increment 
I by 1 and go to Step 2. 

9.   Output the optimal network architecture. 
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                     Fig.46.  Flowchart of the proposed genetic algorithm: 1-point X                                         

                        (1-point crossover); 2-point X (2-point crossover) 
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3.2.5.1.1   The Fitness Function 

The fitness of network architecture is defined based on the performance of that network 
architecture in detecting LOCA. In this case, RMSE and RMSESD are considered as fitness 
measures. The RMSE of a break size measures the performance of a network in detecting 
that specific break size. The mean RMES measures the average performance of a network in 
detecting break sizes. The standard deviation of RMSEs measures the stability/variation of 
the performance of a network in detecting different break sizes. 
 
Firstly, the network architectures of a population are ranked in descending order of their 
mean RMSEs. Then, the fitness of the network architecture at the position, Pos, in the ranking 
is defined as the linear ranking function: 

………………………………Eq.(14) 

Where, N is the size of the population. Network architecture with the maximum fitness 
function value is optimal network architecture and returned by the GA. 
 

3.2.5.1.2  Creation of an Initial Population using Constraint Satisfaction (Step 1 Of The GA) 

The quality of the initial population of the GA critically affects the performance of the 
individuals in the offspring populations. An initial population can be created using constraint 
satisfaction to generate network architectures whose numbers of inputs, numbers of neurons of 
each hidden layer, and numbers of weights are bounded by the user-specified upper and lower 
bounds: min inputs, max inputs, min neu, max neu, min ws and max ws. The upper and 
lower bounds can be specified based on the user’s prior knowledge about network 
architectures with high performances. Then, the problem of creating a 2-hidden layer 
architecture (H1,H2) can be modelled as a constraint satisfaction problem CSP MLP: 

CSP MLP 
Variables: H1, H2; 
Domains of variables: D(H1)={min neu,min neu+1,. . .,max neu}; 
D(H2)={min neu,min neu+1,. . .,max neu}; Constraint 1 (C1): S×H1 + H1 × H2 + H2 ≥ 

min ws; Constraint 2 (C2): S×H1 + H1 × H2 + H2 ≤ max ws; 
where S is the number of inputs, a randomly-generated integer in the range [min inputs, 
max inputs]. CSP MLP consists of the variables H1, H2 and the constraints C1, C2. The 
domains D(H1) and D(H2) of H1 and H2 are the sets of valid values of H1 and H2. H1 is 
the number of the neurons of the 1st hidden layer; H2 is the number of the neurons of the 
2nd hidden layer; C1 is the constraint that the number of the weights of architecture is at least 
min-ws; C2 is the constraint that the number of the weights of architecture is at most max 
ws. An assignment of values to H1 and H2 satisfying C1 and C2 is a solution of CSP1. For 
example, for training set of size 1000 with the settings: min inputs=5, max inputs=36, min 
neu=5, max neu=40, S=15, ws min=490 and ws max=510, C1 becomes 

15 × H1 + H1 × H2 + H2 ≥ 490 and C2 becomes 15 × H1 + H1 × H2 + H2 ≤ 510. A 
solution of CSP MLP is the vector (21,8) which corresponds to a network architecture with 
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15 inputs, 21 neurons in the 1st hidden layer, 8 neurons in the 2nd hidden layer and 1 output 
neuron. 
The search space of CSP MLP can be represented as a tree where each node represents a 
variable with the root node at top of the tree; each branch represents an assignment of a value 
in the domain of a variable to that variable and each leaf (a bottom node) represents a solution 
candidate (Fig.5). The CSP MLP can be solved using the backtrack search algorithm (BS). 
BS assigns a value v1 in D(H1) to H1 and a value v2 in D(H2) to H2. Then, BS checks the 

satisfiability of the solution candidate (v1,v2) with regard to C1 and C2. If (v1,v2) does not 

satisfy both C1 and C2, BS backtracks to H2 and assigns a different value v′ in D(H2) to H2 

and checks the satisfiability of (v1,v′ ) with regard to C1 and C2. This process repeats until a 

solution is found or there is no solution to CSP MLP. BS traverses a sub-space of the search 
space during searching for a solution as shown in (Fig.5). In the worst case, each solution 
candidate is checked against all the constraints once, the computational complexity of BS is 

O(edn) [21] where e is the number of the constraints; d is the size of the largest domain and n 
is the number of the variables. 
 
A random walk heuristic, as shown in (Fig.47), is proposed to find a solution to a CSP MLP by 
exploring a smaller sub-space than the backtracking search explores. The random walk 
heuristic assigns a random value v1 to H1 and looks ahead whether this partial solution 

candidate leads to a solution of CSP MLP without both assigning a value v2 to H2 and 

checking the satisfiability of C1 and C2 of the solution candidate (v1, v2). If this partial 

solution does not lead to a solution, a new value v′ is assigned to H1 repeatedly until a 

partial solution candidate leads to a solution (v′ ,v2). When a value is assigned to H1, a         

look-ahead operation is performed by calling the AC-3 algorithm which reduces the CSP MLP 
to a simpler CSP called CSP MLP2 with smaller domain sizes for the variables. Redundant 
values of a variable are the values which violate the constraints on that variable. AC-3 
maintains the arc-consistency of a CSP by removing any redundant values from the domains 
of the variables of the CSP. An arc-consistent CSP is returned by AC-3. 
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Fig.47. The search space of CSP MLP: the arrows indicate the order in which 
backtrack search traverses the search space starting at H1 

 
The arc-consistency of a CSP is defined as follows: 

 A variable X is arc-consistent with another variable Y if, for every value a in the domain 
of X there exists a value b in the domain of Y such that (a,b) satisfies all the constraints 
between X and Y. 

 A CSP is arc-consistent if every variable is arc-consistent with every other one. 
If AC-3 reduces the domain of H1 or that of H2 to an empty set, there is no compatible value 
in D(H1) or D(H2) which satisfies C1 and C2, so there is no solution to the CSP. The          
look-ahead operation is as follows. After assigning a value v1  to H1, the domain of H1 is 

updated to the singleton {v1} (step 6 of Algorithm 2) and the domain of H2 is updated by 

calling AC-3 (step 7). If the domain of H1 and that of H2 are not empty sets, the vector     
(v1, v2) is a solution; otherwise, assigning v1 to H1 does not lead to a solution and the next 

iteration of the loop begins. 

The worst case computational complexity of AC-3 is O(ed3) where e is the number of 
constraints and d is the size of the largest domain of the variables. In the worst case, the for 
loop of random walk heuristic iterates d times. Therefore, the worst case computational 

complexity of Algorithm 2 random walk heuristic is O(ed4). 
 
Algorithm 3 is proposed to generate an initial population of M random network architectures 
by solving M separate CSP MLPs using the random walk heuristic where D is the number of 

the features of the training set. The computational complexity of Algorithm 3 is O (ed4M). 
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Fig.48. The search space exploration of random walk heuristic (RWH): the 
arrows indicate the order in which RWH traverses the search space; when min 

neu or min neu+1 is assigned to H1, AC-3 reduces D(H2) to an emptyset; a 
solution is found after min neu+2 is assigned to H1 and AC-3 reduces D(H2) to 

{max neu} 

 
Algorithm 2: Random walk heuristic 
Input: MLP CSP 
Output: a solution S or ∅ if no solution exists  
 Randomly order the values in the domain of H1;  
 Randomly order the values in the domain of H2; 
 S ← ∅; 
 for each (v1 ∈ D(H1))  

 { 

  D′(H1) ← {v1}; /* D′(H1) and D′(H2) are new domains of H1 and H2 */  

  (D′(H1),D′(H2))←AC-3(H1,D′(H1),H2,D(H2),C1,C2); 

 if(D′(H1)!=∅ and D′(H2)!=∅) 

 { S ← (v1, v2) where v2 ∈ D′(H2); 

  break; 
} 
 }. 
 return S; 
 

3.2.5.1.3 Breeding Offspring from a Population of Feature Subsets (Step 4 of the GA) 

An offspring population is breed from the sub-population P1 of feature subsets as follows: 
1.  1-point crossover is applied to a fraction f of the individuals of P1 e.g. f=0.5. Let M be 

the size of P1, 1-point crossover is performed on randomly-chosen pairs of Mf  
individuals with a probability Pxor to create an offspring population as follows. Given 

two individuals, a random position i of one of the individuals is chosen; then, the part of 
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that individual from the position i+1 to the last position of that individual is swapped with 
the corresponding part of the other individual to create 2 offspring as shown in (Fig.49). 

2.  2-point crossover is applied to the other fraction (1-f) of the individuals of P1. 2-point 
crossover is performed on random-chosen pairs of the remaining M- Mf  individuals 
with a probability P2xor to create an offspring population as follows. Given two parents, 
two random positions i and j on one of the parents are chosen with i<j; then, the segments 
between i and j of the 2 parents are swapped to create two offspring as shown in (Fig.50). 

3.  Mutate each offspring of the two offspring populations created in steps 1 and 2 with a 
probability Pm to create a new population. During mutation, one or more bits of an 
individual are selected at random and flipped with a probability Pm. 

Algorithm 3: Create an initial population 
Inputs: population size M, min inputs, max inputs, min neu, max neu, min ws, max ws 

Output: a population P of network architectures  
 i=0; P=∅; 
 While(i<M){ 
 Generate a random integer S representing the number of inputs where min inputs ≤S≤   
max inputs; 
Solve CSP MLP using the random walk heuristic to create a 2-hidden layer architecture 
(H1, H2); 
 Transform the network architecture (S, H1, H2) to a chromosome C as follows: 

Create a bit string F of length D with S randomly-set true bits; 
Encode H1 as a 6-bit binary number B1; 
Encode H2 as a 6-bit binary number B2; 
Merge F, B1 and B2 together to create C; 

 Insert C into P; 
 i← i+1;} 8.Return P; 

 

Fig.49. An example of 1-point crossover at the 5th position of two parents 

 

Fig.50. Example of 2-point crossover at the 3rd and 7th positions of two 
parents 
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3.2.5.1.4  Breeding offspring from a Population of 2-Hidden-Layer Network Architectures 

An offspring population is breed from the sub-population P2 of 2-hidden-layer architectures as 
follows: 

1.  1-point crossover is applied to a fraction f ′ of the individuals of P2 e.g. f ′=0.5. 1-point 

crossover is performed on randomly-chosen pairs of Mf ′  individuals with a 

probability P ′ to create an offspring population where M is the size of P2. 

2.  2-point crossover is applied to the other fraction (1-f ′) of the individuals of P2. 2-point 

crossover is performed on random-chosen pairs of the remaining M- Mf ′  individuals 

with a probability P ′ to create an offspring population as follows. Given two 
individuals, two random positions i and j on one of the individuals are chosen with i<j; 
then, the segments between i and j of the 2 individuals are swapped to create two 
offspring. 

3.  Mutate each offspring of the two offspring populations created in steps 1 and 2 with a 

probability P ′ to create new offspring population. 
4.  Run the proposed constraint-based nearest neighbour search to find the architectures 

which are the most similar to the offspring population and satisfy the constraints that 
the number of neurons in each hidden layer is between min neu and max neu. 

 
3.2.5.1.5  Constraint-Based Nearest Neighbour Search 

Definition 1: The nearest neighbour architecture of a 2-hidden layer architecture consists of the 
nearest neighbours of the binary encodings of the numbers of the neurons in the 2 hidden 
layers of the architecture. 
 
Definition 2: The nearest neighbour N of the binary encoding H of a hidden layer is a binary 
code which: 
1. has the smallest hamming distance to H and; 
2. encodes the decimal integer Ndec that is the closest to the integer encoded by H 

satisfying the constraint: min neu ≤ Ndec ≤ max neu. 

For example, the offspring 101111011111 encodes an architecture where 101111 encodes the 

47 neurons in the 1st hidden layer and 011111 encodes the 31 neurons in the 2nd hidden 
layer. Given min neu=5 and max neu=40, the nearest neighbour of 101111 is 100111 
encoding 39 with a hamming distance of 1; the nearest neighbour of 011111 is 011111 which 
encodes 31 with a hamming distance of 0. The problem of finding a nearest neighbour of a         
2-hidden layer architecture (H1,H2) can be modelled as a constraint satisfaction optimization 
problem (CSOP) MLP CSOP: 

MLP CSOP 
Boolean Variables: B1, B2, B3, B4, B5, B6, C1, C2, C3, C4, C5, C6; 

Domains of the Boolean variables: {0, 1} 
Constraint 1: B1 × 32 + B2 × 16 + B3 × 8 + B4 × 4 + B5 × 2 + B6 × 1 ≥ min neu; Constraint 

2: B1 × 32 + B2 × 16 + B3 × 8 + B4 × 4 + B5 × 2 + B6 × 1 ≤ max neu; Constraint 3: C1 × 32 
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+ C2 × 16 + C3 × 8 + C4 × 4 + C5 × 2 + C6 × 1 ≥ min neu; Constraint 4: C1 × 32 + C2 × 16 

+ C3 × 8 + C4 × 4 + C5 × 2 + C6 × 1 ≤ max neu; 

Minimize: Objective=hamming distance(N1,H1)+hamming distance(N2,H2)+decimal 
distance(N1,H1)+decimal distance (N2,H2); where Bi are the Boolean variables 

corresponding to the bits in the encoding of the 1st hidden layer; Ci are the Boolean 

variables corresponding to the bits in the encoding of the 2nd hidden layer; H1 is the 
encoding of the 1st hidden layer of a hidden layer architecture; H2 is the encoding of the 2nd 
hidden layer of the hidden layer architecture; N1 is the nearest neighbour of H1 i.e. N1=(B1, 

B2, B3, B4, B5, B6,); N2 is the nearest neighbour of H2 i.e. N2=(C1, C2, C3, C4, C5, C6); 

hamming distance(Ni,Hi) computes the hamming distance between Ni and Hi; decimal 
distance(Ni,Hi)=|Num Ni − Num Hi| with Num Ni being the decimal integer represented by Ni 
and Num Hi being the decimal integer represented by Hi. The optimal solution (B1, B2, 

B3, B4, B5, B6, C1, C2, C3, C4, C5, C6) to MLP CSOP can be obtained by minimizing the 

objective using the branch and bound algorithm. A constraint-based nearest neighbour search 
(Algorithm 4) is proposed to find the nearest neighbours of the M offspring of mutation by 
solving M separate MLP CSOPs (Fig.11), where O is an offspring. 
 

3.2.5.1.6  The Computational Complexity of the Genetic Algorithm 

The main computational intensive operations of the GA are the creation of an initial 
population, the SUS selection, fitness evaluation of each individual, the 2 1-point 
crossover operations, the 2 2-point crossover operations, the 2 mutation operations and the 
constraint-based nearest neighbour search (CNNS). Let N be the population size, G be the 
maximum generations and M be the number of the individuals selected by SUS.  
 

Algorithm 4: Constraint-based nearest neighbour search 
Inputs: an offspring population OP of 2-hidden-layer network architectures, min neu, 
max neu 
Output: a population P of the nearest neighbours P=∅; 
for each(O∈OP) { 
Find the nearest neighbour N of O by solving a MLP CSOP using the branch and bound 
algorithm; 
Insert N into P; 
} 
Return P; 

An initial population involves solving N MLP CSPs using the random walk heuristic. 
During each generation of the GA, M MLP CSOPs are solved using CNNS. In general, 
solving a CSP or a CSOP is an NP-hard problem.  The search space of a MLP CSP is 
|D(H1)| × |D(H2)| where D(H1)={mini neu,mini neu+1,. . .,max neu}; D(H2)={mini neu, 
mini neu+1,. . .,max neu}; |D(H1)| is the domain size of H1 and |D(H2)| is the domain size 
of H2.  With the setting of mini neu to 5 and max neu to 40, the search space of a MLP 

CSP is 362  i.e.  1296.  The search space of a MLP CSOP is 212 i.e. 4096 because a MLP 
CSOP consists of 12 Boolean variables and the domain size of each Boolean variable is 2. 
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Therefore, MLP CSP and MLP CSOP are small problems in terms of their search space sizes. 
If solving a MLP CSP or a MLP CSOP is counted as an operation, there are N MLP CSP 
operations and G×M MLP CSOP operations. During each generation, there are N fitness 

evaluations, M selection operations, Mf  /2  Pxor + Mf ′  /2  P ′ 1-point crossover 

operations, (M − Mf )/2  P2xor + (M − Mf ′ )/2  P ′ 2-point crossover operations, 2M 

mutation operations and M CSOP1 operations. The computational complexity of the GA is: 

O(N + G(N + 4M + Mf  /2  Pxor + Mf ′  /2  P ′+ (M − Mf )/2  P2xor + (M − Mf 

′ )/2  P ′))………………………………………………………………………..Eq.(15) 
 

3.2.5.2  Implementation of the Genetic Algorithm 

The proposed GA (Algorithm 1) was implemented and the ECLiPSe constraint logic 
programming (CLP) system. The Genetic Algorithms Toolbox of University of Sheffield was 
used to implement the evolutionary operations of the GA. Algorithms 2, 3 and 4 were 
implemented using ECLiPSe CLP. The ECLiPSe program is integrated into the program as a 
component so that the ECLiPSe program is called by the program on the platform. 
Experiments were performed on a Windows 10 desktop computer with an Intel Corei7 
3.6GHZ CPU and a 16GB RAM. 
 

3.2.5.2.1  Parameters Settings of the Genetic Algorithm 

The settings of the parameters of the GA are illustrated in (Table.21). The min inputs, max 
inputs, min neu, max neu, min ws and max ws are set based on our prior knowledge. The 
other parameters of the GA are set to some of the common values used in research. 
 

