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Abstract. The mechanistic code RTOP-CA is developed for objectives of failed fuel diagnosis 

during WWER reactor operation. The RTOP-CA code enables to solve a direct problem: modelling 
the failed fuel behavior and prediction of primary coolant activity if characteristics of failures in the 
reactor core are known. Results of verification of the RTOP-CA code are presented. Separate 
physical models were verified on small-scale in-pile and out-of-pile experiments. Integral 
verification cases included data obtained at research reactors and at nuclear power plants (NPPs). 
The RTOP-CA code is used for development of a neural-network approach to the inverse problem: 
detection of failure characteristics on the base of data on primary coolant activity during reactor 
operation. Preliminary results of application of the neural-network approach for evaluation of fuel 
failure characteristics are presented. 

 
I. Introduction. 

Fuel failures are possible during operation of nuclear utilities. Failures lead to release of 
radioactive fission products from defective fuel rods into primary coolant. For objectives of 
radiation safety failed fuel diagnosis is performed at nuclear power plants (NPPs). The diagnosis is 
performed both under operation conditions and during refueling. Analysis of fuel failures under 
operation conditions provides the on-line evaluation of number and characteristics of defective fuel 
rods (burnup, defect size). Preliminary evaluations are necessary to reduce time, optimize financial 
costs and reduce errors in leakage tests after reactor shutdown. 

The up-to-date methods of failed fuel diagnosis are based on measurements of specific 
coolant activity for reference radioactive nuclides and application of computer codes for data 
interpretation. At present time mechanistic computational codes are developed for purposes of 
failures diagnosis. The DIADEME code is developed in France for PWRs [1,2]; the RTOP-CA code 
is developed for russian WWER reactors [3,4]. The mechanistic codes provide a self-consistent 
modelling of physical processes in defective fuel rods. This is necessary for adequate solution of the 
direct problem: prediction of failed fuel behavior and forecasting of activity level in primary coolant 
when failure characteristics are known. Diagnosis of failed fuel under operation conditions lies in 
solution of the inverse problem: finding unknown parameters of failed fuel assemblies in the reactor 
core by data on primary coolant activity. 

The activity level in primary circuit is governed by many factors such as unknown number 
of failed rods, fuel burnup, defect size, fuel contamination of the core structures. Different factors 
can be distinguished only if activity analysis will include a sufficiently wide range of gaseous and 
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volatile fission products (FPs) with substantial difference in decay time. Hence, the inverse problem 
requires handling of large arrays of input/output data and can be formulated as finding multiple 
correlations in multidimensional space. One of the approaches to solving such problems is neural-
network programming. Neural networks are applied successfully in different areas from medicine 
and economics to physics and technology.  

Neural networks are developed in two steps: selection of the network configuration 
(architecture) and training of the network at a reference database. Choice of the network 
configuration should account for peculiarities and complexity of the problem. For certain classes of 
problems optimal network architectures are elaborated at present time [5,6]. These findings can be 
used to develop the neural network for failed fuel diagnosis. The most difficult thing is to 
adequately train the configured network for successful application in practice. 

A consecutive way to training the neural networks lies through accumulation of a wide set of 
reliable experimental data. In the case of failed fuel diagnosis it is necessary to have consistent 
information about primary coolant activity and defective fuel parameters in course of different fuel 
campaigns. Unfortunately, detailed information of this kind is rather limited. In leakage tests during 
refueling outages the number and average burnup of failed fuel assemblies (FAs) can be found. The 
number of failed fuel rods, defect size and its axial position are left unknown. For characterization 
of failure parameters in detail defective FAs should be examined in hot cells. Such examinations are 
irregular. Moreover, if equipment for sipping in the mast of refueling machine is absent at NPP 
units leakage tests can be performed not for all the reactor core but only for some part of total FAs 
amount. In this case some failed FAs can be undetected. 

For training of neural networks it is necessary to have hundreds and thousands of 
experimental records (the more complex is the problem the wider should be the database). 
Available at NPPs data on monitoring of coolant activity followed with leakage tests of the whole 
reactor core appear to be insufficient for development of the neural-network computer program. 

The RTOP-CA code can be used to overcome this obstacle. At present time the code is 
verified on data of research reactors and NPP units. Serial computations can be performed with the 
RTOP-CA code to model various conditions of failed fuel operation. These computations may form 
a database of numerical experiments with sufficient number of records for the neural network 
training. Calculations take much less time in contrast to a long-term accumulation of experimental 
data – about several days. 

