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THE DEVELOPMENT OF ARTIFICIAL INTELLIGENCE BASED SEMI-
AUTONOMOUS CONTROL SYSTEM TO ASSIST DECISION MAKING OF
REACTOR OPERATORS

SUMMARY

The low-carbon energy sources are needed to combat climate change. Nuclear reactors
will play a vital role in achieving climate change goals since electricity generation in
nuclear power plants (NPPs) do not include greenhouse gas emissions. Although NPPs
are safe to operate thanks to many safety systems both active and passive they contain,
accidents are still possible with low probability. Determination of accidents is
important not only for timely prevention but also for mitigation.

Four units of Russian Pressurized Water Reactor (PWR) namely VVER-1200 are
under construction in Akkuyu site in Tiirkiye since 2018. The safety of these reactors
are important for Tiirkiye. The accident detection study on VEER-1200 has paramount
importance.

Machine learning (ML) is a subfield of artificial intelligence (Al) that enables
computers to learn from data and improve their performance without needing specific
programming for each task. Rather than relying on fixed rules, these systems detect
patterns and trends in data to make predictions or decisions. Common applications
include facial recognition, product recommendations, language translation, and fraud
detection. ML methods include supervised learning (using labeled data), unsupervised
learning (discovering patterns in unlabeled data), and reinforcement learning (learning
through rewards and feedback).

This study focuses on identification of 53 transient sub-scenarios derived from
reactivity insertion via rod withdrawal, steam leak from the pressurizer, loss of flow
(LOFA), and loss of coolant accidents (LOCA) affecting both hot and cold legs main
transients for VVER-1000 type PWR since the technical data of VVVER-1200 is not
readily available in the literature with ML. However, the methods developed in this
study can be converted to VVER-1200 if data is provided.

Three approaches were introduced for the task. In one-step approach, data for all the
sub-scenarios were used directly to identify transient sub-scenarios. In the two-steps
approach, the main transients were identified first and then the sub-scenario
identification was performed. In grouped one-step approach, with the guidance of
confusion matrices of one-step approach, the sub-scenarios were grouped to increase
the accuracy of the predictions.

The best performance of identification in one-step model was achieved with K-Nearest
Neighbor (KNN) method which resulted in 74.66 % accuracy. This result shows that
if all transient sub-scenarios were considered in one training method, there is a lot of
confusion due to complex nature of nuclear system.
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In two-steps approach, main transient detection with Random Forest method yielded
the best result in terms of accuracy, precision, recall, and F1-score matrices, only
slightly confusing LOCA hot leg transient with 1.44 %. This provided the sub-scenario
identification almost 100 % accurate main transient base to optimize on. Sub-scenario
identification with KNN method delivered 100% accuracy for rod withdrawal, steam
leak from pressurizer, and loss of flow transients, providing the reactor operator an
accurate understanding on the level of the transient. However, for LOCA transients,
the method had a combined accuracy of approximately 80 %, which made the sub-
scenario model usable for these transients, yielding a total of 86.44 % accuracy for
two-steps approach.

In grouped one-step approach, new grouping with respect to transient levels resulted
in 19 grouped sub-scenarios. This yielded a far better accuracy among all approaches
with 92.04 % for KNN method. On the other hand, due to grouping, there is a loss of
sensitivity in this approach.

For all approaches, the validation process was completed in 2-3 seconds, indicating
that the approaches is sufficiently efficient and responsive for real-time monitoring
applications.
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REAKTOR OPERATORLERININ KARAR VERMESINI DESTEKLEMEK
iCiIN YAPAY ZEKA TABANLI YARI-OTONOM KONTROL SiSTEMINIiN
GELISTIRILMESI

OZET

Diisiik karbonlu enerji kaynaklari, iklim degisikligiyle miicadele etmek i¢in gereklidir.
Niikleer Gili¢ Santrallerinde (NGS) elektrik {iretimi sirasinda sera gazi emisyonu
olmadigindan niikleer reaktorler iklim degisikligi hedeflerine ulasmada 6énemli bir rol
oynayacaktir. NGS’ler aktif ve pasif bir¢cok giivenlik sistemine sahip olmalari
sayesinde giivenle isletilselerde diisiik olasilikla da olsa kazalar meydana gelebilir.
Kazalarin belirlenmesi, sadece zamaninda onlem almak i¢in degil, ayn1 zamanda
etkilerini azaltmak icin de biiyiik 6nem tasir.

2018 yilindan bu yana, Tiirkiye’nin Akkuyu sahasinda dort adet Rus tipi Basingli Su
Reaktorii (PWR) VVER-1200 {initesi inga edilmektedir. Bu reaktorlerin giivenligi
Tiirkiye i¢in biiyiikk 6nem tagimaktadir. Bu nedenle VVER-1200 iizerinde yapilacak
kaza tespiti ¢aligmalar1 son derece dnemlidir.

Makine 6grenmesi, yapay zeka alaninin bir alt dalidir ve bilgisayarlarin verilerden
Ogrenerek her gorev icin ayr1 programlamaya ihtiyag duymadan performanslarini
gelistirmelerini saglar. Sabit kurallara bagli kalmak yerine, bu sistemler verilerdeki
oOrtintiileri ve egilimleri tespit ederek tahminlerde veya karar vermelerde bulunur. Yiiz
tanima, iriin Onerileri, dil ¢evirisi ve dolandiricilik tespiti gibi uygulama alanlari
yaygindir. Makine 6grenmesi yontemleri arasinda denetimli 6grenme (etiketli veri
kullanimi), denetimsiz 6grenme (etiketsiz verilerdeki desenlerin kesfi) ve pekistirmeli
ogrenme (0diil ve geri bildirim yoluyla 6grenme) yer alir.

Bu calisma, VVER-1200 reaktoriine ait teknik wverilerin literatiirde yeterince
bulunmamasi nedeniyle, benzer bir reaktor tipi olan VVER-1000 igin kontrol ¢ubugu
¢ekilmesiyle gergeklesen reaktivite eklenmesi, basinglandiricidan buhar sizintisi, akis
kayb1 ve sicak/soguk bacaklar1 etkileyen sogutucu kaybi kazalar1 (LOCA) gibi
senaryolardan tiiretilmis 53 gecig-durumu alt senaryonun makine Ogrenmesi ile
tespitine odaklanmistir. Bu ¢alismada gelistirilen yontemler, gerekli verilerin
saglanmasi halinde VVER-1200'e de uygulanabilecektir.

Bu amagla ii¢ farkli yontem Onerilmistir. Tek adimli yontemde, tiim alt senaryolarin
verileri dogrudan kullanilarak alt senaryo tespiti yapilmustir. ki adimli yontemde, 6nce
ana senaryolar belirlenmis, ardindan alt senaryo tanimlamasi gerceklestirilmistir.
Gruplanmis tek adimli yontemde ise, tek adimli yontemin karisiklik matrisinden elde
edilen yonlendirme ile alt senaryolar gruplanarak tahmin dogrulugu artirilmistir.
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Makine 6grenme metdolarmin egitilmesi i¢in kullanilacak 53 adet alt senaryoya ait
veri seti, niikleer reaktorlerin simiilasyonu i¢in kullanilan ASYST programi
kullanilarak elde edilmistir. Reaktorlerin senaryo davranislart i¢in ASYST
programinin kullandig1 kod dosyasinda hata kartlarin1 kullanmak sureti ile kazalar ve
alt senaryolar1 simiile edilmis, takip edilecek reaktor elemani ve fiziksel parametlerine
dair veri ¢iktisi saglayan diizenleme kartlar1 ile de 91 veri kolonu veya 6zellik simiile
edilmistir.

Cikt1 dosyalarindan veri setinin ¢ekilebilmesi i¢in Visual Basic dilinde iki seviyeli
derleyici kod yazilmis ve bu sayede islenebilecek sekilde excel programina yapili bir
fortmatta veriler aktarilmistir.

Normalizasyon c¢alismasini takiben, ¢aligmanin Python programinda hayata
gecirilebilmesi i¢in, ilgili veri setleri .csv uzantili dosyalara doniistiiriilerek Google
Colab derleme ortamina aktarilmistir. Calisma kapsaminda Python Sci-Kit
kiitiiphanesini kullanmak sureti ile K-En Yakin Komsu, Rastgele Orman, Gradyan
Giiglendirme, Karar Agaclari, Lojistik Regresyon, Destek Vektorii, Naive Bayes
makine 6grenme yontemleri {izerinde modellerinin egitim ve validasyon caligsmasi
yuritilmistir.

Tiim modeller i¢in hiper parametre optimizayonu kosulmus, veri setleri 80%-20% ve
70%-30% egitim ve dogrulama setleri ile tutarlilik agisindan test edilmistir. Veri setin
egitim ve dogrulama setleri, tiim alt senaryolarda 80%-20% oranin tesis edecek
sekilde, ancak ayni1 zamanda reaktdriin SCRAM siirecinde farklilasan gili¢ gradyani
profillerinde de ayni oranda temsili saglayarak hayata gecirilmistir.

Tiim makine 6grenme modellerinin performansinin degerlendirilmesi i¢in dogruluk,
hassasiyet, duyarlilik ve F1 Skorunu ihtiva edecek sekilde analizi yapilmis, makine
modellerini hayata gegiren yontemler ve modeller bazinda da karisiklik matrisi
degerlendirilmesi yapilmgtir.

Tek adimhi yontemde en iyi basari, %74,66 dogruluk oranityla K-En Yakin Komsu
(KNN) yontemiyle elde edilmistir. Bu sonug, tiim alt senaryolarin tek bir egitim
yontemi ile degerlendirildiginde, niikleer sistemlerin karmasiklig1r nedeniyle dnemli
Olciide karisiklik yasandigimi gostermektedir. %74,66 dogruluk orani, niikleer
endistrinin gerektirdigi yliksek performans gerekliligini karsilamaktan uzak oldugu
icin, ¢caligsma iki adimli yonteme dogru yonlenmistir

Iki adimli yéntemde, ana gegis-durumu senaryosu tespitinde Rastgele Orman
yontemi, dogruluk, kesinlik, duyarlilik ve F1 puani acisindan en 1yi sonucu vermistir;
yalnizca sicak bacak LOCA senaryosunu %1,44 oraninda karistirmistir. Bu sayede, alt
senaryo tespiti neredeyse %100 dogru bir ana senaryo temelinde gerceklestirilmistir.

Ana gecis-durumu senaryosuna dair 99.51% dogruluk performansi gosteren Rastgele
Orman yontem, iki adimli yontemin birinci kismini olusturmustur. Takiple tespit
edilen ana gecis-durumunun alt senaryosunu tespit etmek i¢in her ana gegis i¢in bir alt
senaryo tespit modeli gelistirilmistir.
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Alt senaryo tespitinde KNN yontemi, ¢ubuk cekilmesi, basinglandiricidan buhar
sizintis1 ve akig kaybi senaryolari i¢in %100 dogruluk saglamis ve operatore gegigin
seviyesi hakkinda net bilgi sunmustur. Ancak LOCA senaryolarinda yontem yaklagik
%80 dogruluk saglamis ve genel olarak iki adimli yontemde %86,44 dogruluk elde
edilmistir. Bu anlamda niikleer sektoriin yiiksek standardina daha yakin perfomans
ortaya konmustuir.

Yapilan ¢aligmalarda karisiklik matrisi tiim ana gecis-durumlari ve alt senaryolar i¢in
incelenmis ve karigikligin ¢ok siklikla, 6zellikle LOCA senaryolarinda, senaryo siddeti
anlaminda 1 seviye yukarida veya asagida oldugu goriilmiistiir. Buradan hareket ile,
bu karigiklik skorlarma kapsayacak sekilde yapacak daha genis bir gruplamanin,
hassasiyet kaybina sebep olacak ise de, daha yiliksek bir dogrulukla alt senaryo
tespitine imkan verecegi degerlendirilmistir.

Gruplanmis tek adimli yontemde, gegig-durumu seviyelerine gore yapilan yeni
gruplamayla 19 alt senaryo kiimesi olusturulmustur. Bu, KNN yontemiyle %92,04
dogrulukla tiim yontemler arasinda en yiiksek basarty1 saglamistir. Ancak, gruplama
nedeniyle hassasiyette bir miktar kayip yasanmustir.

Tiim yaklagimlar i¢in dogrulama siireci 2-3 saniyede tamamlanmis ve bu da
yontemlerin gercek zamanli izleme uygulamalari i¢in yeterince hizli ve etkili oldugunu
gostermektedir.

Yapilan ¢aligma kapsaminda gelecek donemde makine 6grenmesine ek olarak, yapay
zeka ve derin 6grenme modellerinin de, alternatif olarak ele alinmasi gerektigi ve
makine 0grenme modellerine karst performanslarini degerlendirlmesinin gerektigi
tartisilmastir.

Yine gelecek caligmalarda 91 adet veri kolonunun, simiilatér ¢aligmasi kapsaminda
elde edilmesi kolay olsa da, ger¢cek operasyonda bu sayida ve detayda veriye tam
zamanl ve siirekli ulasmanin sorun olacagindan hareket ile, ayni veya daha fazla
dogruluk skoruna, daha az veri kolonu ile erigsmenin gerekliligi degerlendirilmistir.

Daha verimli ve degerli bir model dnermesinde de, ASYST kodun nodalizasyonun
izin verdigi dl¢tlide reaktdrde alt senaryolarin lokasyon bilgisi ile kartezyenlestirilerek
cogaltilmas1 ve makine Ogrenmesi veya yapay zeka modeli yardimi ile hem alt
senaryonun hem de lokasyonun ayni anda tespit edilmesi ele alinmistir. Boylece
modelin sadece reaktdr operatorlerine degil ayni zamanda reaktdriin sorun
gidermekten sorumlu kadrosunun da verimliligine katki verebilecegi diigiiniilmektedir.

XXVil






1. INTRODUCTION

1.1 Purpose of Thesis

Nuclear reactors play a fundamental role as a global energy supply system, yet they
also carry significant risks with severe consequences in the event of accidents.
Therefore, the imperative of ensuring their safe operation is paramount. During
transient conditions, the values of key parameters may fluctuate in ways that they are
not immediately visible. Therefore, the detection of these transients is essential for

timely preventive measures and subsequent protective actions.

1.2 Literature Review

Al has shown promise in many fields, and its potential in the nuclear field has gained
increasing interest in recent years. Various applications have drawn interest including
problems related to nuclear reactor modeling, fuel cycle, fault diagnosis, and treatment
of radioactive waste [1]. Substantial efforts have been devoted to lumped-parameter
modeling, fluid dynamics, system code development, and application of ANNSs in
nuclear reactor thermal-hydraulics and diverse specialties such as neutron transport,
thermal hydraulics, and fuel performance. ML is an application alternative to tackle
previously intractable problems in science and engineering, concentrated in defect
detection, dose prediction, component failure detection, core and transient monitoring,

gamma spectroscopy, and in-core fuel optimization fields.