3.2.5.2.2  Parameters Settings of Neural Networks Training 

The break size dataset was randomly split into a 50% training set, a 25% validation set and a 
25% test set using the random sub-sampling with no replacement method. For the break size 
dataset, the inputs and the output of the training set are rescaled to the interval [-1, 1] using 
min-max normalization before training neural networks. Each break size class of the 
training set consists of 270 instances which are uniformly drawn at random from the break 
size dataset. During evaluating the performance of a trained network in detecting the LOCA of 
a NPP, the output of the network is converted to the original range [0%, 200%] by inversing the 
normalization calculation. For each dataset, Levenberg-Marquardt algorithm is used for 
networks training with the maximum epochs set to 1000 and the learning rate set to 0.001. 
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Table.21. Parameters settings of the GA 

Parameters settings  
Population size=80 

Max generation=300 Elitism rate=0.1 min inputs=5 
max inputs=36 min neu=5 max neu=40 min ws=1000 max ws=1350 f=0.5 

f ′=0.5 
Pxor =0.8 

P ′ 

xor =0.8 

P2xor =0.8 

P ′ 
2xor =0.8 
Pm=0.05 

P ′ 

m=0.05 

 

3.2.5.3.  Performance Evaluation using the Break size Dataset 

3.2.5.3.1   Performance of the Genetic Algorithm 

The GA was run for 300 generations. The mean RMSE of the best network found in each 
generation is illustrated in (Fig.51). The largest decrease in the mean RMSEs of the best 
networks is achieved at the 4th and the 96th generations. This indicates the largest increase 
in the performance of the best networks is achieved at these 2 generations. The 
improvement in the performance of the best networks is very little between the 5th and the 
95th generations. The GA-optimised network is the best network with the highest performance. 
Between the 97th and the 295th generations, there is no improvement in the performance of 
the best networks. The GA-optimised network was obtained at the 296th generation as 
shown in (Fig.51) and consists of 24 inputs, 33 neurons in the 1st hidden layer, 8 neurons 
in the 2nd hidden layer, 1 output and 1064 weights. The mean RMSE of the GA-optimised 
network is 1.6764. For all the break sizes except 200%, the RMSE of the GA-optimised 
network in detecting the break size is between 0 and 2.404 as illustrated in (Table.22). For the 
break size 200%, the RMSE is the largest i.e. 4.9727. 

 

Table.22. The performance of the GA-optimised network in detecting each break 

size: SD (standard deviation) 

Break Size 0% 20% 40% 50% 60% 75% 100% 120% 160% 200% SD 
RMSE 0.09670.91722.08271.04981.00861.47011.64961.11272.40404.97271.3263
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Linear interpolation is a method of constructing new data points within the range of a set of 
known data points by fitting straight lines using linear polynomials. Having obtained the   
GA-optimised network, the break sizes 2.5%, 5%, 7.5%, 10%, 12.5%,. . ., 195% and 197.5% 
which are missing in the break size dataset, were generated using linear interpolation as 
follows. For each missing break size, 541 instances were generated using linear interpolation 
giving a total of 40575 instances. The break size dataset and the linear interpolation dataset 
were merged into a dataset containing 43821 instances. 

 

Fig.51. The mean RMSE of the best network found in each generation on the 
break size dataset: the GA-optimised network was found at the 296th generation 

In order to optimize the weights of the best GA-optimised network, it was trained and tested 
iteratively 100 times on the merged dataset to obtain a network with better performance than 
the GA-optimised network as follows. During each training-testing process, the merged 
dataset was randomly split into a 50% training set, a 25% validation set and a 25% test set; 
then, the weights of the network trained in the previous training-testing process were used as 
the initial weights of the current training-testing process before training began. This would 
give faster training speed than setting the initial weights to random values because each 
training process started at a minimum point on the error surface and stopped at another 
minimum point in the local region of the starting minimum point. The mean RMSE on the test 
set of the trained network was compared with that of the current best network. The mean 
RMSEs of the 100 networks are compared in (Fig.52). The best network (GA-optimised 
network2) of the 100 networks has a smaller mean RMSE (1.1548) than the GA-optimised 
network (mean RMSE of 1.6764). For the break sizes 0%, 20%, 40%, 50%, 160% and 
200%, the RMSE of the GA-optimised network2 is smaller than that of the GA-optimised 
network as shown in (Fig.53) and (Table.23). For the break sizes 60%, 75% and 120%, the 
GA-optimised network has a slightly better performance than the GA-optimised network2. 
For the break size 100%, the GA-optimised network has a better performance than the       
GA-optimised network2. The standard deviation of the RMSEs of the GA-optimised network2 
is 0.6860 which is smaller than that of the GA-optimised network (1.3263). Therefore, the   
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GA-optimised network2 has a significantly more stable performance (less variation of 
performance) than the GA-optimised network in detecting different break sizes. 

 

Table.23. The performance of the GA-optimised network2 in detecting each break 

size: SD (standard deviation) 

Break Size 0% 20% 40% 50% 60% 75% 100% 120% 160% 200% SD 
RMSE 0.00720.47360.58720.96331.05151.63422.13091.196 2.05761.44620.6860

 
3.2.5.3.2 Performance Comparison with the Neural Network of the Previous Work 

The Santhosh et al.’s [7] neural network consists of 37 inputs, 19 neurons in the 1st hidden 
layer, 26 neurons in the 2nd hidden layer and 3 output neurons which output the break size, 
location of the break and the availability of the ECCS. In contrast, this work focuses on 
detecting the beak size of an IH of the PHT and the GA-optimised network2 detects a break 
size of an IH rather than the location of the break and the availability of ECCS. The 
performance of the GA-optimised network2 is compared with the performance of the Santhosh 
et al.’s neural network with regard to break size detection and in shown in (Fig.54). The GA-
optimised network2 has smaller RMSEs than the Santhosh et al.’s neural network with the 
largest difference in RMSE being 3.3538 at the break size 200% and the smallest difference 
being 0.1928 at the break size 0% as seen in (Fig.54). The mean RMSE (1.1548) of the            
GA-optimized network2 is smaller than that of the Santhosh et al.’s neural network (2.9167). 
The GA-optimised network2 has a significantly more stable performance (standard deviation 
0.6860) than the Santhosh et al.’s neural network (standard deviation 1.5677) in detecting 
different break sizes. However, it may be noted that the RMSE in Santhosh et al.’s neural 
network has been computed based on 3 outputs: the break size, the location of the break and 
the status of the ECCS. 

 

 

Fig.52. Performances of the 100 neural networks during the iterative 
training-testing process: the 76th network (GA-optimised network2) has the 

smallest mean RMSE 
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Fig.53. Performance comparison of the GA-optimised network2 and the     
GA-optimised network on the break size dataset 
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Fig.54. Performance comparison of the GA-optimised network2 and the 
Santhosh et al’s neural network on the break size dataset 

3.2.5.3.3  Performance Comparison with the Optimal Random Neural Network 

A random search method was developed to generate 24000 random 2-hidden layer network 
architectures with between 5 to 36 inputs and between 5 to 40 neurons in each hidden layer. 
The mean RMSE of the optimal random network among the 24000 networks is 1.8008. The 
optimal random network consists of 27 inputs, 19 neurons in the 1st hidden layer, 15 neurons 
in the 2nd hidden layer, 1 output and 813 weights. In order to optimize the weights of the 
optimal random network architecture, it was trained iteratively 100 times on the merged 
dataset consisting of the break size dataset and the linear interpolation dataset. The best 
network among the 100 networks was obtained after 100 iterations of the training-testing 
process. The best network (optimal random network2) has a mean RMSE of 1.4617and 
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standard deviation of RMSE of 0.8892. The RMSE of each break size of the optimal random 
network2 is illustrated in (Table.24). 
 

Table.24. The performance of the optimal random network2 in detecting each 

break size: SD (standard deviation) 

Break Size 0% 20% 40% 50% 60% 75% 100% 120% 160% 200% SD 
RMSE 0.13860.72771.00831.20780.93201.71371.93172.11553.34951.49200.8892

 
The performance of the GA-optimised network2 is compared with the performance of the 
optimal random network2 as in (Fig.55). The GA-optimised network2 has smaller RMSEs 
than the optimal random network2 on all the 10 break sizes except the break size 60% with 
the largest difference in RMSE being 2.6878 at break size 100% as seen in (Fig.55) ,      
(Table.23) and (Table.24). The mean RMSE (1.1548) of the GA-optimised network2 is smaller 
than that of the optimal random network2 (1.4617). The GA-optimised network2 has a more 
stable performance (standard deviation 0.6860) than the optimal random network2 (standard 
deviation 0.8892) in detecting different break sizes as shown in (Table.24). 
 

3.2.5.3.4  Performance Comparison with the Optimal Neural Network of Exhaustive Search 

There are in total 1296 2-hidden layer network architectures with all the 37 inputs and 
between 5 to 40 neurons in each hidden layer. Exhaustive search was used to generate all the 
1296 network architectures. The optimal network of exhaustive search consists of 37 inputs, 
24 neurons in the 1st hidden layer, 19 neurons in the 2nd hidden layer, 1 output and 1363 
weights. The mean RMSE of the optimal network is 2.0427. In order to optimize the weights 
of the optimal network, it was trained iteratively 100 times on the merged dataset consisting 
of the break size dataset and the linear interpolation dataset. The best network                      
(optimal network2) among the 100 networks was obtained after 100 iterations of the              
training-testing process. Optimal network2 has a mean RMSE of 1.1732 and standard 
deviation of RMSE of 0.6625. The RMSE of each break size of optimal network2 is 
illustrated in (Table.25). 

 

Fig.55. Performance comparison of GA-optimised network2 and optimal 
random network2 on the break size dataset 
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Table.25. The performance of optimal network2 in detecting each break size: SD 

(standard deviation) 

Break Size 0% 20% 40% 50% 60% 75% 100% 120% 160% 200% SD 
RMSE 0.6350.78870.78761.17750.69241.03 1.83121.09812.78630.905 0.6625

 
The performance of the GA-optimised network2 is compared with the performance of the 
optimal network2 as shown in (Fig.56). The mean RMSE (1.1548) of the GA-optimised 
network2 is smaller than that of the optimal network2 (mean RMSE 1.1732). The                  
GA-optimised network2 has smaller RMSEs than the optimal network2 on the 5 break sizes 
0%, 20%, 40%, 50% and 160% with the largest difference in RMSE being 0.6278 at break size 
0% as shown in (Fig.56), (Table.23) and ( Table.25). The optimal network2 has smaller RMSEs 
than the GA-optimised network2 on the other break sizes 60%, 75%, 100%, 120% and 200%. 
The GA-optimised network2 has a slightly less stable performance (standard deviation 
0.6860) than optimal network2 (standard deviation 0.6625) in detecting different break sizes. 
However, GA-optimised network2 has a smaller number of inputs and a smaller number of 
weights than optimal network2. Therefore, it is expected that GA-optimised network2 has a 
better generalization performance than optimal network2. 

 

Fig.56. Performance comparison of GA-optimised network2 and optimal 
network2 on the break size dataset 

 

3.2.5.3.5  Performance Comparison with RBF Kernel Support Vector Regression 

Radial Basis Function (RBF) kernel Support Vector Regression (SVR) is a well-established 
approach for regression problems. During SVR training, the RBF kernel maps the training 
patterns to a high dimensional space (the feature space); then a linear regression is fitted to 
the transformed training patterns by solving a constraint optimization problem. The 
Sequential Minimal Optimization (SMO) is a well-known algorithm for training SVR. The 
main parameters of a RBF kernel SVR are the epsilon in the insensitive loss function of the 
SVR, the tolerance of the termination criterion of SMO, the gamma of the RBF kernel and 
the cost of incorrect prediction in the objective function.  The epsilon was set to 0.001; the 
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tolerance was set to 0.002; the value of gamma was chosen from the set {0.0025, 0.005, 
0.075, 0.1, 0.125, 0.25, 0.5, 0.75, 1, 1.25, 1.5, 1.75, 2, 2.25, 2.5}; the cost was chosen from the set 
{0.0025, 0.005, 0.05, 0.1, 0.5, 1, 5, 10, 15, 25, 50, 75, 100, 125, 150, 175, 200, 225, 250}. 
The optimal setting of the gamma and the cost was obtained by searching through all the 285 
combinations of gamma and cost. The setting of the gamma to 0.5 and the cost to 5 gives the 
smallest mean RMSE of 3.4525 as shown in (Fig.57). The performance of the             
GA-optimised network2 is compared with the performance of the RBF kernel SVR as seen in 
(Fig.57). For all the 10 break sizes, the GA-optimised network2 has smaller RMSEs than the 
optimal random network2 with the largest difference in RMSE being 6.66 at break size 
160% as shown in (Fig.58). The mean RMSE of the GA-optimised network2 (1.1548) is 
smaller than that of the RBF kernel SVR (3.4525). 
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Fig.57. The performance of the RBK kernel SVR using all the combinations 
of gamma and cost on the break size dataset: the coloured point corresponds to 

the smallest mean RMSE of 3.4525 

 
 

 

Fig.58. Performance comparison of the GA-optimised network2 and the RBF 
kernel SVR 
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For the break size dataset, the GA-optimised network2 has a better generalization performance 
than the Santhosh et al.’s neural network, the 2 optimal random networks, the 2 optimal 
networks of exhaustive search and RBF kernel SVR as shown in (Table.26). Moreover, the  
GA-optimised network and the GA-optimised network2 have fewer weights and hidden 
neurons than the Santhosh et al.’s network, the optimal network of exhaustive search and the 
optimal network2 of exhaustive search. Therefore, the GA-optimised network and the          
GA-optimised network2 have simpler architectures than the Santhosh et al.’s network, the 
optimal network of exhaustive search and the optimal network2 of exhaustive search. The 
optimal random network and the optimal random network2 have simpler architectures and 
higher mean RMSEs than the GA-optimised network and the GA-optimised network2. This 
indicates that the optimal random network and the optimal random network2 under-fit the 
training set. 

 

Table.26. Performance Comparison of the GA and the other approaches on the 

Break Size Dataset 

Algorithm Architecture Weights Mean RMSE
GA-optimised network 24,33,8,1 1064 1.6764 
GA-optimised network2 24,33,8,1 1064 1.1548 

Santhosh’s neural network 37,19,26 3 1513 2.9167 
Optimal random network 27,19,15,1 813 1.8008 
Optimal random network2 27,19,15,1 813 1.4618 

Optimal network of exhaustive search 37,24,19,1 1363 2.0467 
Optimal network2 of exhaustive search 37,24,19,1 1363 1.1732 

SVR RBF kernel cost:5 gamma:0.5 3.4525 
 

3.2.5.3.6   The Effect of the Elitism Rate and the Population Size on the Performance of the 

Genetic Algorithm 

In order to investigate the effect of the population size and the elitism rate on the 
performance of the GA, the population size was set to 30, 50 and 80 respectively; the elitism 
rate was set to 0, 0.0125, 0.05 and 0.1 respectively; the maximum generation was set to 100 
with the settings of the other parameters unchanged. Firstly, the population size was set to 
30 and the elitism rate was set to 0, 0.0125, 0.05 and 0.1 respectively to obtain                
4 GA-optimised networks.  Each of the GA-optimised networks was obtained after running 
the GA for 100 generations.  The best elitism rate is 0.0125 because it corresponds to the 
GA-optimised network with the highest performance i.e. mean RMSE of 1.3235 as shown in 
(Table.27). Moreover, setting the elitism rate to 0.0125 resulted in the fastest speed of finding 
the best GA-optimised network (17 generations) as shown in (Table.27). Then, with the best 
elitism rate of 0.0125, the population size was set to 50 and 80 respectively. The best         
GA-optimised network was obtained using the population size of 30 and the elitism rate of 
0.0125 as shown in (Table.27). The best GA-optimised network consists of 27 inputs,         
40 neurons in the 1st hidden layer, 5 neurons in the 2nd hidden layer, 1 output and          
1285 weights. The mean RMSE of the best GA-optimised network is 1.3235.  The RMSE 
of each break size of the best GA-optimised network is illustrated in (Table.27). The 
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performance of the best GA-optimised network is higher than that of the GA-optimised 
network (mean RMSE of 1.6764) found with 300 generations. 

 

Table.27. Performance comparison of the GA-optimised networks on the break size 

dataset using the different settings of population size and elitism rate: the 4th 

column lists the numbers of generations after which the GA first found the 

optimised networks 

Population sizeElitism rate mean RMSE generations 
30 0 1.8204 60 

0.0125 1.3235 17 
0.05 1.8018 22 
0.1 2.0055 32 

50 0.0125 1.4081 33 
80 0.0125 1.6677 82 

 

3.2.5.4  Discussion 

The good performance of the proposed GA is due to the following: 
An initial population of network architectures of high performance is created using constraint 
satisfaction. 
 
During each generation, a great diversity of neural network architectures are created by 
independently breeding offspring from the sub-population of the feature subsets of the 
neural network architectures in the parents population and breeding offspring from the  
sub-population of the 2-hidden layer architectures of the neural network architectures. 
During breeding offspring from the sub-population of the 2-hidden layer architectures, 
offspring of high performance are created using the proposed constraint-based nearest 
neighbour search algorithm. 
 