The present paper reviews the following results: 
• verification of the RTOP-CA code on experimental data; 
• development of the neural network program for failed fuel diagnosis under operation 

conditions; 
• preliminary tests of neural network approach to evaluation of failed fuel parameters at 

Novovoronezh NPP (WWER-440). 
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II. Prediction of coolant activity in WWER primary circuit with the RTOP-CA code.  

The mechanistic code RTOP-CA is developed for modeling the behavior of failed fuel and 
the release of radioactive fission products (RFPs) into primary coolant during WWER operation. 
The RTOP-CA code incorporates self-consistent models for the following physical processes in a 
failed fuel rod: fuel thermomechanical behavior; radial burnup and Pu profiles; radiolysis-assisted 
fuel oxidation; thermal conductivity degradation with burnup; changes in FP diffusivity in oxidizing 
fuel under irradiation; FP release out of fuel; mass transfer inside failed rod; release and behavior of 
radioactive FPs in primary circuit. In detail the code is described elsewhere [4].  

Physical models of the RTOP-CA code were separately verified using a wide database of in-
pile and out-of-pile, full- and small-scale experiments. Database for integral verification of the code 
included: 

• data on activity release during irradiation of artificially defected fuel rods in research 
reactors VK-50 (RIAR, Russia) [7] and Siloe (Grenoble, France) [8]; 

• data of Balakovo and Novovoronezh NPPs on activity kinetics in primary coolant. 
The experiments in research reactors were carried out under well-defined conditions and provide 
the most reliable dataset. Two verification cases are shown in Figs.1,2.  

NPP data on failed fuel characteristics is less detailed; information was obtained in leakage 
tests during outages. Number of defective fuel rods in calculations was chosen according to the 
number of detected failed fuel assemblies (1 or 2 defective rods per assembly, ∼ 1.1 in average). It 
was presumed that failed fuel characteristics were constant during the operation period. Verification 
was performed for 5 operation periods at different power units with WWER-440 and WWER-1000 
reactors (see Fig.3 for example). 

Activity kinetics of a wide spectrum of radioactive FPs was measured in experiments at 
research reactors and at NPPs: nuclides of iodine (131I-135I), xenon 
(133Xe, 135Xe, 135mXe, 137Xe, 138Xe, 139Xe) and krypton (85mKr, 87Kr, 88Kr, 89Kr). The RTOP-CA 
calculations are in good agreement with the data in the whole range of experimental conditions. 

 
III. Development of the neural network approach to failed fuel diagnosis under operation 
conditions. 

Kinetics of RFPs activity release into primary coolant during reactor operation is governed 
by several major parameters with unknown values:   

• number of defective fuel rods, 
• fuel burnup in defective rods, 
• size of defects, 
• linear power of each failed rod, 
• moment of depressurization, 
• axial location of defects. 

In most cases WWER fuel failures are caused by debris (extrinsic objects in coolant – metal chops, 
short wire pieces, etc.). Usually, debris-defects are formed in the lower part of fuel rods [9]. Taking 
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this fact into account axial defect position can approximately be considered as fixed. Thus, number 
of major unknown parameters to be determined in failed fuel analysis can be reduced to five. 
 The most simple formulation to the problem of failed fuel diagnosis under operation 
conditions is to find only the number of failed fuel rods in the core without specification of any 
other characteristics. The more complete statement of the problem is to specify some other failure 
parameters. For each formulation of the problem a separate neural network should be developed. 
Configuration of the developed networks is schematically shown in Fig.4. The network has one 
input layer, two hidden layers and one output layer. If it is necessary to find only the number of 
failed rods the output layer consists of only one neuron. Several neurons are used for 
characterization of failures in more detail. 
 Database for training the neural networks was build in the following way. Multiple 
calculations were performed with the RTOP-CA code for activity release from a single defective 
rod with different failure characteristics. Defect size, fuel burnup, linear power and the moment of 
rod depressurization were varied as input parameters. Typical to WWERs values were considered. 
In total about 103 calculations were carried out with the RTOP-CA code.  

