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ABSTRACT 

Instrumentation and control (I&C) is a key element to research reactor (RR) safety 
responsible for control actions involving startup, power regulation and shutdown as well as 
abnormal condition management. Unfortunately, system obsolescence that is frequently 
accompanied by spare part unavailability may result in operational problems and extended 
reactor shutdown periods. In addition, novel requirements imposed by nuclear regulatory 
bodies along with updated technical specifications may necessitate the installation of 
supplementary instrumentation components and the adoption of modern I&C 
implementations. Formulating the I&C blueprint in a new facility or improving an ageing 
installation requires careful consideration. To that end, a review of studies employing 
paradigms of computational intelligence implementations is presented and their application 
environment in various RRs is illustrated.  

1 INTRODUCTION 

The IAEA research reactor database identifies 160 operational or temporary shutdown 
installations that achieved criticality more than 40 years ago1 and 103 operational or 
temporary shutdown facilities that achieved first criticality 40 years ago or less.2 While a 
number of installations have been subjected to modifications and upgrades to achieve higher 
neutron fluxes there are still facilities operating with parts and components of the original 
I&C infrastructure installed during the initial construction.  

Apart from obsolescence or ageing I&C modernization may originate from reactor 
renovation and upgrading, maintainability and reliability improvement, new utilization or 
experiments, as well as safety enhancements [1]. In that framework, significant technical 
advances in electronics and computer technology that have occurred since the early I&C 
implementations in RRs offer major functionality and performance improvements at 
significantly reduced expenditure. While low cost equipment of enhanced performance is 
suitable for adoption by the RR community, improved human-machine interfaces and on-line 
monitoring applications mandate a level of sophistication and reliability that can be met by 
the increased use of digital technologies. In that respect, IAEA has identified that: “From a 
technological viewpoint, developments in computers, such as in artificial intelligence, neural 
networks and display systems, have created opportunities for operator support that were not 
available in the past” [2]. The quest for I&C modernization has introduced novel concepts 

                                                 
1 https://nucleus.iaea.org/RRDB/Content/Age/AgeHigh.aspx, accessed in August 2015 
2 https://nucleus.iaea.org/RRDB/Content/Age/AgeLow.aspx, accessed in August 2015  
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that extend well beyond current implementations. Advanced computational tools such as 
genetic algorithms (GAs) could be employed in future nuclear power plant control 
applications while the potential of fuzzy logic (FL), artificial neural networks (ANNs) and 
their complementary utilization in the form of neuro-fuzzy systems have been studied for 
various applications in nuclear environments [3]. 

The progress of digital I&C systems during the last decades has led to their integration 
in a number of industries that include the nuclear sector. Contemporary I&C implementations 
have increased plant efficiency and productivity with regard to their old analog counterparts 
while maintaining – or even enhancing – its safety. Operational and safety requirements in an 
RR environment can be fulfilled via the increased use of digital computers. Thus, designing 
the improvement of I&C equipment in ageing RRs or selecting the proper components in a 
new facility requires thorough deliberation of all issues involved [4]. In that respect, 
computational intelligence applications that involve ANNs and learning systems, fuzzy sets, 
evolutionary computations as well as hybrid implementations are examined under the prism 
of I&C aspects addressed in different RRs. Focus has been placed on the application 
environment with emphasis laid on the proposed approach rather than the technologies 
selected. In the following section studies involving the aforementioned computational 
techniques are discussed – to the extent possible – while the pertinent technical details may be 
found in the references listed. The last section draws conclusions from the work presented and 
discusses subjects related to the field. The present work outlines issues examined in the 
framework of the project entitled: “Assessment of Regional Capabilities for New Reactors 
Development Through an Integrated Approach – ARCADIA.” 