Optimizing the elitism rate or/and the size of the population can improve the performance of 
the GA. Moreover, setting the elitism rate to optimal values can significantly improve the speed 
of finding an optimised network. Optimizing the elitism rate may be preferred over optimizing 
the population size because increasing the size of the population leads to a higher number of 
fitness evaluations i.e. a higher computational cost, whereas adjusting the elitism rate does 
not significantly vary the computational cost as the size of the population is kept constant. 
One limitation of the proposed GA is that it is not guaranteed to find the global optimal 
solutions (the global optimal network architectures) because the GA as a meta-heuristic 
explores a sub-space of the search space of all the possible network architectures to find local 
optimal network architectures. This limitation can be alleviated by making the GA exploring a 
larger sub-space containing a larger number of diverse network architectures of high 
performance. This can be achieved by either increasing the size of the initial population 
or/and optimizing the parameters of the GA. 
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3.2.6 Optimal Brain Surgeon Algorithm, Group Method of Data Handling, Adaptive 

Neuro-Fuzzy Inference Neural Network Models 

This study proposes a simple method for measuring the robustness of diagnostic models for 
predicting the break size during the loss of coolant accidents. Robustness metric is proposed 
based on the leave-one-out approach and the mean squared error resulting from a diagnostics 
model. Using this metric it becomes possible to compare the robustness of different 
diagnostic models. Given data obtained from a high fidelity simulation of the coolant system 
of a nuclear reactor, four different diagnostic models are obtained and their properties 
compared and discussed. These models include a fully connected multi-layer perceptron with 
one hidden layer, a fully connected multi-layer perceptron with two hidden layers, a             
multi-layer perceptron with one hidden layer that is pruned using the optimal brain surgeon 
(OBS) algorithm, a group method of data handling (GMDH) neural network, and an adaptive 
network based fuzzy inference system (ANFIS) [23-26].  
 
3.2.6.1  Optimal Brain Surgeon Algorithm 

In neural networks, the regularization problem is often cast as minimizing the number of 
connection weights. Without such weight elimination over-fitting problems and thus poor 
generalization will result. Conversely, if there are too few weights, the network might not be 
able to learn the training data. For fully connected networks, the architecture selection 
problem is reduced to choosing a number of hidden units. The simplest procedure for 
determination of an adequate number of hidden units is to increase their number gradually 
while evaluating the test error. When a number of hidden units has been reached above which 
the gain in generalization is insignificant, the network is accepted. If the training set is very 
limited, it is important that the network architecture is chosen wisely in that it should contain 
only the most essential weights. The architecture selection is in this case much harder since it 
will also be difficult to set aside a data set for test purposes. The optimal brain surgeon 
procedure proposed by Hassibi et al. can be described by following steps [27]: 
 

1. Train a reasonably large network to minimum error 

2. Compute the Hessian matrix and invert it, 1H   

3. Find the q  that gives the smallest saliency 2 1/ (2[ ] )p q qqL w  H . If this candidate error 

increase is lower than the error function used in training process, then the q th weight 

should be deleted, and continue with step 4 of this algorithm; otherwise go to step 5. 

4. Use the q  from step 3 to update all weights using 1 1/ [ ]q q qqw w e   H H . Go to step 2.  

5. No more weights can be deleted without large increase in the error function of training 
process. At this point it may be desirable to retrain the network. 
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3.2.6.2  Group Method of Data Handling Neural Network 

GMDH [28] takes advantage of the self-organized structure to generate a detailed system 
model in a systematic manner. This overcomes the tedious work of network construction, and 
allows focusing on the organization of effective model inputs based on physical and 
statistical considerations. GMDH algorithms consider various component subsets of the base 
function called partial models. Coefficients of these models are estimated by the least squares 
method. GMDH algorithms gradually increase the number of partial model components and 
find a model structure with optimal complexity. 
 
The algorithm is based on a multilayer structure using the general form, which is referred to 
as the Kolmogorov-Gabor polynomial (Volterra functional series). 
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1 1 1

1 1 1

m m m
i i ij i j
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i j k

y a a x a x x

a x x x

  

  

    

   

……...……………………Eq.(16) 

Where, the external input vector is represented by 1 2( , , )X x x  , y  is the corresponding 

output value, and a  is the vector of weights and coefficients. The polynomial equation 
represents a full mathematical description. The whole system of equations can be represented 
using a matrix form as shown below: 

( )y f X ………………….…………………….Eq.(17) 

where,  
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 …..………………………Eq.(18) 

It can be replaced by a system of partial polynomial for the sake of simplicity as shown 
below: 

2 2
0 1 2 3 4 5i j i j i jy a a x a x a x x a x a x      ………………………Eq.(19) 

Where,  , 1,2, , ;i j M i j  . 

 

3.2.6.3  ANFIS Neuro-Fuzzy Network 

A neuro-fuzzy network is a fuzzy inference system equipped with a training algorithm            
[29 & 30]. Since the fuzzy inference system is constructed based on fuzzy if-then rules, 
linguistic information can be directly incorporated and, on the other hand, numerical 
information is incorporated by training the fuzzy inference system to match the input-output 
pairs. Therefore, the fuzzy neural network combines linguistic and numerical information 
(mainly input-output pairs). The main advantages of the fuzzy inference system are the 
possibility of implementing rule of thumb, experience, intuition, and heuristics.  
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In this work, a neuro-fuzzy network is designed using the ANFIS (adaptive neuro-fuzzy 
inference system) function in the Fuzzy Logic Toolbox. It uses a given input/output data set 
to construct a fuzzy inference system (FIS), whose membership function parameters are 
tuned (adjusted) using either a backpropagation algorithm alone or in combination with a 
least squares method. ANFIS supports the Takagi–Sugeno based systems [31]. The structure 
of the adaptive network is composed of five network layers i.e. layer 1 to layer 5 (with nodes 
and connections) as shown in (Fig.59). 
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Fig.59. Architecture of a first order two rule Takagi–Sugeno type ANFIS 

Assuming that the system is defined to have two inputs 1x  and 2x , one output z  and fuzzy 

set 1A , 2A , 1B , 2B ; then for a first order Takagi–Sugeno fuzzy model, having two IF-THEN 
rules in the common rule set, can be written using the following (Eq.20 & 21) [32]. 

1 1 2

1 1 1 1 2 1

1:

,

.

Rule

If x is A and x is B

then f p x q x r   ………… ………………….Eq.(20) 

   

1 2 2

2 2 1 2 2 2

2 :

,

.

Rule

If x is A and x is B

then f p x q x r   ………………………………….Eq.(21) 

The neural network structure contains 5 layers excluding the input layer (Layer 0): 
(1)   Layer 0: input layer, has n  nodes where n  is number of inputs to the system. 
 
(2)  Layer 1: This layer is called as the fuzzification layer. Here the crisp input signal is fed 

to the node i  which is associated with a linguistic label iA  or 2iB  . Thus, the 

membership function 1, ( )iO X  determines the membership level (full, none or partial) of 

the given input. The output of each node is calculated using (Eq.22 & 23). 1, ( )iO X  is the 

generalized Gaussian shaped membership function used in our model development. 

    1, 1( ) 1,2
ii AO x for i 

……………………………………….Eq.(22) 

   21, 2( ) 3,4
ii BO x for i


 
………….…………………………..Eq.(23) 

(3)  Layer 2: The nodes in this layer are fixed and labeled as 2, ( )iO X . The output of each 

node is the product of all the incoming signals as in the (Eq.24). 
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2, 1 2( ) ( ) 1,2
i ii i A BO w x x for i   

…………………………….Eq.(24) 

The output of each node represents the firing strength of a rule. Also, known as the 
membership layer, it acts on the input variables from layer 1 as membership functions to 
represent them in their fuzzy sets. 

 
(4)   Layer 3: Each node in this layer calculates the ratio of the individual rule’s firingstrength 

to the sum of all rules firing strengths as in the (Eq.25). iw  represents the normalized 

firing strength. Hence, this layer is also known as the rule layer. 
 

3, 1 2/ ( ) 1,2i i iO w w w w for i    ….……………… Eq.(25) 

Since each node in this layer calculates the normalized weights, the output signal can be 
thought of as the normalized firing strength of a given rule. 

 
(5)   Layer 4: This layer known as the defuzzification layer. It calculates the individual output 

values y from the inferring of rules from the rule base. Individual nodes of this layer are 
connected to the respective normalization node in layer 3 and also receive the input 
signal. Each node of this layer is adaptive in nature with the node function given by the        

(Eq.26).  Where, ip , iq , ir  is a set of consequent parameters of rule i . 

4, 1 2( )i i i i i i iO w f w p x q x r    …………………………Eq.(26) 

(6)   Layer 5: This layer is known as the output layer. It has only one node and it calculates 
the sum of all the outputs coming from the nodes of the defuzzification layer to produce 
the overall ANFIS output as in (Eq.27). 

Overall output: 5, /i i i i i i i iO w f w f w    …………………………………………..Eq.(27) 

This architecture of this adaptive network is used to develop the ANFIS model for the 
prediction of the LOCA break size.  
 

3.2.6.4 Data Description and Processing 

3.2.6.4.1 Parameters for Training Neural Network 

The architectures of the different neural networks considered in this study are described in 
(Table.28). 
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Table.28. List of process parameters for LOCA analysis 

Architecture Parameters 
1 hidden layer MLP 15 neurons in the hidden layer 

Pruned 1 hidden layer MLP Minimum number of weights: 50, 200, 400 
2 hidden layer MLP 

(Santhosh et al., 2011) 
19 neurons in the first hidden layer; 

26 neurons in the second hidden layer 
GMDH Maximum number of inputs for neurons: 3 

Degree of polynomials in neurons: 3 
Maximum number of neurons in a layer: 7 

ANFIS Number of clusters is “auto” 
 

3.2.6.4.2  Data Description 

The data for comparison of the models has been referred from the work by Santhosh et al     
[6 & 7] on simulation of the LOCA scenarios in NPPs. The data used to train the neural 
networks consists of multiple sets of time-series, each set corresponding to a break size, and 
each set containing the individual time-series of the different measured variables.  Break sizes 
ranging from 20% to 200% (including 20%, 60%, 100%, 120% and 200%) have been 
modeled using five different network architectures. 
 

3.2.6.4.3  Data Processing Procedure 

The data processing procedure is presented in (Fig.60). The procedure runs 50 times to 
reduce the randomness induced by the initialization of weights and the split of the data sets 
into training, validation and test data sets. The data is divided into three groups, 70% for 
training, 15% for validation and 15% for testing. Only the testing results are employed for 
performance analysis (this is unseen data in the training process). 
 

3.2.6.4.4  Leave-one-out Method 

To validate the prediction performance of neural networks to untrained break sizes, a method 
inspired by leave-one-out validation method is performed by taking one break size out from 
the training data and then including it in the testing data. The different leave-one-out tests are 
listed in (Table.29). 
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Fig.60. Data processing flowchart 

 

Table.29. List of leave-one-out tests 

 
Test Training sets 

1 Normal 
2 Leave out 20% break 
3 Leave out 60% break 
4 Leave out 100% break 
5 Leave out 120% break 
6 Leave out 200% break 

 

3.2.6.4.5  Robustness Measurement 

The prediction results of the different models studied are presented in terms of mean square 
error (MSE) of prediction, which is defined as follows: 

2
,

1

1 M

i i j
j

E e
M 

 
 …………….…………………….Eq.(28) 

where e  is the error between the neural network output and target, i  and j  are the number 

of test and sample, respectively, M  is the total number of samples. 
The following robustness measure mR  is proposed: 

[2,6]maxm i iR E
……………………………….Eq.(29) 

where, iE  is the MSE for each leave-one-out case. The max function is selected to highlight 

the worst-case performance out of all the leave-one-out cases considered. 
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As previously mentioned, considering the randomness of training due to the random 
initialisation of weights, each network architecture was trained and tested 50 times 
independently. Therefore, there are 50 slightly different robustness measure values for each 
architecture. The overall performance of each network architecture is therefore represented 
by the mean value and standard deviation value of the 50 robustness measure values. The 
mean value of the robustness measure is calculated by 

1

1
( ), 50

N
m m

k
R R k N

N 
 

………………………………Eq.(30) 

and the standard deviation of the robustness measure is calculated by 

2

1

1
( )

1

N

m m
k

R k R
N




 
 ……………………………Eq.(31) 

A lower value of mR  indicates better robustness of the network predictions, while a lower 

value of   means that the prediction performance is more consistent. 
 

3.2.6.5 Results and Discussion 

(Fig.61-65) presents the testing outputs and targets for the 6 tests listed in (Table.29) from the 
five kinds of networks, separately. The vertical axes in the figures denote the break sizes. The 
outputs for the different leave-one-out cases for the one given architecture are presented in 
each (Fig.61-65). Note that the results shown in (Fig.61-65) correspond to one particular 
training instance out of the 50 that were performed for each of the architecture and the MSE 
value for each sub-plot corresponds to the average result of the 50 training instances for each 
leave-one-out case.  
 
Consider (Fig.61) as an example, the subplot entitled “All cases” corresponds to the Test 1 in 
(Table.29), which means the data for all break sizes are included in the training data. The 
subplot entitled “Without 20%” corresponds to Test 2 in (Table.29), which means the data for 
the 20% break size is excluded from the training data. In (Fig.61) it can be seen that there are 
large peaks in the outputs compared to the targets. From the five leave-one-out tests, it can be 
seen that the difference between outputs and targets for the break sizes left out during training 
are larger than the differences between outputs and targets when a particular break size is 
present in the training set. 
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Fig.61. Testing results for the 2 HL MLP 

(Fig.62) and (Fig.63) show the testing results for the fully connected 1 hidden layer MLP and 
pruned 1 hidden layer MLP, respectively. Similar with (Fig.61), the average MSE value of 50 
training instances for each test is shown in corresponding title. Comparing these two figures 
shows that the MSE values for pruned networks are smaller those of the corresponding fully 
connected networks, which means that the pruning method can improve the performance of 
neural network. 
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Fig.62. Testing results for the fully connected 1 HL MLP 
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Fig.63. Testing results for the pruned 1 HL MLP 
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Fig.64. Testing results for the GMDH network 

(Fig.64) presents the testing results for the GMDH network. Comparing with the results of 
(Fig.61-63), the MSE value of “Test 1” case is larger, which means the prediction accuracy of 
GMDH is worse than the other three MLP neural networks. However, the MSE for “Without 
200% (Test 6 case)” break size lower compared to the corresponding values shown in  
(Fig.62 & 63). 

 

Fig.65. Testing results for the ANFIS network 
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(Fig.65) shows the results from the ANFIS network. Comparing the MSE values with those 
shown in (Fig.63-65), the performance of “Without 20%” and “Without 60%” are 
significantly worse while the performance of other tests are similar.  

 

Fig.66. Comparison of models based on the average MSE 

A comparison of the five different architectures based on the average MSE value for each 
leave-one-out case is shown in (Fig.66). Note that the MSE values given for each case 
correspond to the average value of the 50 training instances that were performed for of the 
each architecture. From (Fig.66) it can be seen that the pruned 1 hidden layer MLP has 
smaller MSE values than the fully connected 1 hidden layer MLP. For leaving out small 
break sizes, 1 hidden layer MLP architecture has better performance. For larger break sizes, 
2-hidden layer architecture outperforms the other architectures. 
 
The robustness measures obtained from the different architectures investigated in this study 
are shown in (Table.30). The GMDH approach has the smallest mR  value, which means this 

architecture has the best robustness for the untrained break size. However, its   value is 
slightly larger than fully connected 1 hidden layer MLP and pruned 1 hidden layer MLP. 
Both mR  and   values for the pruned 1 hidden layer MLP are smaller than the corresponding 

fully connected network, which means the OBS pruning algorithm was able to improve the 
robustness and consistency of neural network.  
 
The mR and   values of the fully connected 2 hidden layer MLP and ANFIS are higher than 

mR  and  values of the other three network architectures. This indicates that these two 

architectures have worse robustness and consistency than the other architectures considered 
here. 
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Table.30. Robustness comparison of different architectures 

Architecture MLP 
1 HL 

Pruned MLP 
1 HL 

MLP 
2 HL 

GMDH ANFIS 

mR  0.0285 0.0252 0.0306 0.0238 0.3180 

  0.0102 0.0091 0.0142 0.0109 0.2862 
 
(Table.31) shows the robustness of 1-hidden layer MLP network while the minimum number 
of weights after pruning was set to several different values. Both mR  and  values are the 

lowest when the minimum number of weights is 400. The comparison result indicates that the 
minimum number of weights has an influence on the resulting robustness and should be set to 
an appropriate value to obtain a better performance. The best value found for the minimum 
number of is 400. 

 

Table.31. Robustness of MLP (1HL) with OBS pruning 

Minimum number of weights 50 200 400 586 
(fully connected) 

mR  0.0323 0.0288 0.0252 0.0285 

  0.0279 0.0158 0.0091 0.0102 

 

Note that each reported value is an average and hence it is not an integer number. The actual 
number of weights after OBS pruning is listed in (Table.32). It is the average number of 
weights for all the trials. 
 
 

Table.32. Actual number of weights after OBS pruning.  

Minimum number of weights 50 200 400 
Actual number of weights 49.89 223.27 413.63 

 

3.2.6.6 Discussion  

Five different architectures with different learning algorithms were investigated to determine 
the most robust and efficient network for transient identification. From the results, it is 
observed that the GMDH network is the most robust architecture amongst the investigated 
approaches. It is also evident from the results that the OBS pruning method is able to improve 
the robustness of fully connected single-layer MLP neural network. 
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3.2.7 A Combined Model for Predicting the Break Size  

A combined diagnostic model consisting of two or more different types of neural networks is 
proposed to improve the robustness of neural networks to untrained break sizes, as measured 
using blind case data sets. It is shown that the proposed combined model has high prediction 
accuracy and good robustness. 
 