It is known that different defective rods make a linear contribution to the overall activity 
release rate into primary coolant. Due to this fact the situation with several failed rods in the core 
can be modeled by summing the activity releases calculated for a single rod with different input. It 
was assumed that up to ten defective rods can be present in the core simultaneously. Contribution of 
the core fuel contamination to activity in primary circuit was taken into account separately. As a 
result about 104 combinations of calculated activity kinetics (iodine and noble gas nuclides) were 
formed. This database was used for training and testing the neural-network computer program. In 
the tests the activity kinetics for a group of radioactive nuclides was considered as input data for the 
neural network and corresponding characteristics of failed fuel in the core were the output data. 

 
IV. Testing of the neural network program with model data on activity in primary coolant. 

The first step to check the efficiency and prediction capabilities of the developed neural 
networks was to make tests with model data on primary coolant activity. The model data were 
calculated with the RTOP-CA code. Linear power of defective fuel rods was considered to be 
constant in time. The tests were performed with model data on activity which were not included 
into the database for the network training. Thus a situation was modeled with actual NPP data 
which are “unknown” to the neural network in advance. 

The neural networks were verified in two types of tests. The first test was to predict the 
number of failed rods in the core without any specification of failed fuel characteristics. The input 
for the network was a set of activity kinetic dependencies calculated for different nuclides. The 
prediction accuracy of the neural network program is shown in Fig.5 as a function of actual number 
of failed rods in the core. The figure should be interpreted in the following way. For instance, a 
single defective rod in the core is properly identified with probability close to 100%. With ten failed 
rods in the core, the program gives the proper identification with ~ 40% probability; underestimates 
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the actual number for one rod in ~ 50% cases and for two rods in ~ 10% cases. In the same manner 
Fig.5 can be interpreted for any given number (1-10) of the failed fuel rods. 

The second test for the neural-network program was to specify some failed fuel 
characteristics. The maximum number of failed fuel rods in the core was again limited to 10. The 
task was to find the number of defective rods with the following parameters: burnup (1st, 2nd  or 3rd 
year of operation), defect size (less or greater than 30 μm in diameter1) and power loading (above 
or below the nominal power). So, failed fuel rods were subdivided into twelve groups and the 
program objective was to evaluate the number of defective rods in each group. Correspondingly, the 
network output layer comprised 12 different neurons. Fig.6 shows the results of evaluation: failed 
fuel characteristics are predicted properly with 40% probability; in ~ 85% cases the program 
provides accuracy of ±1 for each specification group. 

These tests with model data on primary coolant activity provide a demonstration that the 
neural network approach is quite applicable to failed fuel diagnosis. For a small number of failures 
in the reactor core the network predictions are rather accurate. With growing amount of failures the 
level of errors is increased but in relative units it is still acceptable. 

 
V. Application of the neural network approach to failed fuel diagnosis at NPPs. 

The neural network approach was tested on primary coolant activity data from one of the 
units of Novovoronezh NPP (WWER-440). At the current stage of investigations a simplified 
problem to find only the number of failed fuel rods in the core was considered. 

Commonly, reactor power at NPP units is changed in course of a fuel campaign. The rate of 
coolant purification at special-purpose filters is varying as well. RFPs activity in primary coolant 
can change to a great extent with reactor power and purification rate. These interrelations should be 
taken into account in development of the neural network program. 

The data on reactor power and purification rate history at Novovoronezh NPP, unit 4, are 
shown in Fig.7. Activity of iodine, xenon and krypton radioactive isotopes was measured in course 
of operation period. During the refueling outage after the campaign leakage tests were performed 
for all FAs in the reactor core. Three defective assemblies were detected. The final conclusion was 
that two defective assemblies had small leaks and one assembly was damaged more seriously. All 
defective FAs had operated 4 years and were unloaded from the reactor core according to plan. 

Database for training the neural network was build in a way described above. Calculations 
with the RTOP-CA code were performed for the given history of reactor power and purification rate 
(Fig.7).  

Development of the neural network program included a separate study of stability of 
prediction results depending on chosen network configuration and set of input data. Neural 
networks with different number of neurons in hidden layers (N2 and N3 parameters) were used, input 

                                                 
1 Defect size 30 μm corresponds to reloading criterion for leaking FAs used by French company EdF [10,11]. Reloading 
of FAs with greater hydraulic leak size is not permitted. 
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was formed from activity of different radioactive nuclides for different time intervals2. Different 

limitations to fuel contamination level  in the reactor core were used as well. max
fM

Results of neural network predictions are presented in table 1. It can be seen that calculated 
number of failed fuel rods is close or identical to the number of failed FAs detected in leakage tests. 
Network predictions show insignificant sensitivity to the number of neurons in hidden layers (in 
considered range of values). Table 1 demonstrates that the number of failed fuel rods can be find 
with data on activity of a limited set of radioactive nuclides. In the present case it was sufficient to 
use data on activity of iodine isotopes (data on odd isotopes were enough). Nevertheless, for higher 
reliability of prediction results a wider spectrum of radioactive nuclides should be involved into 
analysis. Particularly it is necessary for specification of failure characteristics in detail – mainly for 
specification of fuel burnup and defect size. 