1.2.1 Defect detection in nuclear fuel assembly

Fuel assemblies are essential components of nuclear reactors, fulfilling both structural
and functional roles. They vary in design, but most commercial power plants utilize
fuel assemblies consisting of fuel pellets securely contained within fuel rods. Under
standard operating conditions, these assemblies are engineered for stability and are
periodically inspected for leaks, swelling, or bowing as any complications could
significantly affect environmental safety [2]. Potential defects might be hidden in

simple issues like deficient welds or in serious issues like corrosion. Cladding defects



are particularly important, as they are subjected to radiation and corrosive coolants.
Cladding cracks may arise from multiple factors, including material overstress or
inadequate cooling practices [3]. Fuel assemblies consist of components such as a
bottom nozzle and spacer grids. The nozzles and spacer grids are significant elements
with complex welds, presenting challenges for manual inspection, and defects in these
components can pose serious safety risks. Likewise, the fuel rods can experience stress
from temperature variations and radiation, leading to structural deformation. Corrosion
is another complex category of damage, wherein both internal and external corrosion
can result in material thinning due to numerous possible causes. Service inspections
are carried out using manual and visual techniques, often aided by cameras. This
method is labor-intensive and open to subjective interpretation, hence harbors
possibility of erroneous procedure. An alternative approach is the sipping test, which
detects defects in a fuel assembly by measuring the concentration of the Kr-85 in a
sample; however, this cannot be utilized on assemblies that are operational. For better
performance of defect detection, a deep convolutional neural network (DCNN) was
trained to identify scratches on nuclear fuel assemblies. This framework achieves a
True Positive Rate (TPR) of 0.98 while maintaining a False Positive Rate (FPR) of
0.1, outperforming many existing detection methods. [4]. A proof of concept for the
region based convolutional neural network (R-CNN) shown in Figure 1.1 displays the
model’s reliability, illustrating its ability to accurately distinguish between actual
defects—resulting in a high TPR—and water stains or other false positives, thus
contributing to a low FPR [4]. Optimization of better image recognition for defect
detection has also been utilized for KNN, ANN [5]., SVM and GNV [6]. in recent

literature, diversifying the methods for research.
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Figure 1.1: The detected image of testlng data [4].

1.2.2 Dose prediction in nuclear emergencies

Dose prediction during nuclear emergencies is crucial in the event of accidental
radioactive material release into the environment. The effects of ionizing radiation
exposure are linked to the absorbed dose in human tissues, which is influenced by
factors such as dose rate, duration of exposure, and individual protection capabilities.
It is essential to provide updated dose assessments to the population, whether general
or specific, for protective measures and to ensure understanding of critical guidelines,
particularly concerning early protective actions near affected areas. Quick and
dynamic operations are necessary to analyze relevant meteorological and site data.
Additionally, factors related to population behaviors and movements are significant.
A notable challenge in addressing the physical aspects related to this issue is the
reliance on low-technology methods due to inherent flaws in proposed methodologies.
The anticipated result is a better understanding of dose distribution, as well as
improvements in certainty, accuracy, and speed related to collective exposure
scenarios [7]. Al and ML can transform dose prediction practices in the aftermath of
nuclear or radiological emergencies. Al and ML can effectively generate predictive
models from data, enabling continuous learning and adaptation [8]. During and in the



aftermath of a nuclear or radiological crisis, ML can be beneficial, especially if the
data that is utilized for analysis is substantial in size. These algorithms facilitate the
processing of extensive datasets, identifying statistically significant patterns that
enhance decision-making. Simulated dosimetric data often serve as another important
data source. Al and ML can develop predictive models based on this simulated data,
which can subsequently be applied to real event scenarios. The Deep Rectifier Neural
Network (DRNN) was evaluated to predict spatial effective doses under different
atmospheric conditions, utilizing two realistic accident scenarios modeled with the
atmospheric dispersion system from a Brazilian NPP. In the simpler scenario, the
optimal DRNN outperformed the 5 Multi-Layer Perceptron (5- MLP) model,
achieving a 25% reduction in error and completing training 155 times faster. In the
more complex scenario, the top DRNN reached an average error of 0.0213 with a
training duration of 30 minutes, demonstrating the capability of DRNNs to improve
dose prediction based on ANNSs in real-world applications [9]. Work for prediction of
dose through other ML methods like PSO, GPR [10]. and CNN [11]. has been applied
progressing the ML and Al methods further.

1.2.3 Fuel and component failure detection

In an NPP, fuel cladding serves the purpose of containing radioactive materials within
a controlled system. If this component fails, the discharge of radioactive materials into
the primary loop is unavoidable. A prevalent technique for detecting such failures is
the isotopic ratios method, which involves monitoring the proportion of released
isotopes present in the coolant [12]. An increase in this ratio above a defined threshold
indicates that a failure has occurred. A four-layer ANN has been proposed for fuel
failure detection, featuring an input layer, two hidden layers, and an output layer, as
illustrated in Figure 1.2. The neurons process the total values received from the
previous layer and pass them to the subsequent layer using an activation function. The
inputs to the ANN consist of normalized specific activities of 23 common fission
products, including Br-83, Kr-85, Kr-85m, Kr-87, Kr-88, Sr-90, Te-131, Te-131m, I-
129, 1-131, 1-134, 1-135, Xe-133, Xe-133m, Xe-135, Xe-135m, Xe-138, Cs-134, Cs-
134m, Cs-137, and Cs-139 [13]. ANN proves to be more responsive when the fuel
cladding is defective.
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Figure 1.2: ANN Schematic for fuel failure detection [13].
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1.2.4 Core monitoring for reactor and transients

A real-time monitoring system for the power distribution within a 3D reactor is
essential for ensuring nuclear safety and enhancing the operational efficiency of NPPs.
This system is particularly important for optimizing control mechanisms, particularly
when the NPP is operating at a specific power output or engaged in load-following
operations [14]. Additionally, NPPs may undergo transient events caused by
equipment failures or dysfunctions in processing systems. In such situations, operators
are required to implement diagnostic and corrective measures in response to the
identified transients. ANNs facilitate rapid diagnostics while maintaining an
acceptable level of error. This capability minimizes the risk of human evaluation errors
and allows for swift responses to existing scenarios. A benchmark measuring the
accuracy of transient detection and transient is provided in Table 1.1. By reducing error
rates to an acceptable threshold, the implementation of a decision support system
becomes both viable and actionable [15]. Several Al studies were performed for
transient detection not only for the LOFA and LOCA accidents which are the majority
of the literature but also for steam generator tube rapture and power change, for VVER
1000 reactors specifically; Random Forest was utilized to detect LOCA accident and
its exact size, location in the reactor with an accuracy of 97.26% [16]., GEP method
has been applied for LOFA detection with an accuracy of 99% [17]., 15 features has
been trained for detection of 10 transients with different ANN algorithms (Resilient



backpropagation, Standard backpropagation etc) scoring an accuracy of 96.75 % for all
transients combined [18]., and local blockage accidents were detected with 90.1 %

accuracy employing neural network [19].

Table 1.1: Transients and detection error [10].

Transient Detection Error (%)
SGI1TR (Steam Generator) 4.5
SG2TR (Steam Generator) 5.2
SG3TR (Steam Generator) 4.9
SGATR (Steam Generator) 4.6
MODHXI1TR (Moderator heat exchanger) 5.3
MODHX2TR (Moderator heat exchanger) 55
Bleed cooler tube rupture 7.4
Shut down cooling heat exchanger tube fail 8.2

1.2.5 Gamma spectroscopy analysis

Neutron activation analysis (NAA) is a technique utilized by quantitative and
qualitative analysis of elements in various samples, relying on the detection of distinct
radiation pattern, emitted by radionuclides produced when materials are irradiated with
neutrons. The ANN algorithm can effectively analyze gamma-ray spectra by
identifying patterns associated with the energies of emitted gamma rays [20]. If only
one gamma-ray is emitted from a radioisotope and its energy coincides with that of
other gamma rays, however, the ANN may encounter challenges in accurately

identifying the specific radioisotope involved [21].

1.2.6 In-core fuel management models

Due to limitations related to fuel burn-up, the processes of fuel loading and shuffling
typically occur on an annual basis though it might be longer than a year. During the
refueling process, fuel assemblies that are used for a long time in the reactor, are
removed from the reactor core, and remaining assemblies are rearranged while new
fuel assemblies are introduced. The primary objective of refueling is to enhance the
effective multiplication factor (kerr) while ensuring that the power peaking factor
remains within operational limits [22]. Over time, various algorithms have been
developed to identify fuel configurations (in terms of positions and fuel designs) that
optimize the coefficients of a defined objective function. Although these problems can

differ significantly in terms of specifics and functional forms, they exhibit common



requirements for the search algorithm. The search space is extensive, encompassing
220-400 positions in the core. The objective surfaces tend to be non-linear,
characterized by narrow optima and multiple extrema. Additionally, the objectives are
subject to a range of physical and design constraints, which may pose substantial
challenges in meeting them. While designers may possess an intuitive understanding
of "good" solutions, the complexity of the solution space complicates the identification

of optimal solutions through conventional methods such as "hill-climbing,” "brute
force,” or "trial and error"” techniques. Particle Swarm Optimization (PSO) has been
employed to develop a model that optimizes both peaking factor and ket according to
the achieved configuration. As seen in Figure 1.3 This approach resulted in an increase
in kers by 8.79% and a decrease in power peaking by 0.047% relative to the standard

reference loading pattern [23].

Figure 1.3: (a) Particle swarm proposition for core loading pattern, (b) Standard core
loading pattern [23].






2. VVER 1000 AND VVER 1200 REACTORS

VVER, a family of PWRs, were first initiated by OKB Gidropress, which is a satellite
of the ROSATOM, a nuclear firm of Russian Federation. The development of nuclear
plants utilizing VVER infrastructure has been undertaken by institutions within
ROSATOM, including Moscow ATOMENERGOPROEKT (AEP), St. Petersburg
AEP, and Nizhny Novgorod AEP [24]. Construction of the first VVER NPP began in
the 1960s, culminating in the commissioning of the Novovoronezh NPP in 1964,
which housed the V-210 unit [25]. The subsequent unit at Novovoronezh-2 was
designated V-365, with these identifiers originally correlating to the respective
electrical outputs of the main generators. Since that time, VVER reactors have made
substantial progress, with approximately 67 units constructed in various countries,
including Armenia, Bulgaria, China, the Czech Republic, Finland, Hungary, India,
Iran, Slovakia, Ukraine, and predominantly Russia, their country of origin. The
successful deployment of two units at Novovoronezh established a foundational basis
for the development of more advanced reactors. This led to the development of VVER
Generation-I1, introducing features like emergency core cooling, auxiliary feed water
systems, and improved accident localization systems. VVER-440 reactors have been
operated without breaching necessities of safety across several countries. Utilizing the
know-how by Generation-11 reactor operations, Generation-11l reactor development
and design efforts took place, resulting in the VVVER-1000, which has emerged as the
primary design in the VVER series.

2.1 VVER-1000

The inaugural VVVER-1000 reactor was built at Novovoronezh 5 (VVER-1000/V-187)
and commenced operations in 1981 [26]. This unit is equipped with a containment
structure designed to endure maximum pressure during a design basis accident,
including a failure of the main circulation pipeline with a standard diameter of 850
mm. The design concepts used in VVER-1000/V-187 were later applied to smaller
series reactors, such as VVER-1000/V-302 (South Ukraine 1) and VVER-1000/V-338



(Kalinin 1 and 2), and subsequently to the larger series VVVER-1000/V-320, which
encompasses facilities like Zaporozhye, Balakovo, Kalinin 3 and 4, Rostov, Kozloduy,

and Temelin, among others [27].

As illustrated in Figure 2.1, it includes a pressure vessel itself, four circulation loops,
main coolant pumps, steam generators, a pressurizer, and a make-up and emergency
core cooling systems. The primary coolant is responsible for extracting the heat
produced by fission in the reactor core. All circulation loops are the same, while the
pressurizer is linked to loop number 2, which manages reactor pressure level. The main
coolant pumps of the reactor ensure an adequate flow rate of the primary cooling fluid.
Subsequently, the coolant is circulated through the primary side of the steam generator
and facilitates heat transfer to the secondary side. The overall characteristics of the
VVER-1000 plant utilized in the modeling are presented in Table 2.1.

Table 2.1: VVER 1000 design parameters [28].

China Tianwan NPP

No Main Category Sub Category Units 3&4
1 Design VVER-1000/V-428
. ATOMPROEKT, St.-
General Designer Pt

Nuclear Island OKB Gidropress

Supplier
2 General Information Turbine Island Harbin Electric
Supplier Company Ltd
Construction since 2012
Commerical since 2018
Operation
Thermal (MWH1) 3012
3 Reactor Power -
Electrical (MWt) 1126
Max Enrichment 4.10%
Fuel Assembly TVS-2M
Type
Fuel Asseblies
4 Fuel Number 163
Control Rods
Number 121
Max Burn-Up 45.9 MW day/kgU].
Capacity Total 706 fuel assemblies
Water Inventory ~ 1700 m3
Heat Exchanger
Power of Cooling ~17 MW
5 Spent Fuel Pool System
Measures for SBO  RHR system of spent
Accidents fuel pool
Monitoring Water Level
Instrumentation for ~ Detection for Spent
BDBA Conditions Fuel Pool

10



Table 2.1 :

Table 2.1: VVER 1000 design parameters [28]. (Continue)

China
. Tianwan
No Main Category Sub Category NPP Units
3&4
Number of Loops 4
Main Coolant Pump 22000 m3h,
Nom_mal Pre§sur§ in 157 MPa
Primary Circuit
6 Reactor Recirculation System Design Pressure in
. A 17,64 MPa
Primary Circuit
Reactor Outlet 391 C
Temperature
For main
LBB Concept coolant and
Measures ECCS
Implementation passive part
pipelines
CPSCR
7 Control rods system drive
(SHEM-3)
4xPGV-
Number and Type 1000M
Steam Capacity 1470 t/h
Design Lifetime 40 years
. 2 per steam
8 Steam generator Safety Valves Relief generator
Nominal Steam 6.27 Mpa
Pressure
Design Pressure 7,84 Mpa
Outlet Steam 2785C
Temperature

11



Table 2.1: VVER 1000 design parameters [28]. (Continue)

China

No Main Category Sub Category I\-erlgnllevr?iTs

3&4

Emergency Boron Injection System 4 x 50%

Emergency Steam-Gas Removal

o,
System 4 x 100%
Emergency Core Cooling System of 1
High-Pressure (HP ECCS) pump/channel
Emergency Core Cooling System Of 1
Low Pressure (LP ECCS) pump/channel
3
Hydro-Accumulators 4x 50 m* of
each

9 Safety Systems Automatic Pressure Relief System 3 PRZ PORV

1 water tank
and pump per
each channel

Emergency Feed Water System or
Emergency Cool Down System

Steam Generator Heat Removal

System None

Pumps 80
m3/h to spent
Emergency Heat Removal Means  fuel pool and
steam
generators

Hydrogen Recombiners 44

Spray System in Containment 4x50%

JNA (RHR
system)
pipelines

10  Means For Residual Heat Removal

containment
spray pumps

12



Table 2.1: VVER 1000 design parameters [28]. (Continue)

China Tianwan NPP Units

No Main Category Sub Category 384
Type of Double containment
Containment
Height 64.5m
11 Containment Inner diameter 44.0m
Design pressure 0.5 MPa
Leak tightness <0.3% at design pressure
12 Corium Catcher Steel+multicomponent system
Type TC6F-54
13 Turbine Thermal cycle HPC + 3LPC
BRU-K (turbine
bypass valve) BRU-K 60 %
Output
Direct Current  EPS 4 x 400 Ah CPS 1 x 2600
Power Supply Ah
Generator with
. . the Internal .
14 Electrical equipments Combustion 150 kW mobile DG

Turbine Drive

Diesel Generator

4 x5500kW

13



Figure 2.1: Primary circuit of VVER-1000 plant; (1) pressure vessel, (2) SG, (3)
main coolant pump, (4) pressurizer, (5) cold leg, (6) hot leg, (7) accumulator, (8)
PRZ pulse safety device valve, (9) relief tank, (10) injection system [28].