3.2.7.1 Methodology 

3.2.7.1.1 Multilayer Perceptron 

MLP is a kind of feedforward artificial neural network with one or more layers between the 
input and output layers as shown in (Fig.67). The feedforward neural network was the first 
and simplest type of artificial neural network devised. It contains multiple neurons arranged 
in layers. Neurons from adjacent layers have connections or edges between them. All these 
connections have weights associated with them. The term feedforward means that data flows 
in one direction from input to output layer (forward). 
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Fig.67. One hidden layer MLP with one output 

The basic unit of computation in a neural network is the neuron, which receives inputs from 
some other neurons, or from an external source, and computes an output. Each input has an 
associated weight (w), which is assigned on the basis of its relative importance to other 
inputs. The neuron applies an activation function to the weighted sum of its inputs. For the 
hidden layer, the output of the hidden neuron j can be written as: 

                                 
 T

1

N

j j j j j ji i j
i

y b w x b


 
      

 
w x

…………………………….Eq.(32) 

Here, the input vector to the neural network is T
1 2, , , Nx x x   x  , 

T
1 2, , ,j j j jNw w w   w   

denotes the weight vector between the hidden neuron j and the inputs, jb  is the bias, and j  

is the activation function which is normally taken as a nonlinear function, such as a sigmoid 
function. The output of the neural network is given by [33 & 26]: 
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  ………..……………………………..Eq.(33) 

Here, o  is the activation function of the output neuron which is normally taken as a linear 

function, ŷ  is the final output of the MLP network, ob  is the bias value of the output neuron 

o, and ojw  is the synaptic weight value from the hidden neuron j  to the output neuron o.  

 
A MLP is often trained with the widely used backpropagation algorithm. It is a supervised 
training scheme, which means it learns from the training data. Initially all the edge weights 
are randomly assigned. For every input in the training dataset, the ANN is activated and its 
output is observed. This output is compared with the desired output that already known, and 
the error can be obtained and known as cost function. The partial derivatives of the cost 
function with respect to the different parameters are propagated back through the network. 
The network weights can then be adapted using any gradient-based optimization algorithm. 
This process is repeated until the given stopping criterion is satisfied [26]. 
 
The Levenberg-Marquardt algorithm, a backpropagation algorithm also known as the damped 
least-squares method, is applied in this study. This is the fastest method for moderate-sized 
feedforward neural networks (up to several hundred weights). The algorithm has been 
designed to work specifically with cost functions which take the form of a sum of squared 
errors. It works without computing the exact Hessian matrix. 
 
According to the Levenberg-Marquardt algorithm [28], the neural network weights are 
adjusted with: 

 
1

1 ( )k k k k k k  
   w w J J I J e ………………………………..Eq.(34) 

Here, k  is the index of iterations, kw  is the weight vector of the thk  training iteration (which 

is defined in (Eq.35)), Ι  is the identity matrix,   is the step size, ke  is the error value of the 

thk  training iteration between the output and target.  

 
T

,1 ,2 ,, , ,k k k k Zw w w   w 
.........................................................Eq.(35) 

where, Z is the total number of weights. 

 
T

,1 ,2 ,, , ,k k k k Pe e e   e 
........................................................Eq.(36) 

where, P is the number of input patterns. 

kJ  is a Jacobian matrix of the thk  training iteration (which can be seen defined in (Eq.37)). 
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………………..…………….……………Eq.(37) 

3.2.7.1.2  Group Method of Data Handling Network  

GMDH [34] is an approach that involves growing a neural network which has a self-
organized structure. GMDH networks gradually increase the number of partial model 
components and find a model structure with optimal complexity. Thus, this approach avoids 
the tedious work of architecture selection. (Fig.68) shows the structure of an example GMDH 
network with four inputs and one output.  
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Fig.68. Structure of a GMDH network 

The GMDH network algorithm constructs hierarchical cascades of bivariate activation 
polynomials in the nodes, and variables in the leaves. The activation polynomial outcomes 
are fed forward to their parent nodes, where partial polynomial models are made. Thus, the 
algorithm produces high-order multivariate polynomials by composing simple and tractable 
activation polynomial allocated in the hidden nodes of the network [35]. 
 
By means of GMDH algorithm a model can be represented as a set of neurons in which 
different pairs of them in each layer are connected through a quadratic polynomial and thus 
produce new neurons in the next layer. Such representation can be used in modeling to map 

inputs to outputs. The formal definition of the identification problem is to find a function f̂  

so that can be approximately used instead of actual one f  in order to predict output ŷ  for a 

given input vector 1 2, , , nX x x x     as close as possible to its actual output y . Therefore, the 

output of GMDH network for signal output can be written as [36]:  

 1 2
ˆˆ ( , ,..., )ny f x x x ………………………………….Eq.(38) 
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The critical step is to determine a GMDH-type neural network so that the square of difference 
between the actual output and the predicted one is minimized, that is 

 

2
1 2

ˆ ( , ,..., ) minnf x x x y    ……………………….………….Eq.(39) 

General connection between inputs and output variables can be expressed by complicated 
discrete form of the Volterra functional series (also known as the Kolmogorov–Gabor 
polynomial) in the form of [37 & 38]:  

0
1 1 1

1 1 1

m m m

i i i ij i j
i i j

m m m

ijk i j k
i j k

Y a a x a x x

a x x x

  

  

    

    

……………………………….……Eq.(40) 

where the external input vector is represented by  1 2, ,X x x  , iY  is the corresponding 

output value, and ia , ija ,and ijka  are coefficients.  

 
In this way, such partial quadratic description is recursively used in a network of connected 
neurons to build the general mathematical relation of inputs and output variables given in   
(Eq.39). The coefficient is calculated using regression techniques in a least-squares sense so 
that the difference between actual output y  and the calculated ŷ , for each pair of ix , jx , kx  

as input variables is minimized.  
 

3.2.7.2  A Combined Diagnostic Model 

3.2.7.2.1  Training Individual Models 

The modelling and testing process is presented in (Fig.69). The simulated data for LOCA 
used in this study is described in [6 & 7]. The procedure runs N times to reduce the 
randomness induced by the initialization of weights and the split of the data sets into training, 
validation and test data sets. A value of N=200 is used in this work as it provides an 
acceptable balance between computational load and accuracy of the mean values. The data is 
divided into three groups, 70% for training, 15% for validation and 15% for testing. Only the 
testing results are employed for performance analysis and model selection (this is unseen data 
during training process). 
 
For the 2-hidden layer MLP, there are 19 neurons in the first hidden layer and 26 neurons in 
the second hidden layer. In the GMDH modelling, the structure is optimized by the 
algorithm. For the GMDH method, the maximum number of inputs for each neuron is 3, the 
degree of polynomials is 3, and the maximum number of neurons in a layer is 7. 
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Fig.69. Procedure for modelling 

3.2.7.2.2  A Combined Model 
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Fig.70. A combined model for the break size prediction in LOCA  

(Fig.70) shows the schematic diagram of the proposed combined model. The output of the 
combined model is calculated as a convex combination of the outputs of two models: 

 1 1 2 2y w y w y  ……………………...………………………Eq.(41) 

such that  

 1 2 1w w  ………………………………………..…………Eq.(42)
  
where y is the output of the combined model, y1 is the output of the MLP model, y2 is the 
output of the GMDH model, and w1, w2 are the break size dependent weights as shown in 

(Eq.42), where mik  and bik  indicate the slope and intercept, respectively.  

                                       , 1,2.i mi i biw k y k i   ………………….…………………Eq.(43) 
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Given that the model outputs are restricted to the range [0, 200%], the convex combination 
ensures that the combined model output remains within the same range. Note that the range 
of the weights is from 0 to 1. 
 
The parameters for the weights of the MLP model and GMDH model are optimized using the 
fmincon function in optimization toolbox, which is can be used to find minimum of 
constrained nonlinear multivariable function. 
 
The steps for optimizing the parameters in the combined model are as follows: 
1. Calculate the outputs of the two diagnostic models 1y  and 2y . 

2. Limit the outputs range of each model to [0, 200]: if 0iy  , set 0iy  , else if 200iy  , set 
200iy  , i= 1, 2. 

 
3. Calculate the weights iw  according to (Eq.43), mik  and bik  are the parameters to be 

optimized. 
 
4. Define the lower and upper bounds for the weights: 0 1iw   and the 

constraint 1 2 1 0w w   .  

 
5. Calculate the outputs of the combined model y using (Eq.41 & 43). 
 
6. Define the objective function, which is the MSE of outputs and targets. 
 

7. Optimize the parameters 1mk , 1bk , 2mk  and 2bk  using the function fmincon. 
 

3.2.7.3  Results and Discussion 

To develop the combined diagnostic model, three blind cases were applied, which are data of 
the 37 parameters corresponding to particular unseen break sizes. Blind case 1 has a break 
size value of 50%, case 2 has a break size value of 75%, and case 3 has a break size value of 
160%. (Fig.71) shows the comparison of the prediction results of testing data from the 
combined model with those from the other two individual models. It is apparent that the 
outputs of the combined model for each blind case are smoother than those of any individual 
model, which yields smaller MSE values. This means that the combined model yields more 
accurate predictions for the trained break sizes than any individual model. 
 
(Fig.72) shows the comparison of the prediction results of blind case validation data from the 
combined model with those from the other two individual models. It is apparent that the 
fluctuations in the outputs of the combined model for each blind case are less significant than 
those of any individual model, which yields smaller MSE values. This means that the 
combined model can obtain more accurate prediction results for the unseen break sizes than 
any individual model. 
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Fig.71. Testing results 

 

 

Fig.72. Blind case validation results 

 
The prediction accuracy of the combined model using the MSE values for the three blind 
cases is shown in (Table.33). Comparing the MSE values of the combined model to those of 
MLP model and GMDH model, we can see that the MSE values of the combined model for 
the three blind cases are smaller than the corresponding values for the two individual models. 
The mean MSE value of the combined model is smaller than that of the other two individual 
models by a factor of about 0.5. Therefore, the combined model yields very good prediction 
accuracy for all the testing break sizes. 

 

Table.33. Prediction performance Comparison of models  

Model 
MSE for test 

data 

MSE for blind cases 

Blind case 
1 

Blind case 
2 

Blind case 
3 

Mean 
MSE 

MLP model 0.0002 0.0019 0.0076 0.0063 0.0053 
GMDH model 0.0012 0.0015 0.0030 0.0103 0.0049 

Combined 
model 

0.0002 0.0011 0.0022 0.0051 0.0028 
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3.2.7.4  Dicsussion  

This study has presented a combined diagnostic model of two different types of neural 
networks for predicting the break size in loss of coolant accidents in nuclear power plants. To 
improve the robustness for the untrained break sizes, a combined diagnostic model based on 
two or more different types of networks is proposed and has been shown to have better 
prediction accuracy than any of the individual diagnostics models. Although the case study 
presented in this study is based on two individual models, the optimal model combination 
procedure presented here is generic can be used for any number of models. 
 

3.2.8  Diagnostic Models with Interpolation Data 

The robustness metric proposed in our previous work is applied to compare the robustness of 
different diagnostic models. The data used for training these models consists of a number of 
time-series data sets, each for a different break size, with the transient behavior of different 
measurable variables in the coolant system of a nuclear reactor, following a simulated loss of 
coolant accident in a high-fidelity simulator. Given the simulation data for different break 
sizes, four different neural network architectures are investigated and their properties are 
compared and discussed. These models include a fully-connected multilayer perceptron with 
one hidden layer, a multilayer perceptron with one hidden layer that is pruned using the 
optimal brain surgeon algorithm, a fully-connected multilayer perceptron with two hidden 
layers, and a group method of data handling neural network. In this study, an interpolation 
pre-processing method is investigated and shown to be effective to further improve the 
capability of neural networks for robustly predicting the break size of a loss of coolant 
accident. Both linear interpolation and cubic spline interpolation are studied as alternatives 
for the pre-processing approach. The performance of models developed with and without 
interpolation pre-processing are compared with the previously proposed robustness metric. 
Moreover, three blind cases are introduced to evaluate and compare the performance of the 
diagnostic models. Finally, a combined diagnostic model is proposed based on three different 
architectures to obtain high prediction accuracy and good robustness.  
 

3.2.8.1 Methodology 

3.2.8.1.1 Optimal Brain Surgeon Algorithm 

The OBS algorithm judges the importance of a weight by its saliency which represents the 
increase in error that introduced by eliminating it. Then, the OBS algorithm deletes the 
weights with the weakest saliency, which means they are insignificant. This is an iterative 
process which continues until a stopping criterion is satisfied. The procedure of OBS 
algorithm is summarized in (Fig.73). 
The saliency of weights q  can be calculated by:   

2

12[ ]

q
q

qq

w
L




H
 …………….……………………………………Eq.(44) 
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Here, qw  denotes the value of weights q , 1H is the inverse of the Hessian matrix H , which is 

the second order derivative of the error function with respect to all weights as follows: 
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……………………………Eq.(45) 

After eliminating the weight with weakest saliency, the remaining weights are updated 
according to:  

1
1[ ]

q
q q q

qq

w
w w e


  H

H
     Eq.(46) 

After updating the weights, the pruned network is retrained to avoid any loss of performance 
due to pruning. If the stopping criterion is not satisfied, the weight pruning process is 
repeated [27]. 

Compute the Hessian matrix H and invert it

Train a reasonably large network to 
minimum error

Calculate the saliency of all weights

Delete the weight with smallest saliency

Update the remaining weights using 
1 1/ [ ]q q qqw w e   H H

2 2( ) /E  H w w

Satisfy the stopping criteria,
return the network

Retrain the network

2 1/ (2[ ] )q q qqL w  H

 

Fig.73. The process flow chart of OBS 
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3.2.8.1.2  Group Method of Data Handling Network (GMDH) 

The algorithm is based on a multilayer structure using the general form, which is referred to 
as the Kolmogorov-Gabor polynomial [36]. The structure of GMDH network is shown in 
(Fig.74). 

0
1 1 1 1 1 1

m m m m m m

i i ij i j ijk i j k
i i j i j k

y a a x a x x a x x x
     

            Eq.(47) 

Where, the external input vector is represented by  1 2, ,X x x  , y  is the corresponding 

output value, and ia , ija ,and ijka  are coefficients. The polynomial equation represents a full 

mathematical description. The whole system of equations can be represented using a matrix 
form as shown below: 

( )y f X       Eq.(48) 

Where, 
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    Eq.(49) 

 

 

Fig.74. Structure of a GMDH network 

The output of a neuron with three inputs as shown in (Fig.75) can be expressed by a partial 
polynomial, for example as given in (Eq.48). 

0 1 1 2 2 3 3 4 1 2 5 1 3 6 2 3

2 2 2 3 3 3
7 1 8 2 9 3 10 1 2 3 11 1 12 2 13 3 ...

y a a x a x a x a x x a x x a x x

a x a x a x a x x x a x a x a x

      

       
   Eq.(48) 
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Fig.75. A neuron of a GMDH network with three inputs 

 

3.2.8.1.3  Data Description and Processing 

The data used to train the neural networks consists of multiple sets of time series, each set 
corresponding to a break size, and each set containing the individual time-series of the 
different measured variables [6 & 7]. For illustration, (Fig.76) shows the time series of the 
pressure in north inlet header under six different conditions. It is apparent that the inlet header 
pressure first increases and then decreases rapidly when the LOCA occurs. The larger the 
break size, the faster the change speed and the lower the pressure value. The amplitude of 
pressure exhibits fluctuation while decreasing. The pressure values of break sizes between 
60% and 200% are quite similar during the first few seconds of LOCAs. Due to the 
fluctuation and the high similarity for the first few seconds, it is difficult to distinguish the 
different break sizes by amplitude especially at the early stage of LOCAs. 
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Fig.76. The pressure in north inlet header for different break sizes (normal, 
20%, 60%, 100%, 120%, and 200%) 

 

3.2.8.1.4  Modelling and Testing Process 

The modelling and testing process is presented in (Fig.77). The procedure runs N times to 
reduce the randomness induced by the initialization of weights and the split of the data sets 
into training, validation and test data sets. A value of N=50 is used in this work as it provides 
an acceptable balance between computational load and accuracy of the mean values. The data 
is divided into three groups, 70% for training, 15% for validation and 15% for testing. Only 

95



 

the testing results are employed for performance analysis (this is unseen data during training 
process). 

Save results

Organize the training data for the 5 tests

N times?

Robustness measurement
(        and       )

Yes

No

LOCA transient data

Initialize the 
neural network

Interpolation pre-processing?

Interpolation 

Training data
(70%)

Validation data
(15%)

Testing data
(15%)

Train the neural 
network

Testing

No

Yes

mR 
 

Fig.77. Data processing flowchart 

 

3.2.8.1.5 Leave-one-out Method 

In machine learning, the leave-one-out cross-validation method [39] uses a single observation 
from the original sample as the test data, and the remaining observations as the training data. 
This is repeated so that each observation in the sample is used once as the test data. Inspired 
by the classical leave-one-out cross validation method, in this work we have used a testing 
method that we called leave-one-out training/testing, where we leave out from the training 
and validation sets all the 37 time-series corresponding to one particular break size, but the 
testing set includes the data corresponding to the break size which was left out, as well as 
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unseen samples from all other break sizes. In other words, we only leave out one break size in 
the training and validation sets while the testing data includes data corresponding to all break 
sizes. All the data sets for training are listed in (Table.34). Test 1 is applied to train the 
normal models for blind case validation and Test 2 to Test 5 is applied to train the models 
that are used for robustness comparison. 

 

Table.34. List of training data sets 

Test No. Training sets 
1 All available break sizes 
2 Leave out 20% break 
3 Leave out 60% break 
4 Leave out 100% break 
5 Leave out 120% break 

 
3.2.8.1.6 Interpolation Pre-Processing 

The training data sets are only available for a limited number of break sizes as shown in 
(Table.34). This causes robustness issues, as the resulting neural network models are not very 
accurate for predicting unseen break sizes. With the aim of improving robustness, we propose 
to use interpolation to generate data sets for additional break sizes for neural network 
training. The interpolated data is not as accurate as the data generated from a high-fidelity 
simulator, but it helps improving the robustness of neural network models. For each 
interpolated break size, the time-series for every measured variable is interpolated between 
two adjacent break sizes.  
 