2 I&C IMPLEMENTATIONS 

In nuclear infrastructures there is an increasing need for integrated process automation 
that includes not only process control but also tasks such as performance monitoring and 
diagnosis. The complexity level associated with these tasks has stimulated research for novel 
methods employing techniques that mirror human reasoning and/or involve nature inspired 
problem solving approaches. While a computational method may fit a certain task in a 
particular installation it may be an unsuitable selection for another. However, the 
combinatorial utilization of various techniques may offer hybrid methodologies endowed with 
superior skills such as the synergistic utilization of FL for decision making with ANN 
learning and GA optimization. 

2.1 Artificial Neural Networks and Learning Systems 

Artificial neural networks are biologically inspired computational implementations 
capable of modifying their behaviour in response to their environment. During the learning 
process a set of inputs (along with desired outputs in some cases) are provided to ANNs that 
are self-adjusted to compute consistent outputs. Different algorithms can be employed for 
learning while ANNs can generalize from earlier paradigms. The interested readers are 
referred to References [5, 6].  

In 1995 a monitoring system employing ANNs to early detect coolant boiling with the 
use of in-core neutron detectors was presented [7]. Boiling experiments were performed at the 
NIOBE facility in the Hoger Onderwijs Reactor (HOR) where alterations in the coolant 
thermal hydraulic state in the NIOBE channels were related to changes in the neutron flux. 
ANNs were employed to recognize small variations in the power spectral density functions of 
signals originating from neutron detectors. Two years later, a signal validation method 
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utilizing data from the SIMBOL experimental facility installed at HOR was introduced [8]. 
Radial basis functions were used to model the process dynamics of neutron flux during 
simulated boiling phenomena. The empirical models were built to predict future values of 
both in-core and out-of-core neutron detectors in an auto-associative computational scheme 
suitable for signal validation.  

The same issue is addressed in [9] where auto-associative neural networks (AANNs) 
have been used for sensor calibration monitoring employing data from the High Flux Isotope 
Reactor (HFIR). The proposed system integrated an AANN along with a statistical decision 
logic module implementing the sequential probability ratio test, a faulty sensor correction 
module and a network tuning module. The proposed sensor monitoring system has also been 
tested with data from the Crystal River #3 nuclear power plant. A sensor faults detection, 
isolation, and reading estimates (identified as SFDIRE) system that utilizes ANNs was 
proposed in [10]. A collection of ANNs were developed for the monitored signals where the 
computed discrepancies between the estimated values and the actual measurements could lead 
to the detection of a faulty sensor. The application studied is that of the thermal-hydraulic 
process sensors of the Egyptian Training and Research Reactor-2 (ETRR-2) considering a 
simulated system. Recently, data from the Es-Salam RR were used to develop a fault 
detection method of an in-core, three wire, resistance temperature detector [11]. The signals 
were pre-processed via a discrete wavelet transform and fed to an ANN employed to model 
the behaviour of the temperature sensor. The proposed technique considered the relationship 
of the fuel rod temperature with the control rod elevation and the coolant flow rate at the 
primary loop of the research reactor. 

ANN and learning system applications in reactor control are studied in [12, 13]. In the 
first case, a Gaussian function network was employed for the non-linear, self-tuning control 
of the Korea Multipurpose Research Reactor. The proposed approach utilized data from a 
plant model that simulated the actual system operation. The network was used for plant 
modelling and one-step-ahead predictive control for power tracking. An expert trajectory 
design is proposed in [13] for controlling the Istanbul Technical University (ITU) TRIGA 
Mark II RR. Trajectory is a desired power planning and the one to be followed by the reactor 
power was made of three parts where an ANN-based period generator was used to predict the 
period values at the midpoint of each trajectory part. The proposed design was tested for 
different initial and desired power levels. A differential neural network control strategy for 
tracking the power profile in a TRIGA reactor was described in [14]. A differential neural 
network was employed for identifying nuclear systems making use of the neutron power and 
external reactivity. The outlined computational scheme has been tested in a simulated 
environment.  