2.2 VVER 1200

The VVER-1200, also known as NPP-2006 or AES-2006, represents an advancement
of the VVER-1000, intended for both domestic and international markets. This reactor
design has undergone enhancements to improve fuel efficiency. The reactor achieves
a net thermal efficiency of 34.5 %. The VVER-1200 is capable of generating 1,198
MW of electrical power. It is designed for a lifespan of 60 years, with options for a 20-
year extension. The initial two units have been constructed at the Leningrad Nuclear
Power Plant Il and Novovoronezh Nuclear Power Plant Il. Additional reactors based
on the VVER-1200/491 design, similar to the Leningrad-I1 model, are also in the
planning and construction phases, including projects in Kaliningrad and Nizhny
Novgorod [29]. VVER-1200 type reactors have been built in Belarus, Russia, and
Finland, and are planned to be built in other countries. Four units are under
construction in Tiirkiye Akkuyu site near Mersin. The VVER-1200 nuclear reactor
integrates the design features of the previous generation models and new solutions that
ensure the achievement of the stated goals and reduce the risks of operation defects.

14
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The advantages of the well-developed and technically sound automated manufacturing
technologies of the VVVER-1000 reactor vessel are successfully used [30].

Design parameters for VVER-1200 St-Petersburg power plant has been presented in

Table 2.2 and components in Figure 2.2.

Table 2.2: VVER 1200 Design Parameters [31].

VVER-1200 (AES-2006) — the basic data, for the St

Petersburg AEP Parameters
Service life 60 years
Electricity output 1198 MWe gross
Reactor thermal output 3212 MWt
Heat supply capacity 300 MWt
Auvailability >90%
Power plant efficiency 34.5%
Unplanned automatic scram per year <l/year

Planned outage duration (annual) over seven years of operation

416/224/130 days, max

Duration of outage required every eight years to include turbine
disassembly

40 days, max

Number of operating personnel

0.42 person/MW

Design basis maximum fuel burn-up

60 MWd/kgU per fuel assembly

Fuel campaign duration 4 Years
Refuelling frequency 12(18) Months
Primary coolant temp. at core inlet 298.2 °C
Primary coolant temp. at core outlet 328.9°C
Primary coolant flow rate through reactor vessel 86000 m®/hour
Primary coolant pressure at reactor vessel outlet 16.2 MPa
Steam pressure at the steam generator outlet 7 MPa
Steam production rate per SG 1602 t/hour
Feed water temperature at SG inlet 225°C
Steam moisture content at SG outlet <0.2%

Total probability of core damage due to internal initiating events

<7.37x107/ reactor year

Total probability of accidental sequences involving large

releases caused by containment bypass or initial lack of leak <3.71x107°
tightness
Double containment dimension
External, protective, containment (reinforced concrete):
Internal diameter 50m
Height of dome 71.4m
Thickness (cylindrical section) 22m
Thickness (dome part) 0.8m
Internal, hermetic, containment (also reinforced concrete):
Internal diameter 44 m
Height of the dome 67.1m
Thickness (cylindrical section) 1.2m
Thickness (dome part) 1.1m

15
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Figure 2.2: Main Components of VVER-1200 plant and Reactor Vessel [31].
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3. MACHINE LEARNING

Rule-Based Expert systems, being valid approaches to control a physically isolated or
informatics system, falls short of distinguishing between co-dependent physical
parameters and deducing an actual decision. ML is a subdivision of Al that aims to
utilize computers as a medium to simulate human learning, which makes it possible
for them to execute processes independently while increasing precision by
continuously learning through a large data set [32, 33]. Methods for ML used in this
study were selected with respect to the intersection of commonly applied methods in
nuclear reactor transient detection in literature and availability of methods in Sci-Kit
Library.

3.1 K-Nearest Neighbors (KNN)

The K-Nearest Neighbors (KNN) algorithm is a widely utilized classification
technique in ML that operates under a supervised learning framework. It determines
the class of a test data point by evaluating the majority vote among its nearest
neighbors. The classification process is grounded in the feature space axes, where data
points are categorized based on their proximity to their nearest neighbors. The
distances between these points are measured using specific distance metrics pertinent
to the feature space. To assess the similarities among data points, various distance
metrics are employed to compute the distances, with Euclidean, Manhattan, and

Minkowski being among the most commonly used [33, 34].
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Figure 3.1: Overview of the K-Nearest Neighbor (KNN) method

Euclidean distance the direct distance between two points within a multi-dimensional
space. Its prevalent application may stem from its straightforwardness and clarity.
Grounded in the Pythagorean Theorem, it embodies the concept of the shortest route
in two-dimensional space [35].

dEuclidean = [¥%,(x; — v;)? (3.2)

Manhattan distance, namely L1 norm distance, serves a purpose in both spatial and
mathematical frameworks. For two points, denoted as (pl1) and (p2), in Euclidean n-
space, the Manhattan distance is calculated by summing the lengths of the projections
of the line segment connecting these points onto the respective coordinate axes. This
distance quantifies the city block distance between two locations, considering only
vertical and horizontal movements while traversing a grid-like geographical

arrangement [36].

dManhattan = ¥ |x; — v (3.2)

Both the Euclidean and Manhattan distance measures are in fact special cases of the

broader class of Minkowski distance measures, which are parameterized by p> 1 [37].
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dMinkowski = Y&, |x; — yilpl/p (3.3)

Selecting an appropriate value for K, referred to as K, is a significant factor that
influences the efficiency of the KNN algorithm. This K parameter dictates the number
of training samples involved in the decision-making process, with a larger K
encompassing more neighbors. There are inherent trade-offs in the choice of K, as a
smaller value can result in overfitting, whereas a larger value may cause under fitting.
Methods such as cross-validation can be employed to assess a range of K values,
facilitating a more informed selection. When analyzing models with K values greater
than 5, it is essential to examine the overall shape of their decision boundaries, as the
flexibility of KNN diminishes [38].

3.2 Decision Trees

A decision tree is a widely utilized algorithm in the fields of statistics and data analysis
that facilitates the creation of a model to interpret how data can lead to specific
conclusions. This approach employs a tree-structured model comprising decisions and
potential outcomes. The structure is characterized by nodes, branches, and leaves. The
nodes represent the various input features that are being analyzed. The branches
signify the decision rules applied to derive predictions, while the leaves indicate the

resultant outcomes of those predictions [39].

A decision tree is comprised of sequential binary splits that are selected to optimize
information gain at each division, with “information” typically measured by Gini
impurity or entropy. For classification tasks, the model designates the majority class,
while for regression, the average value of the training instances present in a leaf is
derived. A widely recognized limitation of decision trees is their propensity to over fit
the training data. To mitigate this, one common technique is pruning, which involves
applying a complexity parameter to eliminate splits that do not enhance the overall fit
of the tree [40].

Decision tree divides data nodes recursively into two sub-nodes with a higher
information gain than the previous node. To calculate the information gain,
randomness in the data which is represented as entropy (S) is defined as in Equation
4.

S = Yiz1—Ppilog(py) (3.4)
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Where pi is the probability of the i th event in the data given in Equation 5.

n;
pi = 8] (3.5)
where n; is the particular class. From here on out information gain (IG) can be

calculated by using Equation 6.

IG =S — (Zvevalues(A) %) Entropy (Sv) (36)

where Sy being the subset data after split and total subset S. The split location for each
feature is determined with respect to highest information gain [41]. The process is

summarized in Figure 3.2.

Conditions > Root Node
Alternatives —— Branch Branch
d N
Decision Node Decision Node
Qutcomes Branch
A
Leaf Leaf Leaf Leaf

Figure 3.2: Overview of the decision tree method
3.3 Random Forest

A random forest classifier is used for classification utilizing ensemble learning. This
method involves a collection of decision trees that work together to classify the most
common designation for each input instance. Random Forest utilizes the principle of
majority voting. Its mechanism generates a result according to the majority opinions
of the classifier's votes. In parallel, predictions are made for each individual decision
tree (see Figure 4). The ultimate prediction from the random forest is based on the
prediction that receives the highest vote count from the decision trees. This classifier

provides an effective method for discerning patterns within the input data [42].

A random forest is a classification algorithm that comprises a group of tree-structured

classifiers, as represented in the equation 7.

{h(x,z,), k =1,2..} (3.7)
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In this context, z, represents a collection of independent and identically distributed
random vectors, and each decision tree provides a single vote for the most prevalent
class corresponding to the input x as demonstrated in Figure 3.3 [43].

o0,

v Y
Result 1 Result 2 Result 3

Majority Voting/Averaging

Figure 3.3: Overview of the Random Forest method
3.4 Gradient Boosting

Gradient Boosting is an ensemble learning technique utilized for tasks involving
classification and regression. The method functions by training models in a sequential
manner, with each new model designed to address the mistakes made by the previous
one. In gradient boosting, every subsequent model is created with the purpose of
decreasing the loss function, like mean squared error or cross-entropy, of the earlier
model through gradient descent. At each iteration, the algorithm computes the gradient
of the loss function based on the predictions and then trains an additional weak model
to lower this gradient. The predictions from the new model are added to the ensemble,
and this cycle continues until a specific stopping criterion is met, as illustrated in
Figure 3.4 [44].
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Figure 3.4: Overview of the Gradient Boosting method

The statistical component of boosting is clarified by presenting a boosting algorithm
designed to enhance empirical risk through the application of steepest gradient descent

in the function space [45].

The goal is to approximate the classification function f(.) to accurately represent the
association between the independent variable X and the dependent variable Y. In this

context, the optimization challenge can be described in equation

f() =arg min{Ey'y [p(Y, 7 CO)]} (3.8)

Where p is the loss function, leading to least square regression of the mean

fG) =EXYIX =x) 3.9)
With observations (y, %1 ), s e, (%) X )

£y = argmin {37, p(yi, ()} (3.10)
3.5 Logistic regression

Logistic regression is a basic method used in ML, commonly applied to tasks involving
binary classification. It serves as a bridge between simple linear regression and more

advanced ML algorithms by providing a probabilistic framework to predict categorical
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outcomes. Logistic regression is a classification method, distinguishing itself from
regression through its primary objective of categorizing input into discrete classes
based on training set. Logistic regression aims to represent the association between a
dependent binary variable and one or multiple independent variables by employing the
logistic function. This sigmoid function converts a linear aggregation of input features
into a probability value that is limited to a range between zero and one. By doing so,
logistic regression enables the assignment of data points into categories based on a

given probability threshold, such as 0.5 for binary decisions [46, 47].

Provided a dataset that contains a distinctive set of features f; =

(X1, X9, X3, X4, X5y e Xj vn Xpy)

The output response variable y; for each input x; take on a value of either zero or one.
The response variable Y indicates the labeled class associated with the particular data
sample. The logistic regression (LR) method calculates the probability that the data

sample is classified into one of the two binary classes [48].

P(1lx,a) = — (3.11)

1+e~(@%)

P(0]x,a) =1—P(0|x, ) (3.12)

The linear equation representing the problem is expressed as y = xp3 + €, where y
denotes the column vector of the response variable, x signifies the matrix of the dataset,
B represents the parameter, and € accounts for the error term. In this context, y is treated
as a random variable that follows a probability distribution denoted as P(yi).