For the leave one out tests, the interpolation should be based on the remaining data sets after 
leaving out the data set for a particular break size. The remaining break sizes and interpolated 
break sizes for all tests are listed in (Table.35). 

 

Table.35. The interpolated break sizes 

Test Left out break size (%) Remaining break sizes (%) Interpolated break sizes (%) 
1  0, 20, 60, 100, 120, 200 10, 40, 80, 110, 160 
2 20 0, 60, 100, 120, 200 15, 30, 45, 80, 110, 160 
3 60 0, 20, 100, 120, 200 10, 40, 60, 80, 110, 160 
4 100 0, 20, 60, 120, 200 10, 40, 75, 90, 105, 160 
5 120 0, 20, 60, 100, 200 10, 40, 80, 125, 150, 175 
 

To make the results comparable, the total number of remaining break sizes and interpolated 
break sizes is the same for all the tests, so the number of break sizes included in the training 
data of each test is the same.   
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Overall, our criterion for selecting the interpolated sizes is that a new generated break size 
can split the interval between two adjacent break sizes equally. If the break sizes 
are (1)sB , (2)sB ,.., ( )sB n  , the interpolated break size can be calculated as: 

 ( ) [ ( ) ( 1)] / 2, 1, 1sn s sB i B i B i i n     ……………….Eq.(49) 

Therefore, the new break size list is (1), (1), (2), (2), ( 1), ( 1), ( )s sn s sn s sn sB B B B B n B n B n  . 

For the leave one out tests, the selection of interpolated break sizes is the same with Test No. 
1 for the intervals unrelated to the left-out break size. Taking the case leaving out 20% break 
size as an example (see Test No. 2 in (Table.35), the interpolated break sizes 80%, 110%, and 
160% represent the average of the two adjacent break sizes within the range from 60% to 
200%. In order to keep the total number of break sizes uniform, three break sizes are 
interpolated within the range [0 60]. These three break sizes (15%, 30%, and 45% in Test 2) 
are selected to split the range [0 60] into four equal parts.  
 
Two well-known interpolation methods were applied in this study: linear interpolation and 
cubic spline interpolation.  
 

3.2.8.1.7 Linear Interpolation  

Assume we are given a set of data points 1 1( , ), ( , )n nx y x y  where 1 nx x      and 

( ), 1:i iy f x i n  . The piecewise linear interpolant is built upon the local linear interpolants as 

 ( ) ( )i i i iL x a b x x    ……………………... Eq.(50) 

where for 1: 1i n   the coefficients are defined by i ia y  and 1
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Note that ( )iL x  is just the linear interpolant of f  within the interval 1[ , ]i ix x  . Then define 
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 ……... …………………Eq.(51) 
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Fig.78. Illustration of the transient data 

(Fig.78) illustrates an example of linear interpolation. Continuous curves represent original 
data. Dotted curves represent interpolated data by linear interpolation. As shown in the 
graphs, one break size is interpolated between two adjacent sizes. (Fig.78(b)) is an enlarged 
detailed graph of the rectangular area in (Fig.78(a)) and it can be clearly seen that the 
interpolated points are in the middle of the corresponding points in two adjacent sizes. With 
the interpolated datasets, there are more break sizes that can be used for neural network 
training. Our experience is that neural networks have good performance in predicting break 
sizes that are included in the training data set, but performance is less good for unseen break 
sizes that are not close to break sizes in the training data set. Our hypothesis is that by 
reducing the gaps between break sizes in the training data sets, the proposed interpolation 
technique will help to improve the robustness and generalization performance of the neural 
network. 
 

3.2.8.1.8 Cubic Spline Interpolation  

Cubic splines are piecewise cubic functions with continuous first and second derivatives. 
Cubic spline approximants offer a reasonable balance between the smoothness of polynomial 
approximants and the flexibility of linear spline approximants, and typically produce good 
approximations for both the function and its first and second derivatives. The interpolated 
value at a query point is based on a cubic interpolation of the values at neighboring grid 
points in each respective dimension [37, 38 & 40]. 

99



 

If we are given the n  data points 1 1( , ), ,( , )n nx y x y  in an increasing order, where ix  is 

distinct, the cubic spline ( )S x  through the data points 1 1( , ), ,( , )n nx y x y  will be a set of cubic 

polynomials: 
2 3

1 1 1 1 1 1 1 1 1 2
2 3

2 2 2 2 2 2 2 2 2 3
2 3

1 1 1 1 1 1 1 1 1

( ) ( ) ( ) ( )

( ) ( ) ( ) ( ) ( )

( ) ( ) ( ) ( )n n n n n n n n

S x y b x x c x x d x x if x x x

S x S x y b x x c x x d x x if x x x

S x y b x x c x x d x x if x x x      

         
         


        

     Eq.(52) 

With the following conditions (known as properties): 
( )i i iS x y  and 1 1( )i i iS x y   for 1, , 1i n       Eq.(53) 

This property guarantees that the spline ( )S x  interpolates the given data points. 

1( ) ( )i i i iS x S x   for 2, , 1i n       Eq.(54) 

( )S x  is continuous on the interval 1[ , ]nx x ; this property forces the slopes of neighboring 

parts to agree when they meet. 

1( ) ( )i i i iS x S x   for 2, , 1i n       Eq.(55) 

( )S x  is continuous on the interval 1[ , ]nx x , which also forces the neighboring spline to 

have the same curvature, to guarantee the smoothness. Two end conditions (not-a-knot): 

1 2 2 2( ) ( )S x S x  , 2 1 1 1( ) ( )n n n nS x S x          Eq.(56) 
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Fig.79. Illustration of the transient data (Continuous cures represent original 
data; Dotted curves represent interpolated data by linear interpolation) 
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(Fig.79) illustrates an example of cubic spline interpolation. As shown in the figure, one 
break size is interpolated between two adjacent sizes. (Fig.79(b)) shows an enlarged graph of 
the rectangular area in (Fig.79(a)). Some of the interpolated points are not in the middle of 
the corresponding points in two adjacent sizes, which is different with linear interpolation. 
Given that the high fidelity model employed to generate the LOCA signals is nonlinear, we 
have used the cubic spline interpolation to provide a comparison against the linear 
interpolation technique. 
 
3.2.8.1.9  Parameters for Initial Networks 
For the 1-hidden layer MLP, there are 15 neurons in the hidden layer. For the 2-hidden layer 
MLP, there are 19 neurons in the first hidden layer and 26 neurons in the second hidden 
layer. In the GMDH modelling, the structure is optimised by the method. There are 586 
weights in the fully-connected 1-hidden layer MLP. The minimum number of weights is set 
to 400, so there are 186 weights pruned at most to guarantee the accuracy of modelling [41].  
For the GMDH method, the maximum number of inputs for each neuron is 3, the degree of 
polynomials is 3, and the maximum number of neurons in a layer is 7 [41].  
 
3.2.8.1.10  Robustness Measure 
The prediction results from the different models studied are presented in terms of mean 
square error (MSE) of the prediction as discussed earlier.  
 
3.2.8.2 Simulation Study of the Investigated Architectures  
3.2.8.2.1 Comparing the Testing Results with and without Interpolation Pre-Processing 
(Fig.80-82) show the results for the 2-hidden layer MLP architecture where the training has 
been performed with three different kinds of data: original data, original data plus linear 
interpolation data, and original data plus cubic interpolation data. The blue lines in the graphs 
indicate the targets and the red dotted lines denote the outputs of neural networks. Only the 
test results are presented and used for calculating the robustness measure. 
 
(Fig.80(a)) shows the results from the network trained with data of all break sizes. From five 
leave-one-out tests in (Fig.80(b)-(e)), we can observe that the differences between outputs 
and targets for the break sizes left out during training are larger than that between outputs and 
targets when a particular break size is present in the training set by a factor of between            
1.5 and 17. The same behavior can be observed for the results shown in (Fig.81) and (Fig.82).  
Comparing the results in (Fig.80-82), we can observe that the MSE values of the             
leave-one-out tests for the networks trained with interpolation pre-processing are shown in 
(Fig.81) and (Fig.82) are smaller than the corresponding networks trained without 
interpolation pre-processing as shown in (Fig.80). The worst-case performance measure 
values mR  are also much smaller with interpolation pre-processing than without it by a factor 

of around 0.3. From the results in (Fig.80-82), it can be concluded that the interpolation          
pre-processing is effective in improving the LOCA break size prediction performance of 
neural networks.  
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Fig.80. Results from the 2-hidden layer MLP, without 
preprocessing, 0.011mR   
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Fig.81. Results from the 2-hidden layer MLP (with linear interpolation pre-
processing, 0.0035mR  ) 
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Fig.82. Results from the 2-hidden layer MLP (with cubic spline interpolation 
pre-processing, 0.0030mR  ) 

 

3.2.8.2.2 Comparing the Testing Results before and after OBS Pruning 

In this section, we compare the performance of the fully-connected 1-hidden layer MLP and 
the OBS pruned 1-hidden layer MLP. The results are obtained using linear interpolation           
pre-processing because this approach provided the best performance as discussed in the 
previous subsection. 
 
(Fig.83 & 84) show the results for the fully-connected 1-hidden layer MLP and the pruned         
1-hidden layer MLP network respectively. Comparing the outputs in the two figures, we can 
observe that there is less fluctuation with the pruned networks than with the corresponding 
fully-connected neural networks. Particularly, the predictions when leaving out 20% break 
size shows an improved performance after pruning. The worst value of the robustness 
measure mR  for the pruned network is significantly smaller by a factor of 0.07 than the 

corresponding value obtained with the fully-connected network. This is because the OBS 
pruning can improve the generalization performance of neural networks. In conclusion, it can 
be said that the OBS pruning is useful for improving the robustness of break size predictions. 
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Fig.83. Results from the fully-connected 1-hidden layer MLP (with linear 
interpolation pre-processing, 0.042mR  ) 

 

Fig.84. Results from the pruned 1-hidden layer MLP (with linear 
interpolation pre-processing, 0.003mR  ) 

104



 

3.2.8.3  Testing Results from GMDH 

(Fig.85) shows the results from the GMDH networks trained with linear interpolation               
pre-processing. There is more fluctuation in the outputs compared to the MLP networks. 
However, the MSE values are larger than those obtained with the 2-hidden layer MLP 
network trained with linear interpolation pre-processing by a factor of between 2.4 and             
6.9.  

 

Fig.85. Results from the GMDH networks (with linear interpolation pre-
processing, 0.019mR  ) 

3.2.8.4  Comparison of Models   

In this section, we compare the overall performances of the different architectures and               
pre-processing methods for predicting the break size in LOCA. Each network architecture 

was trained N=50 times and the robustness measure mR  was calculated according to the 

method described earlier. The robustness comparison results from four different architectures 

investigated in this study are shown in (Table.36). The GMDH approach has the smallest mR  

value, which means this architecture yielded the best robustness. The   value for the GMDH 
network is slightly larger than the fully-connected 1-hidden layer MLP and the pruned                

1-hidden layer MLP. Both mR  and   values of the pruned 1-hidden layer MLP are smaller 

(by a factor of around 0.85) than the corresponding fully-connected network, which indicates 
that the OBS pruning algorithm was able to improve the robustness and consistency of the 
neural network.  
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Table.36. Results from the networks without interpolation pre-processing 

 Architecture 
Robustness 

measure 
Fully-

connected 
MLP 
1 HL 

Pruned MLP 
1 HL 

MLP 
2 HL 

GMDH 

mR  0.0180 0.0147 0.0331 0.0236 

  0.0115 0.0100 0.0153 0.0111 
 

(Table.37) presents the test results from networks trained with the linear interpolation              
pre-processing method. Compared to the results in (Table.36) (training with original data 

only), both mR  and   values for all the networks trained with interpolation pre-processing 

are much smaller (by a factor of between 0.17 and 0.55), which indicates that the robustness 
and consistency have been significantly improved. Therefore, the linear interpolation              

pre-processing can improve both the robustness and consistency of the models. The mR  value 

of the pruned 1-hidden layer MLP is slightly smaller (by a factor of 0.85) than the 
corresponding fully-connected network. The 2-hidden layer MLP has a slightly better 
performance than the pruned 1-hidden layer MLP, which is different from the results from 

neural networks without interpolation pre-processing. In this case, GMDH has the largest mR  

value, so that the performance improvement brought by the linear interpolation                        
pre-processing for GMDH networks was not as good as for the other three types of networks. 

 

Table.37. Results from the networks with linear interpolation pre-processing 

 Architecture 

Robustness 
measure 

Fully-
connected 

MLP 
1 HL 

Pruned MLP 
1 HL 

MLP 
2 HL 

GMDH 

mR  0.0095 0.0081 0.0057 0.0171 

  0.0100 0.0098 0.0042 0.0046 
 

(Fig.38) shows the test results from networks trained with the cubic spline interpolation         

pre-processing method. Both the mR  and   values are smaller compared to the results from 

networks trained with the original data only, and smaller than the linear interpolation results 
(Table.37) as well. Therefore, it can be concluded that the cubic interpolation pre-processing 
can also improve the prediction accuracy and consistency and better than the linear 
interpolation pre-processing approach. The 2-hidden layer MLP has better performance than 
the pruned 1-hidden layer MLP, which is similar to the results with linear interpolation         

pre-processing. GMDH still has the largest mR  value. 
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Table.38. Results from the networks with cubic spline interpolation pre-processing 

 Architecture 

Robustness 
measure 

Fully-
connected 

MLP 
1 HL 

Pruned MLP 
1 HL 

MLP 
2 HL 

GMDH 

mR  0.0073 0.0071 0.0049 0.0084 

  0.0047 0.0062 0.0034 0.0011 
 

From the results in (Table.36-38), it can be concluded that both linear and cubic spline 
interpolation pre-processing approaches can improve the robustness and consistency of 
models for break size predictions. The performance improvements achieved with the cubic 
spline interpolation pre-processing method were clearly better than those obtained with the 
linear interpolation pre-processing method. Amongst all the models trained with cubic spline 

pre-processing approach, the 2-hidden layer MLP model has the smallest mR  value while the 

GMDH model has the smallest   value. This means that the 2-hidden layer MLP model 
trained with cubic spline pre-processing has the highest robustness and the GMDH model has 
the best consistency. 
 

3.2.8.5  Validation of the Models with Blind Cases 

To compare the prediction performance of the developed models, validation studies were 
carried out with three blind cases, which are transients corresponding to particular unseen 
break sizes. Blind case 1 has a break size value of 50%, case 2 has a break size value of 75%, 
and case 3 has a break size value of 160%. Each of these three cases was applied as an input 
to the trained networks, and the resulting outputs were obtained for performance analysis. 
The trained networks had the following four architectures: 2-hidden layer MLP,               
fully-connected 1-hidden layer MLP, pruned 1-hidden layer MLP, and GMDH network. 
Three types of pre-processing were applied separately for each architecture, so there are 
twelve types of models in total, with the details of these models listed in (Table.39). Each 
model type was trained 50 times separately, with all available break sizes (20%, 60%, 100%, 
120%, 200%), and the best performing model was selected for each of them according to the 
value of the MSE and based on the unseen test data. For the purposes of the analysis 
discussed in this section, the outputs from the best models found for each architecture and 
pre-processing type are shown separately in (Fig.86 & 87). Finally, the best pre-processing 
type is selected for each architecture and the final results are selected for comparison. To 
show the results clearly, the outputs of the best performing models are plotted using red 
color. 
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Table.39. Description of the models 

Model No. Architecture Pre-processing  
1 

Fully-connected 1-hidden layer MLP 
No interpolation 

2 Linear interpolation 
3 Cubic spline interpolation 
4 

Pruned 1-hidden layer MLP  
No interpolation  

5 Linear interpolation 
6 Cubic spline interpolation 
7 

2-hidden layer MLP 
No interpolation  

8 Linear interpolation 
9 Cubic spline interpolation 
10 

GMDH 
No interpolation  

11 Linear interpolation 
12 Cubic spline interpolation 

 
(Fig.86) shows the prediction results from the fully-connected 1-hidden layer MLP models 
(model 1 to 3) with three different pre-processing methods. (Fig.86(a)) compares the outputs 
for the blind case 1, which has a break size of 50%. All the outputs of the three models are 
around 50%, which means that all of the three models can predict the break size of the blind 
case 1, but the outputs from Model 1 and model 2 have more fluctuation than Model 3, 
especially for the samples 100 to 200. Therefore, model 3, which applies the cubic spline 
interpolation pre-processing approach, is more accurate for predicting blind case 1 than the 
other two models, as it has the smallest MSE value. (Fig.86(b)) compares the outputs for the 
blind case 2, which has a break size of 75%. The outputs of the three models are relatively 
close to the targets, which mean they can predict the blind case 2 correctly. Model 2 and 
model 3 has similar MSE values which are smaller than that of model 1, which shows that the 
models trained with the interpolation pre-processing approach can predict blind case 2 more 
accurately than the model trained without interpolation pre-processing. (Fig.86(c)) compares 
the outputs for blind case 3, which has a break size of 160%. The outputs from the three 
models exhibit significant fluctuation with blind case 3. Model 2 and 3 have smaller MSE 
values than model 1.  
 