A prototype operator adviser (identified as OPAD) system for a 100 MW(th) heavy 
water moderated and cooled RR with natural uranium appears in [15] combining ANNs for 
transient identification / safety status monitoring with rule-based systems for diagnosis and 
emergency procedure generation. The ANN was developed employing fourteen reactor 
conditions selected with probabilistic safety assessment criteria. Another application suitable 
for integration in a decision support system is presented in [16]. Gaussian processes were 
utilized, in this study, for system modelling and state identification. Independent expert 
predictions were combined to formulate a recommendation suitable for decision making. The 
methodology was tested with data recorded at the Loss-of-Fluid-Test experimental facility 
while undergoing successive overcooling transients. Furthermore, a computerized monitoring 
and diagnosis aid system (identified as CMDAS) is described in [17] for the NUR research 
reactor. Its scope is to detect and identify transients at an early stage employing artificial 
neural networks for classification tasks.  
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2.2 Fuzzy Sets 

Prof. Lotfi Zadeh has introduced fuzzy set theory as a mathematical structure suitable 
for representing imprecise, vague, or uncertain information in a way appropriate for 
performing calculations. Fuzzy sets can be used for representing a linguistic variable, i.e. a 
variable with values defined in linguistic terms. For example, the linguistic variable 
temperature with values low, normal and high. The interested readers are referred to 
References [18, 19].    

An early application of fuzzy control in a nuclear environment was designed and 
implemented at the 5 MWt Massachusetts Institute of Technology (MIT) RR [20]. A digital, 
rule-based, closed-loop FL controller was built to control the reactor power. The role of rule-
based systems was considered and it was proposed that they be employed in a complementary 
manner to the analytic approach in process control. A project studying fuzzy control 
applications at the Belgian Reactor 1 (BR1) was performed from 1995 until 1999 [21]. In that 
framework a FL controller was designed and tested [22] in comparison with the classical BR1 
controller. A PLC-based hardware controller was also built and BR1 was used as its test bed. 
In addition, simulated experiments were performed with an adaptive fuzzy controller that had 
an adaptive function to self-regulate fuzzy control rules on a demo model [23]. The work 
performed at BR1 included closed-loop experiments under fuzzy control while the reactor 
was at steady-state operation [21].  

Control algorithms for its TRIGA Mark III research reactor have been developed at the 
Instituto Nacional de Investigaciones Nucleares, Mexico. These studies include a control 
scheme that has been proposed – in collaboration with SCK·CEN – for power regulation 
combining state feedback with a first order predictive stage and fuzzy logic [24]. The 
algorithm performance was examined – via simulation tests – while reaching various steady-
state power values from different initial power values. Along that line, the performance 
characteristics of a continuous and a discrete fuzzy controllers were studied in [25]. Both 
controllers were simulated using a simple model of the TRIGA reactor and comparison results 
of their performances were presented. In another study, a numerical solution of the point 
kinetics model of a TRIGA Mark III RR, a fuzzy controller for the power and a graphical 
interface have been integrated to develop a reactor simulator [26] adopting a modular 
structure for its development. Lately, an adaptive control scheme has been proposed in [27] 
that integrated a set of fuzzy systems to identify the reactor dynamics while Lyapunov 
stability theory was used for adjusting the free parameters of the fuzzy system. The control 
scheme has been tested on a model of a TRIGA Mark III RR and its performance compared 
with that of a proportional-integral-derivative controller. 

Fuzzy logic control of a research reactor was also investigated in [28] where two fuzzy 
logic controllers were designed. The simulation results indicated that the proposed strategy 
was superior to a semi-automatic controller. In addition, a fuzzy logic controller has been 
developed for controlling the reactor power of the China Advanced Research Reactor [29]. 
The performance of the fuzzy logic controller has been evaluated with models simulating the 
system. 