P ={, 7 ll% P (3.13)
Logistic function;

x;B
E=[y=1xfl =15 fori=123...n  (314)

1+e

Flow for logistic function classifier is provided in Figure 3.5.
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Figure 3.5. Overview of the Logistic Regression method
3.6 Support Vector Machine

Support Vector Machines (SVMs) are a versatile and powerful tool among the
alternatives of supervised ML. SVMs have gained prominence due to their excellence
in handling linearly and non-linearly separable data. They are especially recognized
for their efficacy in high-dimensional environments, making them suitable for
scenarios in which the quantity of features surpasses the number of available data
samples. At their core, SVMs operate by constructing hyperplanes in a
multidimensional space that optimally separate different classes of data points. The
objective is to identify a hyper plane that maximizes the distance between two classes,
thereby improving the model's capacity to generalize to new, unseen data, as illustrated
in Figure 3.6 [49].
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Figure 3.6: Overview of the SVM method

An intrinsic part of SVMs is the kernel trick, a mathematical technique that enables
SVMs to classify data that cannot be separated by a straight line, by mapping it to more
dimensional spaces. The prevalent kernels used in SVMs are linear, polynomial, radial
basis function, and sigmoid. Each of these kernels is designed to address various types
of non-linear patterns present in the data. While SVMs primarily perform well in
binary classification scenarios, they can be modified for multi-class classification by
employing techniques such as one-vs-one or one-vs-all methods. Additionally, SVMs
are robust against overfitting, mainly due to the regularization parameter. This enables
the adjustment of the balance between attaining a greater margin and reducing

classification mistakes on the training dataset [50].
Considering a binary classification case

{(x;,y),i=1,..,n,xeR™, ye + 1} (3.15)
Xi represents m-dimensional input vector, y; represents the category of x;, defining the

hyper plane

w.x+b=0 (3.16)
Provided w is weight factor and b represents bias, while satisfying

yilw.x;]+b =1 (3.17)
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Granting optimal hyper plane with

. 2
min (w) = §||w|| (3.18)

Lagrange is applied to solve the equation

2
Lw,b,a) = |wl|]” = XL, ayi(w.x; + b) + Tty e, (3.19)

a; = 0 Representing the Lagrange Multiplier, forming the decision function [50].
fx) = Qi aiyi(x; * x + b)) (3.20)
3.7 Multilayer Perceptron

The architecture of MLPs plays a crucial role in enabling these networks to model
complex systems and processes. A MLP consists of several layers, each designed to
process inputs and pass them to subsequent layers. The basic building block, the
neuron, is inspired by biological neurons and is primarily defined by its activation
function, which determines the neuron's output given a set of inputs. Typical activation
functions comprise the sigmoid, hyperbolic tangent, and rectified linear unit. Each
function introduces non-linearity into the network, enabling it to learn and model
sophisticated patterns and relationships that are typical in nuclear processes where
linear systems often fall short [51,52]. MLP is generally arranged with an input layer,
one or more hidden layers, and an output layer. Each layer serves a distinct purpose:
the input layer absorbs raw data, hidden layers transform the data, and the output layer
produces the result. The depth and width of hidden layers are significant parameters
that impact the network's capacity to learn. More hidden layers can capture complex
feature hierarchies, whereas wider layers may allow for broader feature representation.
This structural flexibility is critical in nuclear engineering applications, such as
predicting reactor behavior or optimizing control processes, where the problems are
characterized by vast input dimensions and require precise modeling [53, 54]. Training
a MLP involves adjusting the weights of connections between neurons, using
algorithms such as back propagation paired with an optimization technique like
stochastic gradient descent. These weights determine how strongly a neuron’s output
influences the subsequent layer. During training, the network learns by minimizing the
error between the predicted and actual outputs, iteratively refining the weights to
improve performance represented in figure 3.7 [55, 56]. A neuron can be

conceptualized as a computational unit that receives multiple input signals, processes
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them, and outputs a single value. This process is determined by a weighted sum of the
inputs, often integrated with a bias term, which represents an affine transformation.
The significance of this transformation is magnified by the application of an activation
function, which introduces non-linearity into the model. Without such non-linear
characteristics, the capacity of MLPs to solve complex problems would be severely
limited. Activation functions are pivotal in shaping the dynamics of neural networks,
dictating how the transformed inputs are propagated through layers of neurons. There
are several types of activation functions, each with distinct properties tailored to
specific problem domains. The sigmoid function, defined by its S-shaped curve,
compresses values between zero and one, making it suitable for scenarios requiring
probability estimations. The hyperbolic tangent, which maps inputs to a range between
-1 and 1, offers a more symmetric output, proving advantageous in certain types of
data normalization. ReLU, distinguished by its linear response to positive inputs and
saturation at zero for negative inputs, has become immensely popular because of its
computational effectiveness and capacity to address the vanishing gradient issue that

impacts deep neural networks [57].
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Figure 3.7: Overview of the Multilayer Perceptron method
3.8 Naive Bayes

Naive Bayes methods consist of a collection of supervised learning algorithms that
utilize Bayes' theorem under the assumption of conditional independence among each
pair of features, conditional on the class variable's value [58]. Bayes' theorem defines
the relationship between the class variable y and the dependent feature vector from x1

to Xxn as follows:

P(y)P(x1,....
P(y|xy, e xy) = W (3.21)
Utilizing naive conditional independence
P(x;|y, X1y oe e e X1, Xjg 1y e X)) = P(x;]Y) (3.22)
Product for all i
P I, P(x;
Pylxq, e ty) = H (3.23)
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Considering P (x4, .....xy) is constant, with classification rule
P(ylxy, ... x) < P(y) [Ti=1 P(xily) (3.24)

y = argmax P(y) [1j=1 P (x;|y) (3.25)

Maximum A Posteriori (MAP) estimation can be employed to estimate P(y) and

P(xily), where P(y) represents the relative frequency of class y within the training set
[59].
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4. DATA GENERATION FOR MACHINE LEARNING

ML applications require large amounts of training and test data to produce models
automatically. The data is used to generate models capable of making decisions
automatically (e.g., classifications, clustering, or predictions) directly from the input
data provided. Many widely used data-driven algorithms, such as SVMs, random
forests, or gradient boosting require numerical inputs and do not handle missing,
invalid, or infinite values properly. Preparing data for correct Al model training is
often as challenging and time-consuming as developing and refining the model itself.
In fact, data scientists reportedly spent about 80% of their time on data cleaning, model
training, and tuning [60]. Despite being a crucial step in creating reliable ML models,
the preparation of suitable data sets is neglected in almost 60% of ML studies [61].
Incomplete, incorrect, or irrelevant training and test data can lead to unreliable models,
which in turn can make poor decisions. Modern Al applications are often used in
programs capable of making decisions automatically. Trustworthy Al applications
require high-quality training and test data, including many dimensions of data quality

(e.g., accuracy, completeness, or consistency).

4.1 ASYST Code

The precise forecasting of thermal-hydraulic processes plays a critical role in ensuring
safety across various engineering systems and technologies. As a result, it constitutes
a significant area of active research and development in multiple industry sectors,
including power engineering, automotive, environmental, and food industries, among
others. Concerns regarding safety and efficiency are particularly paramount in the
nuclear energy sector. Numerous issues are currently being addressed, such as the
design of new reactors, extensions of service life, refurbishments of existing NPPs, the
development of new fuel elements, and methods for waste disposal, all of which
require a thorough analysis of thermal-hydraulic behavior. Many of these challenges
are not solvable through analytical means; consequently, advanced computer software

has been created. In response to this, a versatile simulation platform called ASYST
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was introduced in 2007, resulting from a collaboration between AGH University of
Science and Technology and Drives and Mining Controls. ASYST — A Graphic User
Interface for RELAP5S has been developed by Australia Simulator Technologies Pty.
The modeling capabilities of ASYST is extensive, enabling users to simulate systems
ranging from simple to complex scenarios [62]. Building on RELAP5S as its core,
ASYST incorporates various models that have been developed internationally. These
diverse physical models can be integrated to tailor the simulation, allowing ASYST to
be utilized for the analysis of Passage of Coolant Heat Exchangers (PCHX) as well as
real incidents such as LOCA. While modeling Horizontal PCHX and Combined
PCHX on simpler PCTRAN platforms can be complex, this particular test case was
seamlessly executed in ASYST. The passage flow is independently calculated from
junction flow using proximity algebra, which facilitates the setting of different levels
of mixing modeling and comparisons to original code simplifications available on
more accessible platforms. Furthermore, configuration testing has shed light on the
impacts of various configurations on PCHX and has yielded sensitivity analyses along
with recommendations for potential enhancements. To establish reliability, ASYST
has been validated against experimental data, making it suitable for both academic
research and industrial applications [63].

4.2 Transient Simulations

A transient is a change of reactor state from the steady state that may result in a change
in coolant temperature, pressure, reactor power etc. [64, 65]. As such, to simulate these
changes with respect to associated scenarios, it is necessary to first secure steady-state
simulation of VVVER-1000 reactors. All transient case simulations have to be achieved
with manipulation of steady-state input file with trip and/or reactivity cards which
adheres to the nodalization figure provided in figure 4.1, 50 reactor components, which
are vital to determine reactor’s behavior, given in Table 4.1 were chosen to acquire
operational data such as mass flow rate, pressure, temperature, volume saturation
temperature for partial pressure, saturation temperature for total pressure, volume
vapor fraction, reactor power, and water level, resulting in 91 features. These 91
features were used for training and validation of Al methods considered, detailed in
table B.1 in Appendix B.
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Figure 4.1: Nodalization of VVER-1000 power plant
Table 4.1. Hydrodynamic elements for nodalization
Element Element
Reactor Power Main Pump 1-4
Bypass Fuel Assembly (Hottest Water Level in Steam Generator 1 -
Channel) 4
Steam Generator 3 & 4 Outlet to
Downcomer Annulus .
Main Pump 3 & 4
Upper Plenum 1 Steam Line 1- 4 Safety Valve
Reactor Inlet Header 1 & 2 to Steam Generator 1 & 2 Secondary
Downcomer Annulus Side Inlet
Upper Plenum to Reactor Outlet Steam Generator 3 & 4 Primary Side
Header 1 Outlet
Reactor Outlet Hzader onlegl, 3, & Turbine Stop Valve

Reactor Inlet Header on Leg 3 & 4 Main Steam Header Valve 3 & 4

hot leg 3 & 4 to Steam Generator 3 & Feed Water Valve 1 - 4

4
Steam Generator 3 & 4 Lower Part Pressurizer Relief Valve 1 -3
Steam Generator 3 & 4 Medium Part Water Level in Pressurizer
Steam Generator 3 & 4 Upper Part Main Steam Header Valve 1
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The input file has 160 active trip cards to simulate scenarios, 101 of which are variable
and 59 logical. Logical trips bind other trips that can be logical or variable, to each
other, while variable trips deal with physical properties of the system such as pressure,
temperature, saturation temperature, flow rate, power and water level. Trip distribution

for block and type is provided in Table 4.2.

Table 4.2: Trips for input file

Trip Block Logical Variable
General Trips 12 25
Main Steam Isolation Valve Trip
Reactor Coolant Pump Trip 1.Block
Reactor Coolant Pump Trip 2.Block
Reactor Coolant Pump Trip 3.Block
Reactor Coolant Pump Trip 4.Block
Engineering Safety Features Trips 1.Block
Engineering Safety Features Trips 2.Block
Engineering Safety Features Trips 3.Block
Engineering Safety Features Trips 4.Block
Reactor Trip 1.Block
Reactor Trip 2.Block
Reactor Trip 3.Block
Reactor Trip 4.Block
Reactor Trip 5.Block
Steam Generator 1 Primary Side Depressurization
Steam Generator 2 Primary Side Depressurization
Steam Generator 3 Primary Side Depressurization
Steam Generator 4 Primary Side Depressurization
Pressurizer 1.Block
Pressurizer 2.Block
Pressurizer 3.Block 3
Grand Total 59 101
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For each transient sub-scenario, in order to achieve stable steady-state operation, 3500
seconds of steady-state operation was performed. The transients were initiated after
3500 s of simulation and SCRAM was activated 4 seconds after each transient
commenced. At first, the steady state full power operation case was simulated to
produce the reference case. This reference case was then used to generate transients.
Five major transients; reactivity insertion with rod withdrawal, steam leak from
pressurizer, loss of flow (LOFA), loss of coolant (LOCA) in hot leg, and LOCA in

cold leg were modelled. For rod withdrawal transient, the control rod was assumed to
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be fully in position at the beginning of the transient and rod withdrawal was performed
with 5% increments and for LOCA hot and cold leg transients, the break size was
increased with 5% increments while for steam leak from pressurizer and for loss of
flow transients, the number of valves in pressurizer and pumps that are involved in the
transient were increased one by one, resulting in a total of 53 sub-scenarios given in
Table 4.3.

Table 4.3: Sub-Scenarios for the transients

Main Transient

Sub-Scenario

Main Transient

Sub-Scenario

Steady State Steady State LOCA Hot Leg LOCAHotLeg55

Rod Withdrawal RodWithdrawal05 LOCA Hot Leg LOCAHotLeg60

Rod Withdrawal RodWithdrawal1l0 LOCA Hot Leg LOCAHotLeg65

Rod Withdrawal RodWithdrawall5 LOCA Hot Leg LOCAHotLeg70

Rod Withdrawal RodWithdrawal20 LOCA Hot Leg LOCAHotLeg75

Rod Withdrawal RodWithdrawal25 LOCA Hot Leg LOCAHotLeg80

Rod Withdrawal RodWithdrawal30 LOCA Hot Leg LOCAHotLeg90

Rod Withdrawal RodWithdrawal35 LOCA Hot Leg LOCAHotLeg85

Rod Withdrawal RodWithdrawal40 LOCA Cold Leg LOCAColdLeg05

Rod Withdrawal RodWithdrawal45 LOCA Cold Leg LOCAColdLegl10

Steam Leak from Pressurizer PrezLossl LOCA Cold Leg LOCAColdLegl5

Steam Leak from Pressurizer ~ PrezlLoss12 LOCA Cold Leg LOCAColdLeg20

Steam Leak from Pressurizer ~ PrezLoss123  LOCA Cold Leg LOCAColdLeg25

Loss of Flow LossofFlow4  LOCA Cold Leg LOCAColdLeg30

Loss of Flow LossofFlow34 LOCA Cold Leg LOCAColdLeg35

Loss of Flow LossofFlow234 LOCA Cold Leg LOCAColdLeg40

Loss of Flow LossofFlow1234 LOCA Cold Leg LOCAColdLeg45

LOCA Hot Leg LOCAHotLeg05 LOCA Cold Leg LOCAColdLeg50

LOCA Hot Leg LOCAHotLegl0 LOCA Cold Leg LOCAColdLeg55

LOCA Hot Leg LOCAHotLegl5 LOCA Cold Leg LOCAColdLeg60

LOCA Hot Leg LOCAHotLeg20 LOCA Cold Leg LOCAColdLeg65

LOCA Hot Leg LOCAHotLeg25 LOCA Cold Leg LOCAColdLeg70

LOCA Hot Leg LOCAHotLeg30 LOCA Cold Leg LOCAColdLeg75

LOCA Hot Leg LOCAHotLeg35 LOCA Cold Leg LOCAColdLeg80

LOCA Hot Leg LOCAHotLeg40 LOCA Cold Leg LOCAColdLeg85

LOCA Hot Leg LOCAHotLeg45 LOCA Cold Leg LOCAColdLeg90
LOCA Hot Leg LOCAHotLeg50
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4.2.1 Steady-state

In order to obtain the steady-state, all active trip cards have been assessed and modified
in a way that their set points are not reached, thus rendering them inactive without
compromising the unity of input file. For reactor to stabilize, 3500 seconds of
simulation time were granted and stabilization of all parameters were observed for 91
minor edit parameters (for features described before). Graphical representation for
reactor core outlet temperature, power, core inlet mass flow rate, pressure of
pressurizer, pressure of reactor, and steam generator water level for steady state sub-
scenario can be found in Figure 4.2 where timeline is set to O where transient begins,
covering 100 seconds for the period between 3500 and 3600 seconds of simulation.
Accumulators automatically kick in when pressure falls under 6079500 Pa and

pressurizer works as a balancer.
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Figure 4.2.1: Core inlet mass flow rate vs time for steady state
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Figure 4.2.2: Reactor power vs time for steady state
Pressurizer Pressure

180
160
140
120
100
80
60
40
20
0

0 10 20 30 40 50 60 70 80 90 100

Time (s)

Figure 4.2.3: Pressurizer pressure vs time for steady state
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Figure 4.2.4: Reactor pressure vs time for steady state
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Figure 4.2.5: Reactor core outlet temperature vs time for steady state
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Figure 4.2.6 Steam generator water level vs time for steady state
4.2.2 Reactivity insertion with rod withdrawal transient

Rod withdrawal transients in PWRs are initiated when control rod assembly are
withdrawn at a faster rate than that specified in the technical specification documents.