From the comparison in (Fig.86), it can be concluded that the fully-connected 1-hidden layer 
MLP models trained with interpolation pre-processing approach produced more accurate 
prediction results for the blind cases than the models trained without interpolation                     
pre-processing. 
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Fig.86. Prediction results from the fully-connected 1-hidden layer MLP 
models 

Model 1: Training without interpolation pre-processing (orange) 
Model 2: Training with linear interpolated data (purple) 
Model 3: Training with cubic spline interpolated data (red) 
 

(Fig.87) shows the prediction results from the pruned 1-hidden layer MLP models           
(model 4 to 6) with three different pre-processing methods. The three models can predict the 
break size for blind cases 1 and 2 with good accuracy, while there is significant fluctuation in 
the predictions for blind case 3, which is similar to the case of the fully-connected 1-hidden 
layer models. It is apparent that the predictions of model 4 and 5, which are trained without 
interpolation pre-processing and linear interpolation pre-processing, respectively, have been 
improved significantly for blind case 1 and exhibit less fluctuation, compared to the              
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fully-connected case. The pruned 1-hidden layer MLP models trained with interpolation            
pre-processing yield more accurate predictions for the blind cases than the corresponding 
models trained without interpolation pre-processing. 
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Fig.87. Prediction results from the pruned 1-hidden layer MLP models 

Model 4: Training without interpolation pre-processing (orange) 
Model 5: Training with linear interpolated data (purple) 
Model 6: Training with cubic spline interpolated data (red) 
 

(Fig.88) shows the prediction results from the blind cases from the 2-hidden layer MLP 
models (model 7 to 9) with three different pre-processing methods. The outputs from the 
three models are relatively smooth compared to those from the fully-connected and pruned    
1-hidden layer MLP models. The outputs have a little fluctuation in the middle for blind case 
1 and at the beginning for blind case 2. In particular, there are large peaks in the first 20 
samples of the outputs for blind case 3, which makes the MSE values much higher than those 
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for blind case 1 and 2. Comparing the MSE values of the three models for the blind cases 1 
and 2, models 8 and 9, which were trained with interpolation pre-processing, yield lower 
MSE values than model 7, which was trained without interpolation pre-processing. However, 
for blind case 3, the models trained with interpolation pre-processing have slightly higher 
MSE values than the model trained without interpolation pre-processing.  

 

Fig.88. Prediction results from the 2-hidden layer MLP models 

Model 7: Training without interpolation pre-processing (orange) 
Model 8: Training with linear interpolated data (purple) 
Model 9: Training with cubic spline interpolated data (red) 
 

(Fig.89) shows the prediction results from the GMDH models (Models 10 to 12) with three 
different pre-processing methods. The outputs of GMDH models can predict the break sizes 
of blind cases but their accuracy is not as good as the other architectures considered here 
because their outputs exhibit much larger fluctuation. Model 12, which was trained using 
both original data and cubic spline interpolated data, has the smallest MSE out of the three 
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blind cases, compared to models 10 and 11, and the corresponding mean MSE is the smallest 
as well.  

 

Fig.89. Prediction results from the GMDH models 

Model 10: Training without interpolation pre-processing (orange) 
Model 11: Training with linear interpolation processing (purple) 
Model 12: Training with cubic spline interpolation processing (red) 
 

A comparison of the twelve neural network models using MSE values is shown in (Table.40). 
The MSE value for each blind case and the mean MSE value for the three blind cases, which 
indicates the overall prediction accuracy, are shown for the performance comparison. 
Comparing the overall prediction performance, the model trained with cubic spline                 
pre-processing has smaller mean MSE values for each architecture, which means they have 
better prediction accuracy. This is consistent with the simulation study presented in previous 
section. Therefore, four models trained with cubic spline pre-processing                        
(models 3, 6, 9 and 12) are selected for further prediction performance comparisons. 
Although both the fully-connected and pruned 1-hidden networks yielded the best overall 
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prediction accuracy during the blind case validation, using the parsimony principle the 
pruned 1-hidden network model is to be preferred as it is simpler than the fully-connected 
one. Therefore, model 3 is kept for further processing. 
 
The mean MSE value of model 6 is slightly smaller than the mean MSE of models 9 and 12. 
Therefore, the pruned 1-hidden network model (model 6) has the best overall prediction 
accuracy out of the four architectures. Comparing the prediction accuracy of those three 
models for each blind case, model 9 has smaller MSE values for two smaller break sizes 
(which are 50% and 75%) than the other two models by a factor of around 0.5. But for the 
large break size (which is 160%), model 6 and model 12 have much smaller MSE values than 
model 9 by a factor of about 0.55, which influence the mean MSE of the three blind cases.  
In conclusion, the pruned 1-hidden network model (model 6) has the best overall prediction 
accuracy, the 2-hidden layer MLP (model 9) has the best prediction accuracy for smaller 
break sizes (blind cases 1 and 2), and the other two models (models 6 and 12) have the best 
prediction accuracy for the large break size (blind case 3). 

 

Table.40. Comparison the prediction performance of all the models based on blind 

cases 

Model 
No. 

Architecture 
Interpolation  

pre-processing 

MSE 
Mean MSE  Blind 

case 1 
Blind 
case 2 

Blind 
case 3 

1 Fully-
connected 1-
hidden layer 

MLP 

No 0.0069 0.0036 0.0213 0.0106 
2 Linear  0.0075 0.0019 0.0060 0.0051 

3 Cubic spline  
0.0014 0.0021 0.0041 0.0025 

4 Pruned  
1-hidden 

layer MLP 

No 0.0046 0.0033 0.0235 0.0105 
5 Linear  0.0027 0.0009 0.0080 0.0039 
6 Cubic spline  0.0012 0.0020 0.0042 0.0025 
7 

2-hidden 
layer MLP 

No 0.0062 0.0015 0.0069 0.0048 
8 Linear  0.0029 0.0004 0.0085 0.0039 
9 Cubic spline  0.0008 0.0011 0.0074 0.0031 
10 

GMDH 
No 0.0027 0.0050 0.0110 0.0062 

11 Linear  0.0024 0.0035 0.0107 0.0055 
12 Cubic spline  0.0019 0.0028 0.0042 0.0030 
 

3.2.8.6  A Combined Diagnostic Model 

From the simulation study, the GMDH model trained with cubic spline pre-processing, which 
corresponds to model 12, has the best consistency. From the blind case validation in previous 
subsection, the GMDH models also have good prediction accuracy for the blind cases. From 
the blind case validation results, the pruned 1-hidden layer MLP trained with cubic spline 
pre-processing (model 6) has the best overall prediction performance, the 2-hidden layer 
MLP trained with cubic spline pre-processing (model 9) has the best prediction accuracy for 
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small break sizes, while model 6 and model 12 exhibit high prediction accuracy for the large 
break size. Attempting to improve the results obtained with individual models, we propose a 
combined model that integrates these three models together to obtain higher prediction 
accuracy and good robustness. The schematic diagram of the combined model is shown in 
(Fig.90). 
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MLP

GMDH 
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Inputs
Model 

Synthesis
Outputs
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12y
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Fig.90. Schematic diagram of the combined model 

The output of the combined model is calculated as a convex combination of the outputs of the 
three models: 

6 6 9 9 12 12y w y w y w y        Eq.(57) 

such that  

6 9 12 1w w w         Eq.(58) 

Where, y is the output of the combined model, y6 is the output of model 6, y9 is the output of 
model 9, y12 is the output of model 12, and w6, w9 and w12 are the break size dependent 
weights, as discussed below. Given that the model outputs are restricted to the range            
[0, 200%], the convex combination ensures that the combined model output remains within 
the same range. Note that the range of the weights is [0, 1]. 
 
The weight of model 9 is chosen to have large values for small break sizes and small values 
for large break sizes. A linear function is chosen to represent the desired weight dependency: 

9
9 1

200

y
w  

     Eq.(59) 

The weights of model 6 and model 12 are chosen to have small values for small break sizes 
and large values for large break sizes. Given the constraint, w6 and w12 are calculated as 
follows:  

6 12 9(1 ) / 2w w w        Eq.(60) 

The steps for calculating the output of the combined model are as follows: 

(1) Calculate the outputs of the three diagnostic models 6y , 9y  and 12y . 
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(2) Limit the outputs range of each model: if 0, set 0i iy y   

and if 200, set 200i iy y  ; i= 6, 9, 12. 

(3) Determine weight 9w  using (Eq.59), and the weights w6, w12 using (Eq.60) 

(4) Calculate the output of the combined model y using (Eq.58). 
(Fig.91) shows the comparison of the results from the combined model with those from the 
three selected models. It is apparent that the outputs of the combined model for each blind 
case are smoother than those of any individual model, which yields smaller MSE values.  
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Fig.91. Comparison of the results from the combined model with those from 
the three selected models 

Model 6: OBS pruned 1-hidden layer MLP with cubic spline interpolation pre-processing 
(purple) 
Model 9: 2-hidden layer MLP with cubic spline interpolation pre-processing (orange) 
Model 12: GMDH network with cubic spline interpolation pre-processing (cyan) 
The combined model (red) 
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The prediction accuracy of the combined model using the MSE values for the three blind 
cases is shown in (Table.41). Comparing the MSE values of the combined model to those of 
models 6, 9 and 12 given in (Fig.91), we can see that the MSE values of the combined model 
for the three blind cases are smaller than the corresponding values for of the three models. 
The mean MSE value of the combined model is smaller than that of model 6, which has the 
best mean MSE out of models 6, 9 and 12, by a factor of 0.56. Therefore, the combined 
model yields good prediction accuracy for all the blind cases. 
 
Although other ways of selecting the weights could be envisaged, it is clear that this type of 
convex combination can improve the results when compared with the individual models. 

 

Table.41. Prediction performance of the combined diagnostics model 

Architecture 
MSE 

Mean MSE  Blind 
case 1 

Blind 
case 2 

Blind 
case 3 

Combined 
model 

0.0007 0.0009 0.0028 0.0014 

 
3.2.8.7  Discussion  

This study has presented a methodology on the robustness of diagnostic models for predicting 
the break size in loss of coolant accidents in nuclear power plants. A robustness measure 
inspired by the leave-one-out cross-validation method has been applied to compare the 
robustness and consistency of different neural network architectures. Moreover, to deal with 
the difficulty that the training data is only available for a limited number of break sizes, an 
interpolation pre-processing method is introduced to generate the additional approximated 
data for additional break sizes. The robustness and prediction performance of four types of 
architectures have been investigated using simulated data described in [5], with different pre-
processing approaches for each architecture. The simulation study shows that the 
interpolation pre-processing approach is effective in improving the robustness of a neural 
network based LOCA break size predictions. The 2-hidden layer MLPs trained with cubic 
spline interpolation pre-processing exhibited the best robustness, while the GMDH models 
trained with cubic spline interpolation pre-processing exhibited the best consistency and good 
prediction accuracy for blind cases. Furthermore, the models were validated with blind cases, 
and the results indicated that the models trained with interpolated data have better prediction 
accuracy than those without interpolation pre-processing when using the same architecture, 
which is consistent with the robustness study. Finally, a combined diagnostics model based 
on three of the best performing models studied is proposed, and the combined model has been 
shown to have better prediction accuracy than any of the individual diagnostics models 
studied in this work. 
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3.2.9  Uncertainty Quantification Methods for Neural Networks Pattern Recognition 

This study proposes a comparison between two different approaches for the uncertainty 
quantification of neural networks. The first of these techniques is based on error estimation 
by series association (EESA) scheme, the second method relies on a Bayesian model 
selection (BMS) technique. The efficiency of the two approaches is analysed through their 
application to a nuclear power plant fault diagnosis and compared in terms of accuracy and 
computational costs. 
 
3.2.9.1  Error Estimation by Series Association 
The EESA method [42] aims to quantify simultaneously Ann’s errors caused by both the 
modeling and the input dissimilarity. This task is accomplished implementing, alongside the 
aforementioned advisor ANN, an error predictor network to assess generalization errors. 
Such secondary network is trained to estimate the error affecting the output of the primary 
ANN while the advisor ANN provides in output the diagnosis of the system state, the error 
prediction ANN output consists of an estimate of the error associated with such diagnosis. 
The two networks are identically designed (in terms of number of layers and weight 
connections) but differs for the number of input given n input for the advisor network, the 
error prediction network will have a number of input variables equal to n+1. Indeed, the 
training set for the secondary ANN can be derived from the initial training input of the 
advisor ANN with the addition of the advisor ANN output and, for verification purposes, the 
value of the error understood as the difference between the output provided by the advisor 
and the true value available from the dataset. In light of this, the error predictor network 
designed by using the EESA approach can reveal the abnormal behaviour of the primary 
ANN as well as verify the quality of the advisor network training since the output of the 
diagnostic network is incorporated together with inputs to estimate errors.  
 

3.2.9.2  Bayesian Model Selection 

The second approach [43] adopted in this study focuses on the inner variability of the training 
process and aims to exploit such feature in order to obtain robust ANN response. Indeed, 
networks with identical structures and trained adopting the same dataset result in different 
models (i.e. ANNs with identical structure but different weights). This is mainly due to the 
random initialization of the weights in the training process and leads to the implementation of 
ANNs characterized by different performance and hence output accuracy. In order to 
maximize the accuracy of the model response, it is common practice to select the best ANN 
among those trained on the same dataset on the basis of its performance on the validation set. 
Nevertheless, there is no guarantee that the best-performing ANN on the validation dataset 
would provide the best results also on new and unseen data; moreover, the criterion behind 
the identification of the best ANNs relies on the comparison of the R2 values associated to 
the trained ANNs: such approach is recognized to have major limitations, such as the 
impossibility of determining whether the prediction computed is biased or whether the 
regression model is adequate. In other word, a good model can be associated with a lower R2 
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value than a model that does not fit the data of interest. In order to address these issues, the 
approach adopted introduces a model selection procedure based on Bayesian statistics. Given 
a set of ANNs sharing an identical structure, the method can be roughly summarised in the 
following steps: 
1.   Computation of the Bayesian posterior probability associated with each network given the 

specific training dataset adopted. 
2.  Selection of the best ANN on the basis of the probability previously computed (i.e. 

identification of the ANN of the initial set with the higher posterior probability given the 
training dataset). 

     3.   Estimation of the adjustment factor through model averaging technique. 
4.   Computation of the expected value and variance of the robust prediction on the basis of 

the previously identified adjustment factor. 
 

3.2.9.3  Case Study 

The model analysed in the current study refers to a multilayer neural network for the 
detection and diagnosis of LOCAs, namely the failure of the cooling system of a pressurized 
water reactor. The dataset available for the training and validation of the network consists of 
the sampling of 37 signals from instrument readings which hence represent the input of the 
ANN implemented [6 & 7]. The structure adopted for the ANN is a fully connected multi-
layer network trained adopting the well-known back propagation algorithm. 
 
The available data set was split into two subsets, one dedicated to training and containing 
70% of the overall data, the other used for validation and including 30% of the initial data. 
The aim of such model is to identify the severity of the LOCA on the basis of the instrument 
signals. The main goal of the ANN is then to recognise the pattern drawn by the input signals 
in time and to provide, on the basis of this information, the severity of the break in output. 
This is quantified in terms of break size, expressed in comparison with the double-ended 
rupture of the largest pipe in the reactor coolant system. For instance, a 200% break indicates 
the free discharge of the primary coolant from both the broken ends of the main pipe (this is 
generally considered the worst accident that can occur in main PHT loop). The dataset 
available covers a range of break sizes equal to 20%, 60%, 100% and 200%.  
 

3.2.9.4  Results 

The EESA method has been applied to 50 identical ANNs in order to take into account the 
output variability due to the random initialization of the weights in the training process. The 
results obtained are shown in (Fig.92). The output of the primary ANN (in blue in the graph) 
captures the general trend of the experimental data (in red in the graph). Nevertheless, the 
error bounds identified with the EESA method present, in all cases analysed, evident 
fluctuations and include the true experimental data only 62.8% of times for the                       
best-performing network, and less than 45% for the worst-performing network. The Bayesian 
model selection approach has been applied to four ANN sets characterized by a different 
number of networks (i.e. 50, 25, 10 and 5 networks), in order to estimate the impact of such 
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parameter on the overall performance and to link this latter to the required computational 
time. As shown in (Table.42), the 95% confidence bounds obtained with the Bayesian model 
selection approach include the true value of the output for all the validation data analysed 
when considering a set of 50 networks (Fig.93). The accuracy of the results decreases slightly 
when adopting sets with a lower number of networks but remaining over 90% for sets of           
25 as shown in (Fig.94) and 10 ANNs in (Fig.95). 

 

 

Fig.92. Results for the EESA Approach 

The results related to the application of the Bayesian approach to a set of only 5 networks, 
shown in (Fig.96), present an accuracy of 62.5%, thus similar to that previously obtained in 
the best case of the EESA approach. Similarly, the computational time required for the 
Bayesian approach using 5 networks is of the same order of magnitude of that required by the 
EESA approach, as shown in (Table.42). Conversely, the computational time increases for 
the 10 and 25-network sets, reaching a value of 0.7672 s, hence ten times higher than that 
required by the EESA method, for the set of 50 networks (hence for a 100% accuracy). 
Nevertheless, the computational power remains under 1s in all cases considered and could be 
easily reduced implementing a parallel computing approach since the Bayesian model 
selection method is highly parallelizable. 

 

Table.42. Comparison between the two approaches 
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Fig.93. Results for the Bayesian Averaging approach with 50 NNs and 95% 
confidence bounds 

 

 

Fig.94. Results for the Bayesian Averaging approach with 25 NNs and 95% 
confidence bounds 
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Fig.95. Results for the Bayesian Averaging approach with 10 NNs and 95% 
confidence bounds 

In order to take into account the capability of generalization of the two approaches, a          
leave-out validation procedure has been implemented. In more details, the training of the 
networks was carried out on the initial database excluding the data associated with 60% break 
size. The models obtained were then applied on the remaining data, including the 60% break 
size data previously omitted. The results of such validation are presented in (Table.43) and 
highlight a greater performance drop for the Bayesian model selection approach: only the 
ANNs with 50 and 25 networks provide and output accuracy over 90% (the first being very 
close to 100%) while the use of only 5 networks reduces the performance to an accuracy of 
35:7%. Nevertheless, these results appear to be fairly better than those obtained with the 
EESA approach, whose accuracy remains under 25% for the leave-out validation 
implemented. 
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Fig.96. Results for the Bayesian Averaging approach with 5 NNs and 95% 
confidence bounds 

On a different note, it is worth to highlight that the mean square error (MSE), calculated for 
the advisor network for both the approaches implemented as shown in (Table.42), reaches its 
maximum value for the best-performing network of the 50-net set. This does not necessarily 
suggest the unsuitability of such indicator for classifying the performance of the network, but 
does highlight how the computation of confidence bounds by the Bayesian model selection 
approach ensures reasonably accurate results even when the best-performing network in the 
set is characterized by a quite high mean square error. 