The preliminary results show that the neural network approach can be successfully applied to 
failed fuel diagnosis under operation conditions. Further investigations will be aimed on 
development of the neural network approach for characterization of fuel failures at NPPs in more 
detail. The neural network program will be verified on available consistent data for WWERs on 
primary coolant activity and leakage tests during reactor outages. 

Table 1. Results of neural network predictions.  

N
uc

lid
e Number of 

time points in 
activity data 

N2 = 100 
N3 = 50 

max
fM =5 g 

N2 = 50 
N3 = 15 

max
fM =5 g 

N2 = 50 
N3 = 25 

max
fM =10 g 

N2 = 50 
N3 = 25 

max
fM =10 g 

N2 = 50 
N3 = 25 

max
fM =10 g 

131I 5 + + + + + 
132I 4 + + +  + 
133I 5 + + + + + 
134I 3 + + +  + 
135I 4 + + + + + 

135Xe 5 + + +   
85mKr 5 + + +   
87Kr 5 + + +   
88Kr 5 + + +   

Number of failed fuel 
rods – network 

predictions 
4 4 3 3 3 

Number of failed FAs – 
leakage test results 3 
 

VI. Conclusions. 

The mechanistic RTOP-CA code is capable of modelling the failed fuel behavior and 
predicting the level of coolant activity in primary WWER circuits. The RTOP-CA code is 
extensively verified. Verification database includes in-pile and out-of pile experiments and NPP 
data on primary coolant activity under operation conditions. 

The RTOP-CA code was used to develop the neural-network approach to failed fuel 
diagnosis during reactor operation. This approach allows to evaluate the failed fuel characteristics if 

                                                 
2 Measurements of coolant activity at the end of operation period were used. 
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primary coolant activity for reference radioactive nuclides is measured. The developed neural 
network program has been tested on database of the RTOP-CA numerical experiments. The 
program was also tested on the consistent data set obtained at Novovoronezh NPP (WWER-440). 
The data set included results of monitoring of primary coolant activity and results of leakage tests 
after the reactor shutdown. The tests performed have demonstrated that neural network 
programming is a promising approach to failed fuel diagnosis under operation conditions. 

 The work was financed by JSC “TVEL”. 
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Fig.1. 133Xe release to birth ratio. VK-50 reactor, D1 
fuel assembly (3 defective rods, defect size – 1 mm). 
▬▬ – experimental data,  –  –  – – data uncertainty, × –
RTOP-CA calculation; —— – irradiation history. 

Fig.2. 138Xe release kinetics. Siloe reactor, 
EDITHMOX-1 experiment. ▬ ▬ – experimental 
data,  ▬▬ – RTOP-CA calculation.. 
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Fig.3. Operation conditions (a) and 131I activity kinetics in primary coolant (b), Balakovo NPP:  ▬▬ – 
RTOP-CA calculation, Δ – NPP data. 
 
 

   

Σ1

Σ2 

Σ
N2 

INPUT 1 

INPUT 2 

INPUT N 1 

Σ1 

Σ2 

ΣN3 

Σ 

INPUT 
LAYER 

HIDDEN LAYERS

OUTPUT
LAYER 

ACTIVITY 
KINETICS 

N def   

 
Fig.4. Configuration of the neural network for failed fuel diagnosis under operation conditions. 
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Fig.5. Predictions of the neural network for model data on coolant activity: error pattern in evaluation the 
number of failed fuel rods in the reactor core. 
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Fig.6. Predictions of the neural network for model data on coolant activity: error pattern in evaluation the 
number of failed fuel rods with specified parameters (burnup, defect size, linear power). 
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Fig.7. History of average linear power of fuel rods in the reactor core and the rate of coolant purification 
at Novovoronezh NPP, unit 4, WWER-440. The data were used for training the neural network. 

 

 10