These events are primarily caused by operator errors and occur infrequently [66, 67].

To simulate reactivity insertion, scram table card was manipulated for positive
reactivity insertion for the first 4 seconds, followed by negative reactivity insertion
due to SCRAM since nuclear reactors respond to transients with automated SCRAM

which has 3 — 4 seconds response time.

The input segment modified for the transient is seen in Figure 4.3. The time trip 590
was arranged to initiate positive reactivity insertion after 3500 s of steady-state

operation.

The level of the transient was determined by data cards 20200103 and 20200104,
encapsulating the time frame between second 0 and 4 and 0.5 dollars of reactivity as a
parameter. Nine sub-scenarios were produced by increasing reactivity 0.5 dollars for

each scenario up to 4.5 dollars.
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590 time 0 gt null 0O 3500.0 1
*SCREM TRBLE DATAE CARD

20200100 reac-t 590

®

20200101 -1.0 00.0000000
20200102 0.0 00.0000000
20200103 0.0 00.4500000
20200104 4.0 00.4500000
20200105 4.1 -01.4512300

20200106 5.5 -12.7841300

20200107 5.75 -14.4876400
20200108 6.4 -15.9763000
20200109 10000. -15.5763000

#20200110 10000. -15.9763000

Figure 4.3.1: Scram table for rod withdrawal transient

Graphical representations for reactor core outlet temperature, power, core inlet mass
flow rate, pressure of pressurizer, pressure of reactor and steam generator water level
for RodWithdrawal05 sub-scenario can be found in Figure 4.4 where timeline is set to
0 where transient begins, covering 100 seconds for the period between 3500 and 3600
seconds of simulation. As expected, for rod withdrawal sub-scenario, power profile
shows an increase for 4 seconds and then displays a steep decrease as SCRAM kicks
in. After 4" second the pressurizer kicks in to support reactor, resulting in a minor
increase mass flow in the core, while pressure of pressurizer and reactor decreases
slightly and core temperature increases for 4 seconds and decreases to 535 K in
accordance with SCRAM with power production.
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Figure 4.3.2: Core inlet mass flow tate vs time for for rod withdrawal transient
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Figure 4.3.3: Pressurizer pressure vs time for rod withdrawal transient
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Figure 4.3.3: Reactor power vs time for rod withdrawal transient
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Figure 4.3.4: Reactor pressure vs time for rod withdrawal transient
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Figure 4.3.5: Reactor core outlet tempertature vs time for rod withdrawal transient
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Figure 4.3.6: Steam generator water level vs time for withdrawal transient
4.2.3 Steam leak from pressurizer transient

The pressurizer is a vertical cylindrical vessel filled with water, heated by electrical
heaters/steam lines. Its function is to continuously monitor and control the pressure
variations in the primary loop, to control or compensate for the variations of mass and
volume of water in the primary water circuit during reactor operation, and to maintain
the water in the reactor in liquid state even at high temperature. It is a critical
component in a PWRs and is a part of the primary cooling system having water under
pressure [68]. To simulate the Steam Leak from Pressurizer scenario, trip valves with
element number 528, 529, and 530 which are connected to element 527 that is in the
pressurizer block in nodalization Figure 4.5, were manipulated with a time trip 419
that initiates at second 3500 of the simulation, causing the trip valves to open and
hence simulate the leak from pressurizer. Since trip valves operate with a binary
perspective, that is “open” or “closed”, three sub-scenarios have been assessed, with

only 1, 2 and then respectively all 3 have been opened.
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¥500 time 0 gt  null 0 5.0 1

419 time 0 gt null 0 3500. n
500 p 134010000 gt null 0 5.6et06 n -1.0

499 p 134010000 gt null 0 7.1%+06 n -1.0
650 500 and 651 n  -1.0

N N
5280000 trpvlv valve

5280101 527010002 531000000 0.00165 0.0 0.0 0000120 1.0 1.0 1.0
5280201 1 0.0 0.0 0.0

5280300  trpvly

5280301 419 %578

N

5290000 trpvlv valve

5290101 527010002 535000000 0.00165 0.0 0.0 0001120 1.0 1.0 1.0
5290201 1 0.0 0.0 0.0

5250300  trpvlv

5290301 666

N

5300000 trpvlv valve

5300101 527010002 536000000 0.00165 0.0 0.0 0001120 1.0 1.0 1.0
5300201 1 0.0 0.0 0.0

5300300  trpvlv

5300301 666

k *

Figure 4.4.1: Trip card input for steam leak from pressurizer transient

Graphical representations for reactor core outlet temperature, power, core inlet mass
flow rate, pressure of pressurizer, pressure of reactor, steam generator water level and
relief valve mass flow rate for PrezLoss123 sub-scenario can be found in Figure 4.6
where timeline is set to 0 where transient begins, covering 100 seconds for the period
between 3500 and 3600 seconds of simulation. As expected, mass flow for relief valve
displays almost an instant increase and continues to flow although rate decreases in
time of simulation. Pressurizers kick in at 4" second increasing Core Inlet mass flow
rate, but due to strong loss of pressure from trip valves pressurizer and reactor pressure
shows a strong decrease while outlet reactor temperature shows an expected fall due
to SCRAM.
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Figure 4.4.2: Core inlet mass flow rate vs time for steam leak from pressurizer
transient
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Figure 4.4.3: Reactor power vs time for steam leak from pressurizer transient
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Figure 4.4.4: Pressurizer pressure vs time for steam leak from pressurizer transient
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Figure 4.4.5: Reactor pressure vs time for steam leak from pressurizer transient
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Figure 4.4.6: Reactor core outlet temperature vs time for steam leak from pressurizer
transient
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Figure 4.4.7: Steam generator water level vs time for steam leak from pressurizer
transient

47



Relief Valve Mass Flow Rate

40

30

20

Mass (kg/s)

10

0 10 20 30 40 50 60 70 80 90 100

Time (s)

Figure 4.4.8: Steam generator water level vs time for steam leak from pressurizer
transient

4.2.4 Loss of flow transient

The pump trip is defined as the loss of flow transient since during which the nominal
coolant flow reduces in a way that impacts the cooling of the reactor core [69]. To
simulate loss of flow with pump trip scenario, main circulation pumps defined in
element numbers 107, 207, 307, and 407 were manipulated with time trip 419 that
initiates at second 3500, causing pumps to coast down and entirely stop at second 104
after initiation. 4 sub-scenarios have been assessed, with only 1, 2, 3 and then

respectively all 4 pumps coasted down.

x TRIP CARDS
o 4
*500 time 0O gt null 0 5.0 1

419 time 0 gt null 0 3500. n

500 P 134010000 gt null 0 5.6e+06 n -1.0

4599 8] 134010000 gt null 0 7.15e+0é n -1.0

650 500 and 651 n -1.0
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1070000 kkpumpl pumnp

1090101 ©.56745 0.0 3.0 0O S0.0 1.72 0O

1070108 106080002 0.56745 1.1 0.0 0001000

107010% 108010001 0.56745 1.1 0.0 0001000
8

1070200 113 15.75=0& 578.0 .D=-06
1070201 1 4488.3775 0.0 0.0
1070202 1 4488.3775 0.0 0.0
1090301 -2 -1 -3 -1 © o 0O

1070302 104,67 1.0 €.111111 82.5 40820.0 4.0=04 727.0
1070202 0.0 0.0 0.0 0.0 0.0

#1070310 0.0 0.0 -1.0

*pump coast dnwd

1076100 41% time

1076101 0.0 104.67

1076102 0.5 9%.337
1076103 1.0 5S6.59
1076104 2.0 91.%92
1076105 2.0 87.52
1076106 5.0 g0.05
1076107 7.0 T71.594

1076108 10.0 £5.65%9
107610%  20.0 43.00
1076110 30.0 38.265
1076111 s50.0 21.73%
1076112 7T0.0 14.45

1076113 80.0 12.625
1076114 S0.0 10.826
1076115 100.0 3.776
1076116 104.0 O.0

1076117 10000.0 0.0

Figure 4.5.1: Trip card input for loss of flow transient

Graphical representations for reactor core outlet temperature, power, core inlet mass
flow rate, pressure of pressurizer, pressure of reactor, steam generator water level and
coolant pump mass flow rate for LossofFlow1234 sub-scenario can be found in Figure
4.8 where timeline is set to 0 where transient begins, covering 100 seconds for the
period between 3500 and 3600 seconds of simulation. Both core inlet mass flow rate
and coolant pump mass flow rate gradually decrease, with respect to coast down values
of pumps, hence simulating the pump trip, while outlet reactor temperature shows an
expected fall due to SCRAM.
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Figure 4.5.2: Core inlet mass flow rate vs time for loss of flow transient
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Figure 4.5.3: Reactor power vs time for loss of flow transient
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Figure 4.5.4: Pressurizer pressure vs time for loss of flow transient
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Figure 4.5.5: Reactor pressure vs time for loss of flow transient
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Figure 4.5.6: Reactor core outlet temperature vs time for loss of flow transient
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Figure 4.5.7: Steam generator water level vs time for loss of flow transient
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Figure 4.5.7: Coolant pump mass flow rate vs time for loss of flow transient
4.2.5 Loca in hot leg transient

A LOCA can be defined as an event that results in the loss of coolant inventory, leading
to potential core damage. When there is a break in a component of the Reactor Coolant
System (RCS), whether large or small, water at high pressure and temperature escapes
from the loop, and there are two different scenarios for the reactor core. For large break
LOCA events, a rapid loss of coolant occurs that takes a few seconds off the RCS,
resulting in low coolant level and uncontrolled core heat up. For small break LOCA
events, coolant is continuously lost from the RCS, the steam generators can continue
to cool the core [70, 71]. In order to simulate LOCA in Hot Leg, a valve element was
placed between reactor core outlet and steam generator primary side inlet in loop 1
with time trip cards 507 that initiates at second 3500 and 508 that ends at second
25.000, exceeding time of the simulation, practically causing motor valve to stay open.
The water flowing into the reactor building was simulated by draining the primary
coolant to time depended volume defined as element 350. To diversify for sub-
scenarios, area of the valve was manipulated with respect to percentage of the sub-
scenario requirement. With 5% increase in diameter resulting in 15 sub-scenarios

ranging with intensity of 5% up to 90%.
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o TRIF CARDS

A
S07 time 0 gt null o 3500. n ‘I
S08 time 0 gt null o 25010. n

00 P 134010000 gt mnull 0 5.6=+06 n -1.0

495 P 134010000 gt null 0 7.15e+0&6 n -1.0

650 300 and €51 n -1.0

651 495 or G350 n -1.0

498 P 234010000 gt null 0 5.6e+06 n -1.0

497 P 234010000 gt null O 7.15e+0&6 n -1.0

3450000 coll valve *Hot Loca Valve

3450101 100010002 350000000 0.028 Jo0.0 0.0 1100
3450201 1 0.0 0.0 0.0
3450300 mtrvlv

3450301 507 508 0.333 0.0

Figure 4.6.1: Trip card input for LOCA in hot leg transient

Graphical representations for reactor core outlet temperature, power, core inlet mass
flow rate, pressure of pressurizer, pressure of reactor and steam generator water level
for LOCAHotLeg50 sub-scenario can be found in Figure 4.10 where timeline is set to
0 where transient begins, covering 100 seconds for the period between 3500 and 3600
seconds of simulation. A sharp decrease in core inlet mass flow rate can be observed
as expected, simulating a LOCA Hot Leg. Pressurizer tries to compensate at 4" second
of mass flow rate and even though accumulators kick in 12" second resulting in a brief
and small increase LOCA level is 50% and steep loss of mass flow rate follows.
Pressurizer and Reactor Pressure shows a strong decrease and Reactor Temperature
falls in the order of 200 K.
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Figure 4.6.2: Core inlet mass flow rate vs time for LOCA in hot leg transient
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Figure 4.6.3: Reactor power vs time for LOCA in hot leg transient
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Figure 4.6.4: Pressurizer pressure vs time for LOCA in hot leg transient
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Figure 4.6.5: Reactor pressure vs time for LOCA in hot leg transient
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Figure 4.6.6: Reactor core outlet temperature vs time for LOCA in hot leg transient
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Figure 4.6.7: Steam generator water level vs time for LOCA in hot leg transient

4.2.6 Loca in cold leg

LOCA in the cold leg was simulated similar to LOCA in the hot leg only with change
of the position of the valve 349. Instead of it being connected to exit of the reactor
core represented with element 1000100002, it is now connected to the inlet of the
reactor core represented with element 408010002. The dump again was to the time

dependent volume component 350.
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497

3450000
3450101
3490201
3450300
3490301

TRIFP CARDS

0 gt null o 3300. n %
] gt null o 25010. n
134010000 gt null O 5.&s+06 n -1.0
134010000 gt null 0 7.15e+06 n -1.0
and &51 n -1.0
or &30 n -1.0
234010000 gt null 0 5.6e+06 n -1.0
234010000 gt null O 7.15e+06 n -1.0
fatatl | dadiye *Cold Loca Valve

408010002 § 350000000 0.028 0.0 0.0 1100

o0 o.0 0.0
mtrvlyv
809 508 0.333 0.0

Figure 4.7.1: Trip Card input for LOCA in cold leg transient

Graphical representations for reactor core outlet temperature, power, core inlet mass

flow rate, pressure of pressurizer, pressure of reactor and steam generator water level

for LOCAColdLeg05 sub-scenario can be found in Figure 4.12 where timeline is set

to 0 where transient begins, covering 100 seconds for the period between 3500 and

3600 seconds of simulation. A timid decrease in core inlet mass flow rate can be

observed as expected, in line with the level of intensity of transient hence simulating

a Cold LOCA. Pressurizer tries to compensate at 4™ second of mass flow rate and even

though accumulators kick in 28" second resulting 40 seconds supporting since LOCA

level is 5% and mass flow still exists in also there is a medium decrease. Pressurizer

and reactor pressure shows an expected decrease and reactor temperature falls in the
order of 60 K.
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Figure 4.7.2: Core inlet mass flow rate vs time for LOCA in cold leg transient
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Figure 4.7.2: Reactor power vs time for LOCA in cold leg transient
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Figure 4.7.3: Pressurizer pressure vs time for LOCA in cold leg transient
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Figure 4.7.4: Reactor pressure vs time for LOCA in cold leg transient
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Figure 4.7.5: Reactor core outlet temperature vs time for LOCA in cold leg transient
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Figure 4.7.6: Steam generator water level vs time for LOCA in cold leg transient
4.3 Data Collection

Since there were many simulations to perform, a batch file was produced to parse all
input files automatically and continuously. The batch file takes parameters of input file
names and runs ASYST code then deletes “.r” files before starting the other simulation
since “.r” file is a very large dataset and produce problems from a memory
management standpoint. The batch file generated is given in Figure 4.13
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asyst.exe —-i LocaColdLeg05.
del LocaColdLegO5.r
asyst.exe —-i LocaColdLeglO.
del LocaColdLeglO.r
asyst.exe —-i LocaColdLegls.
del LocaColdLegl5.r
asyst.exe —-i LocaColdLeg20.
del LocaColdLeg20.r
asyst.exe —-i LocaColdLeg25s.
del LocaColdLeg25.r
asyst.exe —-i LocaColdLeg30.
del LocaColdLeg30.r
asyst.exe —-i LocaColdLeg3s.
del LocaColdLeg35.r
asyst.exe —-i LocaColdLeg40.
del LocaColdLeg40.r
asyst.exe —-i LocaColdLeg4s.
del LocaColdLeg45.r
asyst.exe —-i LocaColdLegs0.
del LocaColdLegS0.r
asyst.exe —-i LocaColdLegss.
del LocaColdLegi5.r
asyst.exe —-i LocaColdLegel.
del LocaColdLegel.r
asyst.exe —-i LocaColdLegés.
del LocaColdLeg&5.r
asyst.exe —-i LocaColdLeg70.
del LocaColdLeg70.r
asyst.exe —-i LocaColdLeg75.
del LocaColdLeg75.r
asyst.exe —-i LocaColdLeg80.

i

LocaColdLeg05.
LocaColdLegl(O.
LocaColdLegls.
LocaColdLeg20.
LocaColdLegZs.
LocaColdLeg30.
LocaColdLeg35.
LocaColdLegdO.
LocaColdLeg45.
LocaColdLegs0.
LocaColdLegs5.
LocaColdLeg&O.
LocaColdLeges.
LocaColdLeg70.
LocaColdLeg75.