 

Table.43. Comparison between the two approaches for leave-out validation 

 

 

3.2.9.5  Discussion  

The study focuses on the use of ANNs for the on-line detection and diagnosis of LOCAs in a 
nuclear reactor. Two different approaches for the quantification of the uncertainty affecting 
the output of the ANN diagnostic model are implemented and compared in order to identify 
the best strategy to enhance the robustness of the diagnostic tool developed. The first method, 
known as Error Estimation by Series Association, allows predicting the error associated with 
the output of the primary ANN through the use of a secondary ANN specifically trained for 
such task. The results indicate that the confidence bounds identified with the EESA method 
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include the true value of the output (i.e. the true break size) only for a number of cases 
between 44% and 63%, percentages that drop dramatically when considering unseen data   
(i.e. in the case of leave-out validation as shown in (Table.43)). On the other hand, the 
method based on the use of a Bayesian model selection technique (hence training a set of 
ANNs sharing the same structure) ensures a better performance, with values of the accuracy 
equal to 100% when using 50 networks and comparable to the EESA results when using only 
5 networks. Moreover, when considering unseen data, the drop of accuracy for the Bayesian 
model selection approach results quite limited. Nevertheless, the second approach results 
slightly more demanding than the EESA method in terms of computational time, even if this 
drawback could be easily overcome adopting parallel computing techniques. 
 

3.3  Advanced Models for Radioactivity Release Prediction 

3.3.1  Source Term Prediction by Bayesian Networks, Support Vector Machine and Neural 

Networks 

This work proposes an integrated framework for early prediction of expected source-term for 
the large break LOCA scenarios in 220 MWe Pressurized Heavy Water Reactors (PHWRs) 
using ANNs. Several networks with forward and reverse configuration of hidden layer were 
tried to arrive at an optimal network for this problem. As the range of the input data was 
significantly large, a data transformation to a logarithmic scale was also performed to 
improve the efficiency and accuracy in prediction. Study also demonstrates the performance 
of ANN model with the presence of noise in the input signals to determine the robustness of 
the developed model. 
 
3.3.1.1  Introduction 

Source-term is the amount and nature of the radioactive material released from a nuclear 
facility following a severe accident. Source-term indicates information about the actual or 
potential releases of radioactive material from a given source which may include a 
specification of the amount, the composition, and the rate and mode of release. The 
probability of a major event at nuclear facilities leading to the release of large quantities of 
radioactivity into the environment is always ensured to be negligibly small. However, even in 
the event of a major release into the environment, the prompt and effective implementation of 
countermeasures can reduce the radiological consequences for the public [44]. The response 
action post-accident scenario in a nuclear facility is the responsibility of the emergency 
preparedness team. This team will first calculate the hazard consequences due to such a 
scenario. Safety intervention is then done to reduce the radioactivity release to the public 
domain. Brusque knowledge of source term is very relevant in safety applications of the 
reactor. It can be considered as a preliminary stage for accident consequence evaluation. It is 
also handy for planning of accident mitigation and the assessment of safety features taken 
[45-48].  
 
A particular accident scenario known as loss of coolant accident (LOCA) and the consequent 
source term release prediction has been considered in this study. LOCA generally occurs due 

123



 

to a break initiation in the coolant channel. Commencement of such a break at inlet header 
leads to a sudden depressurization of the primary heat transport (PHT) system. Several 
reactor trip/instrumented signals will be activated one after the other in a short period of time. 
Sequence of actuation of trip signals largely depends upon the break size and location of the 
event. Once a trained diagnostic system is actually accustomed with this behaviour of trip 
signals, it can then predict the real time LOCA event based on these signals. Another 
prediction system known as the prognosis system can take inputs from this LOCA scenario 
and also available inputs from containment pressure and temperature sensors to predict the 
source term release into the environment. The prognosis part is considered in detail in this 
work and the source term release has been predicted. 
 
The overall system as block diagram is shown in (Fig.97). The diagnosis part will take inputs 
from various instrumented signals from COIS and predict the LOCA scenario in picture. The 
prognosis part will take inputs from the diagnostic part and also from pressure and 
temperature sensors at various points in containment to predict the source term release into 
the environment. Since the major release will be in the form of four radioactive elements 
namely, Iodine, Caesium, Xenon and Krypton, they will collectively form the output part of 
the system. 

 

Fig.97. Block diagram of source prediction system 

In this study, artificial neural network is employed to correctly predicts any given accident 
scenario that has occurred and ultimately relates it to the radioactivity spread to the 
environment. Here, the  parameter sequence are characterized by various input parameters 
collected from sensors and the considered accident scenario is LOCA which may leads to the 
release of radioactivity into the environment. The main performance criteria influencing this 
undertaking are the generalization ability of the method and time taken before accurate 
prediction of the event. Generally speaking, transient identification can be regarded as a 
pattern recognition problem of various input instrumented signal parameters. Any transient 
starts from steady-state operation of the reactor. So,when an abnormal event occurs, the 
monitoring sensors registers a varied pattern than the usual ones. These patterns are 
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supposedly unique with respect to the type and severity of the accident, as well as to the 
initial conditions. In our case we can further define this pattern recognition of sensors to a 
classification problem for calculating the radioactivity release to the environment.  
 
3.3.1.2  Methodology 
The foremost requirement of an ANN based data driven system is the modelling of desired 
output. This system being used for the prediction of source term, the output parameters were 
defined accordingly. The total dose emission to the environment of four major radioactive 
elements namely Iodine, Caesium, Xenon and Krypton were defined as output parameters. 
The input feature selection process was based on their significant variation in their signal 
transforms when a radioactivity spread occurs due to LOCA. A total of 14 input feature 
parameters were selected for the system. Pressure and temperature signals from 5 different 
points of the containment were taken as the major input parameters and the rest being, 
elapsed time, percentage of break, location and the engineering safety features controlling the 
radioactivity release. Percentage break due to LOCA and its location was taken from the 
existing diagnostic system. Block diagram of the framework developed is shown in (Fig.98). 

 

Fig.98. Block diagram of Source term prediction system 

Simulated instantaneous data (per second wise) of the radioactivity release from the 
containment of the 4 output parameters were calculated and then matched with their 
corresponding 14 input parameters for obtaining the training and testing files for the neural 
network. A total of 172800 datasets were taken for the learning phase of the network. The 
appropriate selection of input output parameters are an important factor in neural networks 
algorithm. The spread of each input parameter distribution is more important than the number 
of parameters, because it decides the full range possibility of output.  
 
The major challenge during the study was processing of featured data for the network 
algorithm. Vast records of instantaneous data features up to 48 hrs were generated from 
simulated studies. It was recognized that the release data was stagnant after 12 hrs and thus 
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the initial data was reduced to 12 hrs. The idea of instantaneous prediction of radioactivity 
release was first envisaged. But its usage in a real time scenario was found out to be minimal. 
A future prediction model was found to be a superior choice for such a scenario. Hence, a 
cumulative per hour wise prediction of the four radioactive elements up to 12 hrs was 
considered as final output. 
 
Large variation in the output data without following any specific pattern as shown in (Fig.99) 
was a major concern. The variation was in terms of 108 for Iodine and 106 for Caesium. The 
ranges of the input and output values of the fission products are shown in (Table.44 & 45) 
respectively.  

 

 

Fig.99. Large variation of output data 
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Table.44. Minimum and Maximum input values 

Input 
data 

range 

P1 
(Pa) 

P2 
(Pa) 

P3 
(Pa) 

P4 
(Pa) 

P5 
(Pa) 

T1 
(°K) 

T2 
(°K) 

T3 
(°K) 

T4 
(°K) 

T5  
(°K) 

Break 
(%) 

Elapsed 
time 
(Hr) 

Break 
location 

Safety 
function 
actuation 

status 
Min 

Value 
101.35 101.35 101.35 101.35 101.35 305.37 305.37 305.37 305.37 305.37 75 1 0 0 

Max 
Value 

185.21 185.16 185.14 101.39 173.62 392.04 378.81 364.95 305.42 351.55 200 12 1 1 
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Table.45. Minimum and Maximum values of output data 

 
 
 
 

 
The feasibility of any network to accurately predict this large variation from a comparatively 
lesser deviated input was found to be difficult. To overcome this, the output values were then 
converted to their logarithmic values. The distribution spread of the logarithmic output 
reduced drastically and was in comparison of the input deviations. For a superior prediction 
system, it is important to have output deviation in comparison with the input deviation. 
Prediction system will not be able to produce better accuracy if the output is varying 
drastically with small deviation in input values. So conversion of the output spread to 
logarithmic scale has drastically improved the efficiency of the neural network system.  
 
The Artificial Neural Networks comprises of a large number of strongly connected neurons 
arranged in a particular fashion. The different neurons are interconnected each other creating 
different layers. The feed forward architecture is the most commonly adopted format in all 
related studies on other fields [49-51]. So in this work we have also used that format to find 
out the radioactive release to the environment. The network can be trained to give a desired 
pattern at the output, when a corresponding input data set is applied. The learning phase is 
accomplished with a large number of input and output target data. The training algorithm 
used in this study is the Back-propagation algorithm. The initial output pattern is compared 
with the desired pattern and the weights are adjusted by the algorithm to minimize the error. 
The iterative process finishes when the error becomes minimum. Full range of possible 
results was presented to the learning network for improving its prediction ability. 
 
The number of layers to be used and the number of neurons in each layer is not known prior 
and is estimated by trial and error method. Each network was then compared for their average 
RMS error, to select the best network using BIKAS simulator [10]. In this work, this was 
calculated based on a systematic method of three phases. At each phase, a fixed number of 
iterations were considered with different neuron combinations in a progressive way.  
(a) First Phase: In this phase, a fixed number of 5000 iterations were used for all the possible 
network structures developed with one and two hidden layer networks. This phase was then 
again divided into three stages based on hidden layers. 
(i) One hidden layer: All one hidden layer network structures starting a single hidden neuron 
to 15 neurons were compared for a fixed iteration of 5000, in this stage. (Fig.100) shows the 
results of this stage. It is understood from the figure that, there is no specific pattern for error 
reduction in terms of the network architecture. It follows a random path and can’t be pre-
decided. This proves that, trial and error is the only method for finding the network 
architecture. 

Output data range  Cesium 
(Bq) 

Iodine 
(Bq) 

Krypton 
(Bq) 

Xenon 
(Bq) 

Min Value 9.09E+07 2.35E+06 2.83E+06 2.44E+08 
Max Value 2.82E+13 5.05E+14 5.01E+12 4.22E+14 

128



 

14
-2

-4

14
-3

-4

14
-4

-4

14
-5

-4

14
-6

-4

14
-7

-4

14
-8

-4

14
-9

-4

14
-1

0-
4

14
-1

1-
4

14
-1

2-
4

14
-1

3-
4

14
-1

4-
4

14
-1

5-
4

0 .05

0.06

0.07

0.08

0.09

0.10

0.11

0.12

0.13

 

 O ne h idden layer netw orks

R
M

S
 e

rr
o

r

Netw ork architecture  

Fig.100. Comparison of one hidden layer networks 

(ii) Two hidden layers (Forward direction): A total of 23 network structures as in (Fig.101) 
with two hidden layers in forward direction were tried in this phase.  Here forward direction 
means that the first hidden layer is having more number of neurons than the second one. 
Different permutation and combinations were tried in this selection and their outputs were 
then compared accordingly. Randomness of the error with respect to network architecture is 
very clear in this scenario also.  
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Fig.101. Comparison of two hidden layer networks in forward direction 

(iii) Two hidden layers (Reverse direction): Here the first hidden layer is having less number 
of neurons than the second one. Hence, the name reverses direction. Eight such cases were 
compared for their RMS error for 5000 iterations. Comparison chart is shown in (Fig.102). 
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Fig.102. Comparison of two hidden layer networks in reverse direction 

(b) Second Phase: All network structures in the first phase were compared and the 6 selected 
ones, with least error were taken up for the second phase. These selected architectures were 
run for 10000 iterations. RMS error of each networks for this much iterations was then found 
out. This was then compared for arriving at the final stage. 
(c) Third Phase: At the end of second phase, two architectures with minimum errors were 
finalized. Evaluation of this two for minimum error was carried out in the last phase of 50000 
iterations, and the final network architecture was selected. The neuron network configuration 
finalized for this study is 14-13-4 with a minimum RMS error of 0.045134. This architecture 
consists of 14 neurons in input layer, one hidden layer with 13 neurons in it and an output 
layer consisting 4 neurons as outputs. Final network architecture and its error comparison 
with iterations are shown in (Fig.103) and (Fig.104) respectively. 

 

Fig.103. Architecture  

 

Fig.104. Final network architecture 

The characteristic parameters of the networks, like the weight change factor, learning rate    
co-efficient etc., are the user defined values for each networks.  In this study, these 
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parameters were kept constant throughout, for even comparison of all architectures. The 
values used are 0.7 for learning rate parameter and Max and Min weight change factor being 
1.2 and 0.5 respectively. 
 

3.3.1.3  Results  

The framework developed is to predict the source term release to the environment using ANN 
algorithm, when a LOCA scenario occurs inside the containment of a pressure reactor. To 
reach at such a model, various network structures were tried and tested and the one with 
minimum error has been selected as the final architecture. Calculation of the actual source 
term release in case of an accident scenario is an extreme computationally intensive task. The 
trained and tested model was then used for prediction of random scenarios. 
 
After the selection of suitable network architecture and its training procedure, the network 
was then tasked to produce predictions of random scenarios. Eleven random input scenarios 
with known output data were fed to the system for target prediction. The output obtained was 
then compared with the desired source term data for all the four radioactive elements. The 
predicted output was exactly matching to the desired output for all the four cases.               
(Fig.105-108) represents the comparison graph of the predicted and desired values of various 
fission products. The actual computed values of fission products with corresponding 
percentage error are shown in (Table.46).  

0 2 4 6 8 10 12

7

8

9

10

11

12

13

14

15

 

 Desired I
 Predicted I

Io
di

ne
 (

B
q

) 
(L

og
ar

it
hm

ic
 s

ca
le

)

Random break scenarios  

Fig.105. Desired and predicted values of Iodine 
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Fig.106. Desired and predicted values of Caesium   
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Table.46. Percentage error of source-term prediction 

Random 
Scenarios 

Break 
Size 
(%) 

Elapsed 
Time 
(Hr) 

IODINE CAESIUM KRYPTON XENON 
Actual 
Value 
(Bq) 

Predicted 
Value 
(Bq) 

Error 
(%) 

Actual 
Value 
(Bq) 

Predicted 
Value 
(Bq) 

Error 
(%) 

Actual 
Value 
(Bq) 

Predicted 
Value 
(Bq) 

Error 
(%) 

Actual 
Value 
(Bq) 

Predicted 
Value 
(Bq) 

Error 
(%) 

1 75 6 1.06E+09 1.04E+09 1.56 3.33E+09 3.24E+09 2.85 2.13E+08 2.10E+08 1.55 1.83E+10 2.04E+10 11.34 
2 75 12 3.53E+09 3.36E+09 4.82 7.26E+09 7.31E+09 0.71 7.26E+08 7.93E+08 9.21 6.16E+10 5.61E+10 8.90 
3 100 5 1.55E+07 1.70E+07 9.87 2.42E+08 2.40E+08 0.99 2.03E+07 2.09E+07 3.16 1.74E+09 1.31E+09 24.69 
4 100 11 2.74E+07 2.54E+07 7.14 2.92E+08 3.15E+08 7.90 3.85E+07 3.88E+07 0.80 3.25E+09 3.48E+09 7.11 
5 120 4 2.52E+07 2.55E+07 1.11 3.44E+08 3.56E+08 3.38 1.47E+07 1.64E+07 11.2 1.26E+09 1.21E+09 4.23 
6 120 10 5.14E+07 5.08E+07 1.25 5.40E+08 5.10E+08 5.61 3.13E+07 2.93E+07 6.38 2.65E+09 2.58E+09 2.67 
7 160 3 1.64E+14 1.64E+14 0.08 2.44E+13 2.35E+13 3.77 1.54E+12 1.62E+12 5.29 1.32E+14 1.44E+14 8.75 
8 160 9 4.05E+14 3.98E+14 1.61 2.71E+13 2.75E+13 1.51 3.96E+12 3.84E+12 2.99 3.35E+14 3.24E+14 3.14 
9 200 2 3.21E+13 3.38E+13 5.34 1.57E+13 1.51E+13 3.95 5.68E+11 5.13E+11 9.65 4.89E+13 5.40E+13 10.41 
10 200 8 1.11E+14 1.01E+14 8.78 1.77E+13 1.71E+13 3.32 2.03E+12 1.87E+12 7.89 1.72E+14 1.59E+14 7.60 
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3.3.1.4  Effect of Noise 

In a practical source term prediction problem, the probability of the sensor data input 
containing noise is not negligible. So, it is important that the model is robust to give better 
accuracy even in the presence of noise. Both the pressure and temperature inputs were added 
with 1%, 2%, 5% and 10% fixed noise respectively and their effect on predicted output was 
studied. It was found out that the RMS error increased with the addition of noise, but its 
overall effect on the system was found to be minimal. Pressure and temperature signals from 
different containment positions were considered for this study. 
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Fig.107. Desired and predicted values of Krypton 

 

0 2 4 6 8 10 12

6

7

8

9

10

11

12

13

14

15
 Desired Xe
 Predicted Xe

X
en

on
 (

B
q

) 
(L

og
ar

it
h

m
ic

 s
ca

le
)

Random break scenarios  

Fig.108. Desired and predicted values of Xenon  

It is important to consider strategic input values which have got maximum weight age in 
output decision making for this study. It was found out that the pressure at point 5 and 
temperature at point 1 has got large variations and affects the outputs phenomenally. Noise 
was added to these points and the system behaviour to this, was found. (Fig.109 &110) shows 
the effect of adding noise to pressure and temperature inputs respectively. RMS error 
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increases with addition of noise in a limited manner in the system. Up to 1% noise addition 
has got negligible effect on both pressure and temperature inputs. The system is capable of 
predicting accurate source terms even in noisy input scenarios, which explains the robustness 
of the system.  