2.3 Evolutionary Computations 

The notion of evolution that is associated with biological processes has inspired the 
elaboration of a group of computational approaches collectively identified as evolutionary 
computations. The concept of evolution is encompassed, among others, in computational 
schemes such as genetic algorithms and evolutionary programming [30]. 
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Genetic algorithms were used in the design of a self-tuning controller for a model of the 
ITU TRIGA Mark II RR [31]. The generalized minimum variance strategy determined the 
controller structure, while the controller parameters were estimated from genetic algorithms 
with simulated annealing. 

2.4 Hybrid Implementations 

A hybrid implementation of artificial neural networks with fuzzy reasoning appeared in 
[32] where neural networks were used to map dynamic time series to a set of user-defined 
linguistic values in a process analogous to measurement. The proposed virtual measuring 
device was applied in monitoring operational parameters at HFIR. Data from HFIR were also 
used in [33] to develop a neuro-fuzzy anticipatory controller. The approach utilized a radial 
basis network to model the non-linear reactor behaviour while a fuzzy inference method was 
used to decide the one-step-head predictive control input. The proposed scheme was applied 
to the tracking control of the reactor power. A signal validation toolbox (identified as 
PEANO) has been developed at Halden employing neuro-fuzzy techniques [34]. The system 
has been extensively tested while it has been installed and used for on-line monitoring at the 
HBWR reactor in Halden. PEANO may track expected process behaviour during steady-state 
and transients.  

The research on the power control of the ITU TRIGA Mark II research reactor that has 
been discussed above is extended to include hybrid implementations. Among others, an ANN 
identifier has been coupled with a fuzzy logic controller in [35]. Generalized neural networks 
were employed for identifying the reactor nonlinear behaviour while an FL controller was 
built and tested on the ANN model. A sigmoidal type trajectory scheduling for the control of 
this reactor is described in [36]. Artificial neural networks were used to estimate the 
parameters of the sigmoidal type trajectory while the data used for ANN training were 
computed employing genetic algorithms. The results obtained were compared with those 
attained in an earlier [13] work. Trajectory tracking of the ITU RR has also been studied with 
a genetic FL controller whose membership functions and action weights were estimated by a 
genetic algorithm [37]. The proposed design has been examined under various initial and 
desired power levels. A FL controller that engaged the particle swarm optimization (PSO) 
algorithm to determine its fuzzy rules has also been proposed for the aforementioned reactor 
[38]. Power control of the ITU RR is further investigated in [39] with a fuzzy genetic 
controller, where a GA was used to estimate the FL controller membership boundary values 
and rule weights. The PSO algorithm has, once more, been employed for tuning a trajectory 
tracking fuzzy logic controller designed for the same research installation [40]. In this case, 
the rule weights in the fuzzy rule base have been estimated with the particle swarm 
optimization algorithm.  

An implementation that makes use of a modified version of the biogeography-based 
optimization algorithm was employed in [41] to estimate the optimal parameters of the 
membership functions of a fuzzy logic controller. The performance of the proposed design is 
compared with that of the proportional-derivative controller used at ETRR-2. Another 
controller that combines a multifeedback layer neural network with the PSO algorithm has 
been designed for the power level control of the ITU reactor [42]. In this case, the connection 
weights of the neural network were tuned with the PSO algorithm.  
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3 CONCLUSIONS 

An overview of computational intelligence implementations for I&C applications in 
RRs has been presented. An effort has been made in grouping the various studies in 
accordance to their computational scheme and application domain in a research reactor 
environment. 

According to IAEA “The research reactor should be provided with sufficient 
instrumentation and control systems for ensuring the safety of the facility in normal operation, 
including startup, operation at power, shutting down, refuelling and maintenance, and in 
accident conditions” [1]. In that respect, the research reactor community puts special 
emphasis on safety and thus, needs to be motivated in order to embrace innovative 
instrumentation and control approaches. Yet, application areas such as process surveillance 
and diagnostics, simulation tools, decision support as well advanced process control have 
significant potential to benefit from novel computational tools. To that end, applications need 
to be demonstrated in actual implementations and prove that they can safely operate while 
satisfying the safety conditions imposed by the nuclear regulatory authorities.  
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