LocaColdLegs0.

LocaColdLeg05.
LocaColdLegl(O.
LocaColdLegls.
LocaColdLeg20.
LocaColdLegZs.
LocaColdLeg30.
LocaColdLeg35.
LocaColdLegdO.
LocaColdLeg45.
LocaColdLegs0.
LocaColdLegs5.
LocaColdLeg&O.
LocaColdLeges.
LocaColdLeg70.
LocaColdLeg75.

LocaColdLegs0.

Figure 4.8: Batch block for ASYST simulation

All input files, after a simulation of approximately half an hour, produced an output
file, consisting all simulations data. In order to obtain the data that is going to be used
for Al training, 91 distinct “minor edit” cards were utilized, which outputs element

and associated parameter value per second. Example of declaration in input file was

supplied in figure 4.14.
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* PRESSUEE

*Pipe Minor Edit

301 mflow] 300010000
302 mflow] 301010000
303 mflowj 302010000
304 mflowj 303010000
305 mflowj 304010000
306 mflow] 305010000
307 mflow] 306010000
308 mflowj 308010000
309 mflowj 400010000
310 mflow] 401010000
311 mflow] 402010000
312 mflowj 403010000
313 mflowj 404010000
314 mflow]j 405010000
315 mflow] 406010000
316 mflowj 408010000
317 mflowj 305010000
3168 mflowj 508010000
31% p 300010000

320 p 301010000
321 p 302010000
322 p 303010000
323 p 304010000
324 p 305010000

Figure 4.9: Minor edit variables for input file

The minor edit results in data segments as seen in Figure 4.15 as block of time values
for 50 seconds and repeating for respective minor edit columns. Then it is divided by
unrelated data segment until it starts for the next block of 50 seconds and related minor
edit data.

1 time mflowj mflowj P hs] P P tempf tempf tempf
(sec) 307010000 407010000 107010000 207010000 307010000 407010000 107010000 207010000 307010000
(kg/sec) (kg/sec) (Pa) (pa) (Pa) (Pa) (K) (K) (K)
0.000000 4486.4 4488.4 1.57500E+07 1.57500E+07 1.57500E+07 1.57500E+07 578.01 576.01 576.01
1.000000 4438.6 4377.1 1.46188E+07 1.46206E+07 1.46208E+07 1.46209E+07 571.38 577.03 571.37
2.000000 4468.2 4423.2 1.50482E+07 1.504%0E+07 1.50501E+07 1.50503E+07 570.33 573.13 570.32
3.000000 4466.1 4454.6 1.56677E+07 1.56678E+07 1.56672E+07 1.56698E+07 569.40 570.03 569.42
4.000000 4465.¢6 44€8.6 1.56990E+07 1.56990E+07 1.56%88E+07 1.57011E+07 568.13 568.23 566.44
5.000000 4475.1 4488.2 1.57252E+07 1.57252E+07 1.57255E+07 1.57273E+07 566.49 566.50 567.61
©€.000000 4486.6 4507.9 1.57329E+07 1.57329%9E+07 1.57336E+07 1.57350E+07 564.70 564.70 566.68
7.000000 4495.9 4516.3 1.57214E+07 1.57214E+07 1.57223E+07 1.57236E+07 563.55 563.55 565.75
8.000000 4501.2 4513.2 1.57247E+07 1.57247E+07 1.57253E+07 1.57268E+07 563.33 563.33 565.09
$.000000 4502.2 45305.0 1.57328E+07 1.57328E+07 1.57333E+07 1.57348E+07 563.65 563.65 564.78
10.00000 4501.1 4498.1 1.57491E+07 1.57491E+07 1.574%4E+07 1.57512E+07 564.06 564.086 564.73
11.00000 4500.2 4494.8 1.57736E+07 1.57736E+07 1.57738E+07 1.57757E+07 564.34 564.34 564.77
12.00000 4500.7 4494.8 1.58004E+07 1.58004E+07 1.58005E+07 1.58025E+07 564.44 564.44 564.78
13.00000 4502.8 44%6.8 1.58252E+07 1.58252E+07 1.58253E+07 1.58273E+07 564.38 564.39 564.69
14.00000 4506.3 4495.9 1.56484E+07 1.58483E+07 1.58485E+07 1.58506E+07 564.22 564.22 564.51
15.00000 4510.4 4503.2 1.58657E+07 1.58657E+07 1.5865B8E+07 1.58678E+07 564.00 564.00 564.25
16.00000 4514.1 4505.8 1.58744E+07 1.58744E+07 1.56745E+07 1.58765E+07 563.78 563.78 563.99
17.00000 4517.0 4507.7 1.58785E+07 1.587853E+07 1.58786E+07 1.58806E+07 563.59 563.59 563.75
18.00000 45168.89 4508.7 1.58799E+07 1.5879%E+07 1.58800E+07 1.58820E+07 563.46 563.4¢6 563.57
15.00000 4519.% 4508.2 1.58808E+07 1.58808E+07 1.58808E+07 1.58828E+07 563.37 563.38 563.45
20.00000 4520.5 4508.6 1.58829E+07 1.5882%E+07 1.58830E+07 1.58851E+07 563.31 563.31 563.37
21.00000 4521.1 4510.3 1.58861E+07 1.58861E+07 1.56862E+07 1.58882E+07 563.25 563.25 563.30
22.00000 4521.8 4511.2 1.58900E+07 1.58900E+07 1.58%01E+07 1.58822E+07 563.17 563.17 563.24
23.00000 4522.9 4512.4 1.58947E+07 1.58947E+07 1.58G48E+07 1.58368E+07 563.08 563.08 563.16
24.00000 4524.1 4513.8 1.58982E+07 1.58982E+07 1.58983E+07 1.58003E+07 562.97 562.97 563.06
25.00000 4525.¢6 4515.3 1.58015E+07 1.590135E+07 1.5%016E+07 1.58036E+07 562.85 562.85 562.94
26.00000 4527.1 4516.8 1.59041E+07 1.59041E+07 1.5%041E+07 1.58062E+07 562.73 562.73 562.82

Figure 4.10: Minor edit data output
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For an Al training, data must be in format of continuous rows for minor edit columns.
After pasting the related data to excel, two macro codes were utilized to manipulate
the data to achieve 100 seconds of transient simulation for each sub-scenario. The
visual studio code block that marks related rows and converts repeating row patterns

to columns are given in Figure 4.16 and Figure 4.17, respectively.

"Sub Findvalue ()

Dim i As Long

Dim j As Long

Dim k As String

Dim 1 As String

Dim ¢ As Range

Dim d As Range

Dim firstAddress As String

With Worksheets (1) .Range (""Al:A400000"")

Set ¢ = .Find(1l, LookIn:=xlValues, loockat:=xlWhole)
If Not ¢ Is Nothing Then
Do

1 = CDbl(Right (c.Address, Len(c.Address) - 3))

j =1 + 53

k= "VA"" & CStr(i) & "":A"™ & CStr(j)

Worksheets (""Sheetl"") .Range (k) .Value = 3

Set ¢ = .ﬁindNext(c)

Loop While Not ¢ Is Nothing

End If

End With

End Sub

Figure 4.11: Macro code for converting rows to columns
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"Sub Transpose my cells ()
Dim i As Integer

Dim § As Integer
Dim z As Integer
Dim x As Integer
Dim Y As Integer
Dim k As String
Dim 1 As String

Dim rangel As String

Dim range2 As String

Dim ¢ As Range

Dim d As Range

Dim firstAddress As String

- n TIA" n

K" n

— nn

k
1
i=1
]
X

= 54
= 12
For z
i=41i+ 54
J J + 54
rangel = k & C5tr(i) & 1 & CStr(j)
Worksheets (""Sheet2"") .Range (rangel) .Copy
Worksheets (""Sheet2"") .Cells (1, x).PasteSpecial
x=x + 11

1 To 22

Next z
End Sub"

Figure 4.12: Macro code for row marking

The resulting structured data segment, that is executable and usable for Al

implementation is seen in Figure 4.18.

TIME flow;3000100Klow 3010100fl0wj3020100{ ortrlsarfjontrvardontdvar JmpfSOSO100How 1510000 fow 1630000jlow 5230000 0w S300000| TRANSENTHD | TRASIENT AG__| TRANSIENT GENEL JENT GEREL
F500]_ 46k 3 486.2 | 21701 | 21701 2.1701] 555 417.27 [ STEADVSTATE G |53 1
3501] 46k, 3 4B6.2 | 21633 | 21701 21 | 555 415.51 i STEADYSTATE G |35 1
3502|466, 3 4862 | 21693 | 217 |2689] 555 552 i STEAGYSTATE 6|55 1
F503]__aek. 3 456 27 | 2t | 21 | 555 7.04 0 STEADVSTATE G |33 1
3 486.2 | 20701 217 | 2te01| 555 7.23 i STEADVSTATE G |33 1
3 4862 | 217 |2#a3] 21701 555 £.75 i STEAGYSTATE 6|55 1
3 486.2 | 21701 | 21639 | 21701 555 741 i STEADVSTATE M EE] 1
3 486.2 | 21693 | 217 | 2699 555 41547 i STEADVSTATE G |33 1
3 4562 | 21699 | 21700 | 21689 555 415.43 i STEAGYSTATE 6|55 1
3 4862 | 217 | 217 | 2633 555 1700 0 STEADYSTATE G |33 1
3 486.2 | 21701 | 2633 217 | 555 17.21 0 STEADVSTATE G |33 1
3 4862 | 217 | 217 |21v01] 555 4577 i STEAGYSTATE 6|55 1
H 3 4862 | 27| 217 |2t701] 555 17,31 0 STEADVSTATE G |55 1
] 3 3 486.2 | 21693 | 21701 217 | 555 475, 0 STEADVSTATE G |33 1
S 3 4562 | 21699 | 21633 | 29639 | 555 q i STEAGYSTATE G |55 1
55| d616 3 486.2_| 217 | 283 zba3] 555 415.55 [ STEADVSTATE G |55 1
SB[ a6t 3 4862 | 2qmn| 217 | 217 | 555 17, 0 STEADVSTATE G |33 1
ST dbt6 3 456, 217|201 217 | 555 4t6.2 i STEADVSTATE G |55 1
ESE 3 4862 | 21693 | 217 | 21v01| 555 5.1 i STEADYSTATE G |55 1
513 dete. 3 486.2 | 2.1699 | 21639 | 21701 555 5. 0 STEADVSTATE G |33 1
3520|466, 3 436 17 | 2f |2693] 55 416.37 i STEADYSTATE G |35 1
3521|4616, 3 4B6.2_| 2701 | 217 | 21689 555 H7.21 i STEAGYSTATE 6|55 1
3522] a6t 3 456 207 | 21701 | 2699 555 4.7 0 STEADVSTATE G |33 1
3523]_a6t. 3 486 217 |2%33] 217 | 555 4.5 i STEADVSTATE G |33 1
24| __abie. 3 4562 | 21699 | 21683 | 21701 555 415.25 i STEAGYSTATE 6|55 1
3525] a6, 3 456 555, 415.54 i STEADVSTATE M EE] 1
F526] a6k, 3 456 555, 416,58 i STEADVSTATE G |33 1
27| _abie. 3 456, 555 PATAE) i STEAGYSTATE 6|55 1
3525|4616, 3 456, 555 4155 0 STEADYSTATE G |33 1
3523] a6t 3 456 555, 415.26 0 STEADVSTATE G |33 1
3530|466, 3 456, 555 416.75 i STEAGYSTATE 6|55 1
3531] 46 3 456, 555 71 0 STEADYSTATE G |33 1
3532]_a6t. 3 456 555, 417.07 0 STEADVSTATE G |33 1
3533|466 3 456, 555 71z i STEAGYSTATE G |55 1
3534|466, 3 456, 555 41523 [ STEADVSTATE G |55 1
3535]_a6t. 3 456 555, 13 0 STEADVSTATE G |33 1
B3| _4bi6. 3 456, 555 57 i STEADVSTATE G |55 1
IE3T|_abie. 3 456, 555 707 i STEADYSTATE G |55 1
3535]_a6Te. 3 456 555, 7,25 0 STEADVSTATE G |33 1
533] 4616, 3 436 555, 7.43 i STEADYSTATE G |35 1
3540] 4616, 3 456.2_| 555 533 i STEAGYSTATE 6|55 1
3541 aetea | 31302 | Meee |2%99] 21701] 21v01] 5551 | a4efa | 41508 0 | STEACVSTATE | NNG |55 1
416, 3 486 27 | 2t |2%39] 55 27 i STEADVSTATE G |33 1
5|_db16 3 4862 | 217 | 2133 | 21689 555 417 i STEAGYSTATE 6|55 1
] IR 3 486.2_| 21701 | 21639 | 21699 555 417.25 i STEADVSTATE M EE] 1
6T 3 456 T 21 | 21 | 555 17, i STEADVSTATE G |33 1
45|46, 3 4562 | 21699 | 21701 | 21701 555 415.35 i STEAGYSTATE 6|55 1
a7 _agk. 3 486.2 | 2.1699 | 21701 | 21701 555 414.57 i STEADVSTATE M EE] 1
a5 agk. 3 456 1699 | 21701 | 217 | 555 1551 i STEADVSTATE G |33 1
4516, 3 486.2 | 217 | 233 217 | 555 1651 i STEAGYSTATE 6|55 1
3550]_a616. 3 486.2_| 21701 | 21639 | 29639 | 555 716 0 STEADYSTATE G |33 1
3551]_agk. 3 486.2 | 2t01| 21 | 21 | 555 417.27 0 STEADVSTATE G |33 1
3552| 46k, 3 4862 | 21693 | 217 | 217 | 555 415.32 i STEADYSTATE G |55 1

Figure 4.13: Structured data segment
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5. DEVELOPMENT OF Al MODELS

5.1 Formatting and organizing data

Training data in general consists of a set of data points utilized to instruct ML models
and data mining models. It helps systems to identify useful patterns for prediction,
decision-making, and related tasks. Training data is pivotal for constructing high-
quality and unbiased models: it fundamentally determines the upper bounds of
evaluation metrics. Moreover, without appropriate training data, the positive effect of
other components, such as model architectures and hyper parameters, could be
diminished [72]. Outliers are examples that differ considerably from other examples
in the same target space. Outliers can, for example, be large errors between predicted
and true target values. Detecting outliers is important in safety-critical applications,
and interesting interactions may be missed in the presence of extreme examples. There
are two basic scenarios of outlier detection: in the first one, it is known a priori whether
or not the data set is clean therefore the aim is to process data set in such a way to
lessen the impact of the most effectual outliers; in the second one, the data is not
examined therefore the aim is to provide a rule that assigns a binary label to examples
[73].