1% 2% 5% 10%
0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

0.45

0.50

 With Noise
 Without Noise

R
M

S
 e

rr
o

r

Noise (%)

Pressure

 

Fig.109. Effect of noise in the Pressure signal  
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Fig.110. Effect of noise in the Temperature signal  

3.3.1.5  Discussion   

The goal of future prediction of four radioactive elements release to the environment during 
LOCA scenario has been achieved by this model with reasonable error. It was also found that 
the system was having a dynamic response with better accuracy to all the random scenarios 
given for prediction. The effect of noise in input data was also studied in detail and the error 
in prediction was found to be minimal. This explains the robustness of the system and its 
ability to work with better accuracy in any accident scenario. With proper training, it is 
understood that the system is capable of producing accurate results. 

135



 

The present system is catered for only LOCA type scenarios. All other accident scenarios and 
their respective effect on the environment can be developed as a deep learning model as an 
extension of the same frame work. Source term release prediction cases of different accident 
scenarios can be developed individually and then added on to this existing system. It is 
pertinent to mention that the study so far was very satisfactory and result yielding. Further 
advancement of this model will be considered in future. 
 

4. DETERMINATION OF ROBUST MODELS 

4.1  Introduction  

This chapter mainly deals with the determination of robust models from the previously 
discussed models. Several transient identification models have been developed by UK 
universities in addition to the models by BARC. These models have been studied and 
compared each other in terms of prediction accuracy, efficiency and robustness. A 
comparison of the models is presented in this chapter. 
 

4.2  Blind Case Analysis  

The blind case exercises have been carried out in the range from small break to larger break 
and the performance has been evaluated. The all the models have been analysed with the 
same type of blind break scenarios. The blind case exercise has also been applied on the 
models trained with the interpolated data. 
 

4.3  Robustness Measures 

The important measures considered in evaluating the models are mainly the root mean 
squared errors (RMSE). In few cases, the standard deviation of the RMSE is also considered 
in evaluating the performance.  
 

4.4  Optimal Model Selection  

In this section, a comparison of the models is presented. Based on the performance, the 
models have been categorized with respect to the break size. (Table.47) shows the 
comparison of all the models developed under SMART project. 
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Table.47. Comparison of the models 

Sl. 
No. 

Model Description    Remarks  

1 Resilient 
backpropagation 
neural network model 

This model is a two hidden layer 
neural network based on resilient 
backpropagation training 
algorithm. The has been developed 
to predict the large break LOCA 
scenarios in both reactor inlet and 
outlet header taking into account 
the availability or unavailability of 
ECCS, i.e. the model effectively 
has to predict three outputs. 

The RMSE of a model 
for a 200% break in 
reactor inlet header with 
the availability of ECCS 
is 4.84 and that for 20% 
break is 2.365 
respectively. 

2 A three-stage neural 
networks model 

The proposed methodology trained 
60 MLPs (30 1-hidden layer MLPs 
and 30 2-hidden layer MLPs) on 
the transient dataset and trained 
100 2-hidden layer MLPs on the 
transient dataset added with the 
linear interpolation dataset to find 
an optimised 2-hidden layer MLP. 
The optimised 2-hidden layer 
MLP of this work tends to have 
better generalization performance 
than the optimised MLP of 
exhaustive training. 

The RMSE of a best 
performing model for a 
200% break is 2.84 and 
for 20% break is 0.8 
respectively. 

3 Fourier transform 
based neural network 
model 

Several networks are proposed in 
this work. The mean RMSE of 
Network1 is much smaller than 
that of network2, network3, 
network4 and network5. 
Therefore, network1 can detect 
LOCA more accurately than the 
other 4 networks. 

The RMSE of a best 
performing model for a 
200% break is 0.233 and 
for a 20% break are 
3.849 respectively. 

4 Optimal neural 
network model with 
noisy data  

The detection accuracies of the 13 
networks are studied in this work. 
The network with 11 hidden nodes 
is the optimal network with the 
highest accuracy of 98.5% on the 
test set. The network with 19 
nodes has the same accuracy of 
98.5% as the optimal network but 
the former has 8 more hidden 

For the break sizes 60%, 
100%, 120% and 200%, 
the optimal network 
achieved over 95% 
accuracy with the 
highest accuracy of 
99.2% for 60% and 
200% break sizes. An 
accuracy of 100% is 
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nodes than the latter. achieved for 20% break 
case. 

5 Random search 
algorithm based neural 
network model 

A 3 stage algorithm has been 
proposed in this work. In stage 
one, a number of 2-hidden layer, 
3-hidden layer and 4-hiddden layer 
network architectures are created 
using a constraint satisfaction 
algorithm called random walk 
heuristic. Then, an optimised  
2-hidden layer network, an 
optimised 3-hidden layer network 
and an optimised 4-hidden layer 
network are chosen from these 
architectures by training and 
testing the architectures on the 
transient dataset and a linear 
interpolation dataset containing the 
break sizes not present in the 
transient dataset. In stage two, 
each of the optimised networks is 
trained and tested iteratively 200 
times on the transient dataset to 
further improve its performance. 
In stage three, the optimised 
networks are combined into a 
neural network ensemble (NNE) 
using a weighted meaning 
approach. The NNE has a better 
and more stable performance than 
the individual optimised neural 
networks in detecting break sizes. 

The RMSE of NNE 
model for a 200% break 
is 0.285 and for a 20% 
break is 0.102 
respectively. 

6 A constraint-based 
genetic algorithm for 
optimizing neural 
network architectures 

The Genetic Algorithm based 
neural networks are proposed in 
this work. The GA was run for 300 
generations. The GA-optimised 
network is the best network with 
the highest performance. Having 
obtained the GA-optimised 
network, the break sizes 2.5%, 5%, 
7.5%, 10%, 12.5%,. . ., 195% and 
197.5% which are missing in the 
break size dataset, were generated 

The RMSE of the GA 
optimized network for a 
200% break is 4.972 and 
for a 20% break is 0.9 
respectively. 
 
The RMSE of the GA 
optimized network with 
interpolation data for a 
200% break is 1.446 and 
for a 20% break is 0.473 
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using linear interpolation and 
retrained the GA optimized 
network with this additional data. 

respectively. 

7 Optimal brain surgeon 
algorithm, Group 
method of data 
handling, Adaptive 
neuro-fuzzy inference 
neural network models 

This work proposes a simple 
method for measuring the 
robustness of diagnostic models 
for predicting the break size. 
Robustness metric is proposed 
based on the leave-one-out 
approach and the mean squared 
error resulting from a diagnostics 
model. Four different diagnostic 
models namely, a fully connected 
multi-layer perceptron with two 
hidden layers, a multi-layer 
perceptron with one hidden layer 
that is pruned using the optimal 
brain surgeon (OBS) algorithm, a 
group method of data handling 
(GMDH) neural network, and an 
adaptive network based fuzzy 
inference system (ANFIS). It was 
observed that the GMDH network 
is the most robust architecture 
amongst the investigated 
approaches. It is also evident from 
the results that the OBS pruning 
method is able to improve the 
robustness of fully connected 
single-layer MLP neural network. 

The average RMSE of 
the best performing one 
layer fully connected 
OBS pruned network is 
0.169. 

8 A combined model for 
predicting the break 
size 

A combined diagnostic model 
consisting of two or more different 
types of neural networks is 
proposed to improve the 
robustness of neural networks to 
untrained break sizes. It is 
apparent from the study that the 
outputs of the combined model for 
each blind case are smoother than 
those of any individual model, 
which yields smaller MSE values. 
This means that the combined 
model yields more accurate 

The average RMSE of 
the combined model is 
0.0529. 
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predictions for the trained break 
sizes than any individual model.  

9 Diagnostic models 
with interpolation data 

In this study, an interpolation pre-
processing method is investigated 
and shown to be effective to 
further improve the capability of 
neural networks for robustly 
predicting the break size of a loss 
of coolant accident. Both linear 
interpolation and cubic spline 
interpolation are studied as 
alternatives for the pre-processing 
approach. The performance of 
models developed with and 
without interpolation pre-
processing are compared with the 
previously proposed robustness 
metric. Moreover, three blind 
cases are introduced to evaluate 
and compare the performance of 
the diagnostic models. Finally, a 
combined diagnostic model is 
proposed based on three different 
architectures to obtain high 
prediction accuracy and good 
robustness. 

The average RMSE of 
the combined model is 
0.0374. 

10 Uncertainty 
quantification 
methods for neural 
networks pattern 
recognition 

This study proposes a comparison 
between two different approaches 
for the uncertainty quantification 
of neural networks. The first of 
these techniques is based on error 
estimation by series association 
(EESA) scheme, and the second 
method relies on a Bayesian model 
selection (BMS) technique. The 
efficiency of the two approaches is 
analysed through their application 
to a nuclear power plant fault 
diagnosis and compared in terms 
of accuracy and computational 
costs. The EESA method aims to 
quantify simultaneously network 
errors caused by both the modeling 

The RMSE of the EESA 
approach with a leave-
out case of 60% is 0.219 
and that of BMS 
approach is 0.563 
respectively. 
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and the input dissimilarity. The 
BMS approach focuses on the 
inner variability of the training 
process and aims to exploit such 
feature in order to obtain robust 
network response. 

11 Source term prediction 
by Bayesian networks, 
support vector 
machine and neural 
networks 

This work proposes an integrated 
framework for early prediction of 
expected source-term for LOCA 
scenarios using computational 
intelligence techniques. Several 
networks with forward and reverse 
configuration of hidden layer were 
tried to arrive at an optimal 
network for this problem. As the 
range of the input data was 
significantly large, a data 
transformation to a logarithmic 
scale was also performed to 
improve the efficiency and 
accuracy in prediction. Study also 
demonstrates the performance of 
ANN model with the presence of 
noise in the input signals to 
determine the robustness of the 
developed model. 

The percentage error for 
the predicting the Iodine, 
caesium, Krypton and 
Xenon for 75% break 
are 1.56, 2.85, 1.55 and 
11.34 respectively.  
 
The percentage error for 
the predicting the Iodine, 
caesium, Krypton and 
Xenon for 200% break 
are 8.78, 3.32, 7.89 and 
7.6 respectively. 

 
It is observed from above comparison that a few models are robust and accurate for even 
large break prediction which is a significant improvement towards transient identification. 
The blind case analysis carried out on the above models also indicates a good performance of 
these newly developed models for transient prediction. The concept of combined model by 
integrating several individual models is found to be a successful method for predicting the 
break size. The techniques such as short time Fourier transform, optimal brain surgeon, 
adaptive neuro fuzzy have significantly improved over the traditional computational 
intelligence techniques to solve the LOCA break size prediction problem in a more efficient 
manner. Uncertainty estimation is an important aspect of any prediction, therefore it is 
important to mention that the methods based on EESA and BMS approach for determining 
the bounds gives confidence in the prediction results.  
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5  CODES AND SOFTWARE TOOLS DEVELOPED UNDER SMART PROJECT  

5.1  Introduction 

During the course of development of computational models for transient prediction and 
source term release prediction, several commercial tools and in-house codes have been used 
in this project. The common tools used are the tool boxes for neural networks, genetic 
algorithms, COSSAN-X [52-54] tool by University of Liverpool, BIKAS [10] neural network 
simulator by BARC. 
 

5.2  Codes for Neural Network Models 

Apart from employing the commercial tools for model development for LOCA prediction and 
release evaluation, computer code has also been developed for the framework such as 
combining a few best performing ANN models to arrive a more accurate model.  
 

5.3  Code for UKF Algorithm for Dose Rate Prediction  

A complete code has been developed for implementing the unscented Kalman filter (UKF) 
technique for dose rate prediction. The code has been validated with the simulated 
measurements of radiation monitors. The working model of the UKF implemented via 
Simulink is shown in (Fig.111). 

 

Fig.111. The working model of UKF  

The simulated dose rates of six detectors and the corresponding estimated dose rates from the 
UKF are shown in (Fig.112) and (Fig.113) respectively. The estimated dose rates are well 
comparable with the simulated measurements. Also, the performance of the filter is quite 
satisfactory with respect to real-time prediction.  
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Fig.112. The simulated dose rates 

 

Fig.113. Estimated dose rates  

5.4  SMARTool 

As part of the development of models, a software tool known as SMARTool [55] has been 
developed. All the presented methods and the novel approaches proposed in the current study 
have been implemented in an open source toolbox named SMARTool. The SMARTool 
contains procedures and scripts used to identify and train ANN architectures adopting the 
Machine Learning Toolbox, while the pruning of the one hidden layer architecture has been 
performed adopting the NNSYSID toolbox. The NNSYSID is a toolbox for the identification 
of nonlinear dynamic systems with artificial neural networks which implements several 
algorithms for ANN training and pruning. The interface of SMARTool with several modules 
is shown in (Fig.114) and a typical screen shot of SMARTool for data creation is shown in 
(Fig.115). 
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Fig.114. Interface of SMARTool 

 

Fig.115. Data creation in SMARTool 

The SMARTool toolbox provides the adaptive Bayesian model averaging method, dataset 
organization and re-population methods (i.e. for linear and cubic spline interpolation as well 
as for Gaussian mixture sampling) and dedicated uncertainty quantification techniques, such 
as the error estimation for series association. In addition, the SMARTool can also access the 
advanced uncertainty quantification techniques provided by OpenCossan. The methods 
available in the toolbox include: 
createSMARTdataset: this method allows to organize the available experimental data into 
subsets for calibration, test and validation purposes, according to user’s size preferences. 
Further options provide the enrichment of the available dataset through interpolation (either 
linear or cubic spline) or sampling techniques adopting Gaussian mixture random models. 
applyBMS: this method applies the Bayesian Model Selection technique. This latter can be 
regarded as a particular case of the adaptive BMS methodology: it relies on the use of crisp 
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posterior probability values instead of continuous distributions for the characterization of the 
networks performance and hence the definition of the robust model response as well as for 
the identification of the associated confidence values, which can be specified by the user. The 
algorithm performs the implementation of the ANN models through the                  
Levenberg-Marquardt training algorithm when provided with calibration dataset, while it 
directly applies the Adaptive Bayesian Model Selection approach to the data of interest if the 
ANN set is already available. 
applyEESA: this method allows the application of the Error Estimation by Series 
Association methodology Such approach allows to predict the error associated with the 
output of a primary ANN through the use of a secondary ANN specifically trained for such 
task. The tool provides the implementation of the primary and secondary network upon the 
specification of the model architecture and calibration dataset, as well as the application of 
existent models to the data of interest. For further details about the implementation of the 
method and the comparison between the EESA and BMS approach performance. 
applyABMS: this algorithm implements the Adaptive BMS methodology. User defined 
options include the choice of model for prior and posterior probability distributions                
(i.e. uniform or empirical and Gaussian mixture or empirical respectively). As for the 
applyBMS method, the algorithm can either provide the training and implementation of the 
ANNs according to the calibration dataset and model architecture provided or use existent 
ANN sets. 
 
The SMARTool prediction results with bounds for BMS and EESA approaches for various 
break sizes are shown in (Fig.116) and (Fig.117) respectively. 
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Fig.116. SMARTool prediction for various break sizes with BMS 
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Fig.117. SMARTool prediction for various break sizes with EESA 
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6. CONCLUSIONS

Under the Indo-UK collaborative project funded by EPSRC and DAE, several computational 
models based on artificial neural networks, genetic algorithms, Kalman filter, Bayesian 
approach have been developed for LOCA identification and radioactivity release prediction 
from the NPPs. It is observed from (Table.47) that a few models such as Random search 
algorithm, Constraint based GA with interpolation data, Optimal brain surgeon algorithm, 
Group method of data handling, and Combined model are robust and accurate for large break 
prediction which is a significant contribution under this project. The blind case analysis 
results also indicate a good performance of these newly developed models for transient 
prediction. The concept of combined model is also found to be a successful method for 
predicting the break size. The techniques such as short time Fourier transform, optimal brain 
surgeon, adaptive neuro fuzzy have significantly helped the classical techniques to solve the 
break size prediction problem more efficiently. It is also evident from the study that the 
neural networks are capable of predicting the source term release for various break scenarios 
in a real-time manner. The computer code implementing the UKF is useful for estimating the 
dose rates for various break scenarios. Uncertainty estimation is essential for any reliable and 
trustful prediction, therefore it is important to mention that the methods based on EESA and 
BMS approach for determining the bounds gives confidence in the prediction results. 

The SMARTool is an open source collection of computational tool freely available. The tool 
is very general having the features for creating the training, testing and validation datasets for 
various single or combined models for predicting the break scenarios. It also enables to add 
new models or configure the existing models in a user-friendly manner.  

During the development of various computational intelligence models, the work has been 
presented in various conferences and workshops. This work has also been published in 
several peer reviewed journals. 
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