5.2 Setting up Training and Validation Sets

The training and validation data of this work has been produced through simulations
of coded software hence removing outliers is not a necessary task. The training dataset
therefore was used to set the Al model parameters. The validation dataset was utilized
during the training process to assess the Al model’s ability to generalize a dataset that
is distinct from the training set. Validation dataset is crucial for evaluating the
performance of the Al model since it makes it possible to verify the robustness of the
model, in addition to its overall performance [74]. It is important that validation set

must present well-distributed data in all classes of the label.

One problem with random sampling arises when dealing with datasets composed of

different classes. For a multi-class classification task, randomly selected data points
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may not guarantee that each class is adequately represented in the validation set [75].
As a result, it may happen that either a class is not represented in the validation set at
all or that one class is significantly under-represented compared to other classes. In
general, 80% training and 20% validation dataset distribution is standard in Al and
ML practices in literature. Therefore in the data acquisition process, 91 features were
normalized for training data set compromised of 4085 rows using their respective
minimum and maximum values to train the methods, while 1030 rows were reserved
for validating their performance. In this study, every sub-scenario typically has 100
seconds of simulation data except LocaColdLeg80 and LocaColdLeg85 which have
simulation time of 43 seconds and 29 seconds respectively due to simulation
constraints. However, 80% to 20% training to validation ratio was kept constant across

all sub-scenarios.

In this study, in order to present under-representation, stratified sampling was used,
where the data set was first divided into strata (subsets) so that all data points within
the stratified subset belonged to the same class. Afterwards, random sampling was
applied on these strata to form the training and validation sets. Stratified sampling is
crucial in the case of imbalanced classes, where the number of examples in one class
is orders of magnitude smaller than in other classes [76]. To compensate for lack of
representation in the cases, every sub-scenario was presented equally in training being
80% and validation being 20% with cases represented both before and after SCRAM
initiation hence covering both cases of the simulations.

Data normalization serves as a fundamental pre-processing technique that improves
the accuracy of forecasting and prediction models. This process entails converting the
existing data range into a new, standardized range. Normalization plays a vital role in
ensuring consistency across different prediction and forecasting methods. By
standardizing the range of independent variables or features within a dataset, data
normalization boosts the reliability and comparability of various predictive models,
leading to more stable results [77]. Normalization is the procedure of modifying
numerical columns to conform to a standardized scale, which is crucial for datasets
that include attributes with different units or magnitudes. The main goal of
normalization is to create a uniform scale for the data while maintaining the natural

differences in value ranges. This process typically includes rescaling the features to a
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specified range, commonly between 0 and 1, or modifying them so that they have a
mean of 0 and a standard deviation of 1 [78].

In this work, min-max scaler function in Sci-Kit Library was utilized for 91 distinct
features, providing a distributed data set between 0 and 1, normalizing the features

with the equation 5.1.

Xscaled = 2 Zmin (5.1)

Xmax~Xmin

5.2.1 Regularization

Regularization is a technique used in ML to reduce the likelihood of overfitting.
Overfitting happens when a model becomes excessively focused on the training
dataset, incorporating noise and outliers, which adversely affects its performance on
new data. Essentially, regularization introduces a penalty for excessive complexity in
the model, promoting a simpler and more generalized approach. Consequently,
reducing the likelihood of making extreme predictions influenced by noise within the
data as provided in figure 5.1 [79]. In the context of this dissertation however,

regularization was not applied.

Overfitting Right Fit Underfitting

Figure 5.1: Representation of overfitting-right fit-underfitting
5.3 Python and Colab

Python is a programming language that deals with all programming paradigms that is
developed by Guida van Rossum in the late 1980s and its implementation was
published in February, 1991 [80]. It is the go-to programming language when one
starts programming, due to its syntax making it easy to learn and understand. Python
supports object-oriented programming (OOP), procedural programming, and
functional programming. For data science and ML, many libraries and frameworks

have been developed based on its syntax [81]. Launched by Google in mid-2017,
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Colab (short for “Colaboratory”) allows Python code execution in a web browser
without the need for installation. It provides storage in Google Drive and enables
collaboration via shareable links. In addition, it supports popular libraries like
TensorFlow, Keras, and OpenCV, facilitating data import and visualization.
Researchers and developers often adopt this versatile tool, appreciating its access to
Google’s cloud capacity through GPU or TPU socket nodes. Similar to Jupyter
Notebook, Colab utilizes the IPython kernel and Mozilla’s JavaScript-based Jupyter
Notebook viewer. Its key distinction lies in its cloud-based architecture—users run
Python code in the browser rather than directly on the device’s “local” kernel. Code
execution occurs on a physical server, and results are shared through the browser with
no requirements for local resource installation or additional setup. With a
recommended Chrome or Firefox browser, users can access Colab by logging into their
Google account. Supported file types include notebooks, Python scripts, and
markdown files, and users can upload files from their local machine or directly from
Google Drive. All files are stored in Notebook format, and when a notebook is opened,
its environment is set up automatically, replicating the programming environment
from the last save. Resources, external libraries, and local files are rendered accessible
within seconds [82].

To conduct a thorough analysis, various libraries must be imported in Colab. By
default, certain libraries come pre-loaded. Importing commonly utilized libraries can
save time later in the process. For reference, the libraries and their functionalities are
as follows:

NumPy: A Python library designed to handle large, multi-dimensional arrays and
matrices, providing a set of high-level mathematical functions for operations on these
arrays. It includes numerous mathematical functionalities, including statistics, linear
algebra, Fourier transforms, and random number generation, among others. Typically,
NumPy is imported using the alias np.

Pandas: A Python library that offers efficient, versatile, and clear data structures
intended for straightforward and intuitive interaction with relational or labeled data.
This library is built on top of NumPy. It was designed for web scraping, much like
BeautifulSoup, but can also be used for cleaning and analyzing data. Pandas is usually

imported as pd.
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Matplotlib: A Python library, along with its numerical mathematics extension NumPy,
offers an object-oriented API designed for integrating plots into applications that
utilize general-purpose GUI toolKits. It also includes various modules to assist with
common plotting tasks. Additionally, it can be utilized for combining plots and images

as well as for easier graphing. Matplotlib is usually imported as plt.

Seaborn: Seaborn is a Python library designed for data visualization, built on top of
Matplotlib. It offers a high-level interface for creating visually appealing statistical
graphics and is pre-installed on Google's servers. It is commonly imported using the

abbreviation sns [83].

5.4 Codebase for trainings

Utilizing Google Colab and Scikit-learn library, KNN, Random Forest, Gradient
Boosting, Decision Trees, Logistic Regression, Support Vector, Naive Bayes, Multi-
Layer Perceptron methods were implemented. Basically code block takes 80% of
samples as x-training and y-training and fits the model and then forecasts with x-
validation to classify for y-validation file. Following the flow chart at Figure 5.2 for
every transient, the code base can be seen for models in Figure A.1. For every model,
a common block of code was implemented for mapping training and validation data
sets as csv files and also transforming output to csv file. Parameters for hyper tuning
is intrinsically at the line of classifier declaration and optimization has taken place with
manipulating these parameters. For visualization of learning curve and a training

scores separate code block was implemented for each model as seen in the Figure A.2.
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Figure 5.2: Flowchart for codebase




6. RESULTS

Four of the most widely used performance metrics for Al methods that are accuracy,
precision, recall, and F1-score, confusion matrix, feature importance, and learning
curve visualization were applied for models and their performance was assessed with

respect to these metrics.

6.1 Results for Main Transients Identification

For validating the basic level of the training data’s ability of differentiating between
sub-scenarios, a model for main transient detection was implemented. A total of 1030
rows of transient data were added to the method for validation. The performance
indicators of the ML methods employed are presented in Table 6.1. According to Table
6.1 the Random Forest performed slightly better than Gradient Boosting for accuracy
and F1-Score, hence Random Forest was identified as the most robust option among
the eight alternatives when evaluated by using four metrics in Table 6.1 with confusion

matrix provided in Table 6.2.

Table 6.1: Accuracy, precision, recall and F1-score of methods used for
main transient identification

Method Accuracy (%) Precision (%) Recall (%) F1-Score (%)
Random Forest 99.51 99.50 100.00 99.75
Gradient Boosting 99.42 99.50 100.00 99.70
Logistic Regression 97.67 97.62 100.00 98.80
K-Nearest Neighbor 97.09 97.13 99.90 98.49
Decision Trees 96.02 95.94 100.00 97.93
Support Vector 93.40 95.25 97.96 96.59
Naive Bayes 91.36 91.19 100.00 95.39
Multi-Layer Perceptron 80.39 81.98 97.64 89.13
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Table 6.2: Confusion matrix for main transient identification

ransient Rod Stei;grheak Lossof LOCA  LOCA
Withdrawal . Flow HotLeg ColdLeg
Pressurizer
Steady State 0 0 0 0 0
Rod Withdrawal 100 0 0 0 0
17
[¢D)
S Steam Lea_k from 0 100 0 0 0
'-'E- Pressurizer
B Lossof Flow 0 0 100 0 0
T
LOCA Hot Leg 0 0 0 98.56 1.44
LOCA Cold Leg 0 0 0 0 100
Steady State 0 0 0 0 0
> Rod Withdrawal 100 0 0 0 0
<
2 Steam Leak from
3 Pressurizer 0 100 0 0 0
3 Loss of Flow 0 0 100 0 0
S
©  LOCA Hot Leg 0 0 0 9828 172
LOCA Cold Leg 0 0 0 0 100
Steady State 0 0 0 0 0
S Rod Withdrawal 100 0 0 0 0
‘B
(7]
@& Steam Lea_k from 0 100 0 0 0
2 Pressurizer
v4
,U%) Loss of Flow 0 0 100 0 0
- LOCA Hot Leg 0 0 0 96.56 3.44
LOCA Cold Leg 0 0 0 1 99

The significance of various features has been evaluated for both the Random Forest,

Gradient Boosting, and Logistic Regression methods. The Gini impurity was
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considered and utilized for determining importance and significance of the features
through Python, a comparison for feature types with respect to importance levels
relying on Gini impurity, has been assessed in Table 6.3. While Random Forest and
Logistic Regression methods rely on mass flow rate, temperature, and pressure
features, Gradient Boosting relies heavily on mass flow rate feature. However, almost
85% of explanation power comes from mass flow rate, pressure, and temperature

features for all methods, while water levels also displays some role.

Table 6.3: Feature type and importance for methods used for main
transient identification

Feature Tvbe Random Logistic Gradient Feature
yp Forest Regression Boosting Count
Mass Flow 49.72 49.26 75.49 34
Pressure 22.89 23.67 6.52 25
Temperature 14.07 14.89 5.58 23
Water Level 5.62 4.76 2.77 5
Volume Saturation 3.89 259 1.86 1
Temperature
Saturation 2.33 2.32 0.58 1
Temperature
Void Fraction 0.95 1.95 6.23 1
Power 0.53 0.56 0.96 1

Top 10 features for Random Forest and corresponding importance of those features
for other methods is displayed at Figure 6.1. Mass flow rate and temperature values
for reactor core features play a significant role as expected especially for Gradient
Boosting. However, Logistic Regression reveals a close importance distribution for

features listed in Figure 6.1.
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Mass Flow Bypass Fuel Assembly
Saturation Temperature Reactor...

Mass Flow Steam Generator Lower 4
Mass Flow Steam Generator...

Water Level in Steam Generator 1

Mass Flow Coolant Pump 4

Temperature Reactor Inlet Header 4
Volume Saturation Temperature...
Mass FlowUpper Plenum To Reactor...

Mass Flow Reactor Inlet Header 4

0% 5% 10% 15% 20% 25% 30%

Gradient Boosting Logistic Regression Random Forest

Figure 6.1: Importance of features for Gradient Boosting, Logistic Regression and
Random Forest methods for main transient identification

The results of the learning curve are presented in Table 6.4 and Figure 6.2. Table 6.4
illustrates that, with respect to training accuracy, the models exhibit a strong fit, with
nearly all models achieving 100%. In terms of validation accuracy, although the
learning curve gradients are similar, the Random Forest method achieves 94 %
accuracy with 2941 samples, surpassing the performance of the other methods.

Table 6.4: Learning curve data for Random Forest, Logistic Regression,
and Gradient Boosting methods

Training Accuracy  Validation Accuracy

Method Sample Size (%) (%)
980 99.00 33.00
Random Forest 1960 99.00 66.00
2941 100.00 94.00
Logistic 980 93.00 31.00
Regression 1960 96.00 63.00
2941 97.00 88.00
Gradient 980 99.00 33.00
Boosting 1960 99.00 64.00
2941 100.00 91.00
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Figure 6.2 demonstrates that validation accuracy tends to increase almost linearly with
an increase in sample size, whereas training accuracy remains constant at 99 % across
all sample sizes. The variability of the method is depicted through shaded regions,
representing the standard deviation above and below the mean for all cross-validation
instances. An increase in variability around the training score curve suggests that the
model may be experiencing bias-related errors. Conversely, greater variability around
the validated score implies that the model may be affected by variance-related errors.
As such while adding more training data increases accuracy, the model tends to risk of
over fitting by becoming too sensitive to minor fluctuations. The graphs in Figure 6.2
shows that there is not such risk in validation.

1.0 1

0.9 4

Score

0.5

0.4 - _
— Train

Test
0.3 A

1000 1250 1500 1750 2000 2250 2500 2750 3000
NMumber of samplcs in the tralning set

(a)

Figure 6.2: Learning curve visualization for ML methods Random Forest (a),
Logistic Regression (b), Gradient Boosting (c)

73



Score

1.0 4

0.9 4

0.4
= Train
0.3+ - Test

1000 1250 1500 1750 2000 2250 2500 2750 3000
Number of samples in the training set

(b)

1.0+

0.9 1

0.8 4

0.7 1

0.6

0.5 1

0.4 1 .
—— Tramn

— Test

0.3

1000 1250 1500 1750 2000 2250 2500 2750 3000
Number of samples in the training set

()

Figure 6.2: Learning curve visualization for ML methods Random Forest (a),

Logistic Regression (b), Gradient Boosting (c) (Continue)

6.2 Results for Sub-Scenario Identificaiton

While the performance for main transient identificaiton is satisfactory, the real scope
of this work is about distinguishing between levels of main transients. Three

approaches were proposed in this concept, one-step approach that utilizes models
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directly for all sub-scenarios , two-steps approach, which after utilizing the main
transient model, which has a prediction rate of 99.51% with Random Forest method,
training and executing a model for every main transient to distinguish between sub-
scenarios within their respective main transients and lastly Grouped Sub-Scenarios
Approach which defines new scenarios by grouping sub-scenarios with respect to their

confusion levels and predicts newly formed scenarios.

6.2.1 Results for one-step approach

In one-step approach, KNN, Decision Tree Classifier, Random Forest Classifier,
Gradient Boosting, Logistic Regression, SVM and MLP ML methods directly applied
to all data for 53 sub-scenarios. The resulting accuracy values are provided in Table
6.5. Although KNN method provided the highest accuracy, 74.66 % is not acceptable

for nuclear applications.

Table 6.5: Accuracy of ML methods used in one-step approach

Method Accuracy (%)
K-Nearest Neighbor 74.66
Random Forest 55.63
Gradient Boosting 52.33
Decision Trees 49.32
Logistic Regression 4447
Support Vector 36.02
Naive Bayes 22.04

Table 6.6 indicates that for steady-state and loss of flow scenarios, KNN method does

not have any confusion however for all other scenarios there is confusion.

Table 6.6: Accuracy of K-Nearest Neighbor in one-step approach

Transient Accuracy (%)
Steady State 100
Rod Withdrawal 75
Steam Leak from Pressurizer 83.33
Loss of Flow 100
LOCA Hot Leg 63.79
LOCA Cold Leg 76.61

Considering the confusion matrix for LOCA cold leg provided in Figure 6.3, KNN
method not only totally misclassifies for 85% level of the transient, but also
misclassifies the main transient for LOCA hot leg denoted as H15 and H90 in Figure
6.3.
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While confusion matrix for LOCA hot leg, which is provided in Figure 6.4, does not
misclassify in terms of main transient, totally fails at classifying for 85% sub-scenario

and has a worse classification performance than LOCA cold leg in terms of accuracy.

For rod withdrawal and steam leak from pressurizer confusion matrixes that are
represented in Figure 6.5, while accuracy performance is 75 % and 83.33 %

respectively, confusion is concentrated in the order of one level below.

It is clear that one-step model has difficulty in distinguishing between levels of
transient sub-scenarios. This is because of the fact that nuclear system response is

complicated and some transients affect the same features that are used for Al training.

Cold Leg Loca

Sub Scenario 5 10 15 20 25 30 35 40 45 50 55 60 65 F0O 75 80 85 90 H15 HIO
LocaColdLeg0d5 100%

LocaColdLegld 75% 15% 10%
LocaColdLegl5 60% 40%

LocaColdLeg20 50% 50%

LocaColdLeg25 5% 25% 5% | 5% 10%

LocaColdLeg30 5% 60% 35%

LocaColdLeg3s 5% 95%

LocaColdLega0 5% 95%

LocaColdLegds 5% 95%

LocaColdLeg50 95% 5%

LocaColdLeg55 5% 95%

LocaColdLegf0 5% 90% 5%

LocaColdLeghs 95% 5%

LocaColdLeg70 40% 55% 5%

LocaColdLeg7s 100%

LocaColdLeg80 9% 91%
LocaColdLeg85 9% 9% 18% 64%
LocaColdLega0 5% 95%

Figure 6.3: Confusion matrix for one-step LOCA cold leg sub-scenarios in one-step
approach
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Hot Leg Loca

Sub Scenario 5 10 15 20 25 30 35 40 45 50 55 60 65 J0O V5 80 85 90
LocaHotlegD5 100%

LocaHotlLeglO 90% 10%

LocaHotlLegls 25% 75%

LocaHotlLeg20 40% 60%

LocaHotlLeg25s 80% 20%
LocaHotlLeg30 60% 35% 5%

LocaHotleg3s 5% 15% 35% 45%

LocaHotLegd0d 5% 15% 10% 55% 5% 10%

LocaHotlLegds 5% 20% 75%

LocaHotlLeg50 5% 60% 15% 20%

LocaHotlLeg55 35% 60% 5%

LocaHotLeg6D 95% 5%
LocaHotleghs 90% 10%

LocaHotlLeg70 5% 95%

LocaHotLeg75 100%
LocaHotlLeg80 5% 95%
LocaHotlLeg85 13% 50% 38%
LocaHotlLeg90 5% 95%

Figure 6.4: Confusion matrix for one-step LOCA hot leg sub-scenarios in one-step

approach

Rod Withdrawal Steam Leak

Sub Scenario 5 10 15 20 25 30 35 40 45 |SubScenario 1 12 123
RodWithdrawal0s 100% Prezlossl 100%
RodWithdrawalll 80% 20% Prezloss12 55% 45%
Rodwithdrawall5 70% 30% Prezloss123 5% 95%
RodWithdrawal20 30% 70%
RudWithdrawaI25| _l 25% 75%
RodWithdrawal30 5% 95%
Rodwithdrawal3s 5% 95%
RodWithdrawalao 5% 95%
RodWithdrawal4s 5% 95%

Figure 6.5: Confusion matrix for one-step rod withdrawal and steam leak from
pressurizer sub-scenarios in one-step approach

6.2.2 Results for two-steps approach

After determining the main transients, next step in two-steps approach is to establish
methods for detecting sub-scenarios within the main transients. KNN, Decision Tree
Classifier, Random Forest Classifier, Gradient Boosting, Logistic Regression, SVM, and
MLP methods were applied, executing hyper parameter tuning runs. The same principle
of 80 %-20 % data training-validation set was applied. In addition, for method
optimization, feature reduction was applied with respect to feature importance values in
Figure 6.1. Overall accuracy metric for sub-scenario identification, which is the

combined accuracy of rod withdrawal, steam leak from pressurizer , loss of flow, LOCA

77



hot leg, and LOCA cold leg scenarios in Table 6.7, calculated by dividing total true
positive classifications divided by entire validation set number.

Table 6.7: Accuracy of ML methods used for sub-scenario identification

Method Rod Steam Leak from Loss Of Loca Hot Loca Cold  Overall
Withdrawal Pressurizer Flow Leg Leg Accuracy
K-Nearest 100 100 100 78.74 8275 86.83
Neighbor
Random
22 48 100 56.32  62.87 55.39
Forest
Gradient 16.11 66.67 100 5172 59.36 52.67
Boosting
Decision 22 40 7750 5374 4561 46.40
Trees
Logistic 18 66.67 100 30.75 6053 46.18
Regression
Support 11 48 9750 2672 6170 42.63
Vector
Multi-Layer 32 33.33 100 3736  16.67 34.12
Perceptron
Naive Bayes 11 66.67 9750 1149  37.72 30.38

K-Nearest Neighbor scored stellar for steam leak from pressurizer and rod withdrawal
scenarios while performing close to mean of 80 % for LOCA cold leg and hot leg
scenarios. The confusion matrix for LOCA hot leg and cold leg is given in Figure 6.6
and Figure 6.7 respectively since there is no confusion in rod withdrawal, steam leak

from pressurizer , and loss of flow sub-scenarios.

For LOCA cold leg sub-scenarios, Figure 6.6 indicates that even though general
accuracy performance is close to 83 %, cold leg 20, 30 and 85 sub-scenarios are

confused with sub-scenarios, especially one level below and above in intensity.
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Cold Leg Loca

Sub Scenario 5 10 80 85 90
LocaColdLeg05 80% 20%

LocaColdLegl0 85% 15%

LocaColdLegl5 85% 15%
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Figure 6.6: Confusion matrix for LOCA cold leg sub-scenarios in two-steps
approach

For LOCA hot leg sub-scenarios, even though general accuracy performance is close
to 80 %, differing from LOCA cold leg sub-scenario confusion, hot leg 30, 35 and 45
sun-scenarios are confused with scenarios of varying intensity as seen in Figure 6.7.
For LOCA hot leg 85 sub-scenario, the model misses out completely confusing it with
LOCA 80 hot leg sub-scenario.
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Figure 6.7: Confusion matrix for LOCA hot leg sub-scenarios in two-steps approach

Hyper parameter optimization and feature reduction on training data for K-Nearest

Neighbor method is given in Table 6.8 per transient. K stands for number of neighbors
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to be trained for K-Nearest Neighbors method. Table 6.8shows that the usage of all
features is not necessary to get the best results.

Table 6.8: Parameters for K-Nearest Neighbor method in two-steps

approach
Transient K Feature Selection
Rod Withdrawal 3 Top 20
Steam Leak from Pressurizer 2 Top 15
Loss of Flow 2 All
LOCA Hot Leg 2 Top 14
LOCA Cold Leg 2 Top 10

The results of the two-steps approach for transient and sub-scenario detection showed
that the most successful models are Random Forest for the first step and K-Nearest
Neighbors for the second step. The combined accuracy for Random Forest/K-Nearest
Neightbors two-steps approach for all transients together with total accuracy is given in
Table 6.9 as 86.44 %. The combined accuracy is calculated by using the accuracy of
Random Forest method given in Table 6.1 for main transient identification and accuracy

of KNN given in Table 6.7 for sub-scenario identification.

Table 6.9: Combined accuracy of Random Forest/K-Nearest Neighbor
two-steps approach

Transient Final Accuracy (%)

Steady State 100
Rod Withdrawal 100
Steam Leak from Pressurizer 100
Loss of Flow 100
LOCA Hot Leg 78

LOCA Cold Leg 82.75

Total Accuracy 86.44

6.2.3 Results for grouped sub-scenarios approach

With respect to Figure 6.10 and Figure 6.11, most of the confusion levels of the main
transients is mostly in the order of one level, namely 5% above or below, which
suggests with grouping of sub-scenarios, a higher level of accuracy is possible. As a
result of this idea, a new grouping of the sub-scenarios with 19 groups was performed
and presented in Table 6.10.
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Table 6.10: Grouped sub-scenarios for the transients

Main Transient

Sub-Scenario

Steady-State

Steady-State

Rod Withdrawal RodWithdrawal 05-15
Rod Withdrawal RodWithdrawal 20-30
Rod Withdrawal RodWithdrawal 35-45

Steam Leak from Pressurizer

PrezLoss 1

Steam Leak from Pressurizer

PrezLoss 12

Steam Leak from Pressurizer

PrezLoss 123

Loss of Flow LossofFlow 4
Loss of Flow LossofFlow_ 34
Loss of Flow LossofFlow 234
Loss of Flow LossofFlow 1234

LOCA Hot Leg

LocaHotlLeg 05-25

LOCA Hot Leg

LocaHotLeg 30-50

LOCA Hot Leg

LocaHotLeg 55-75

LOCA Hot Leg

LocaHotlLeg>=80

LOCA Cold Leg

LocaColdLeg 05-25

LOCA Cold Leg

LocaColdLeg 30-50

LOCA Cold Leg

LocaColdLeg 55-75

LOCA Cold Leg

LocaColdLeg>=80

The accuracy performance of grouped one-step approach is shown in Table 6.11. It is
seen that there is an increase in accuracy for K-Nearest Neighbor method to 92.33 %
from 86.83 % and 74.66 % for the same method in two-steps and one-step approaches,
respectively. On the other hand, it should be noted that while this is an accuracy gain
with respect to loss of sensitivity in distinguishing level of transients.

Table 6.11: Accuracy of ML methods used for grouped one-step

approach
Method Accuracy

K-Neighbor 92.33
Gradient Boosting 88.06
Random Forest 87.57
Logistic Regression 79.22
Decision Trees 76.50
Support Vector 66.02
Naive Bayes 43.30
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7. CONCLUSUIONS AND RECOMMENDATIONS

The transient identification of VVVER-1000 NPP was performed by considering three
approaches each of which uses Al. In one-step approach, data for all the sub-scenarios
were used directly to identify transient sub-scenarios. In the two-steps approach, the
main transients were identified first and then the sub-scenario identification was
performed. In grouped one-step approach, with the guidance of confusion matrix of
one-step approach, the sub-scenarios were grouped to increase the accuracy of the

predictions.

The best performance of identification in one-step approach was achieved with KNN
method which resulted in 74.66 % accuracy. This result shows that if all transient sub-
scenarios were considered in one training method, there is a lot of confusion due to
complex nature of nuclear system. KNN, being a simpler ML method than others,
outperformed all models, showcasing separation of high scenario numbers is
challenging for ML models.

In two-steps approach, main transient detection with Random Forest method yielded
the best result in terms of accuracy, precision, recall, and F1-score matrices, only
slightly confusing LOCA hot leg transient with 1.44 %. This provided the sub-scenario
identification almost 100% accurate main transient base to optimize on. Sub-scenario
identification with KNN method delivered 100% accuracy for rod withdrawal, steam
leak from pressurizer, and loss of flow transients, providing the reactor operator an
accurate understanding on the level of the transient. However, for LOCA transients,
the method had a combined accuracy of approximately 80%, which made the sub-
scenario model usable for these transients, yielding a total of 86.44 % accuracy for
two-steps approach. Since LOCA scenarios affect the same parameters regardless of
their intensity, while Random Forest method, a highly stochastic model, performs the
best in main transient detection, KNN the fourth successful method in main transient
detection, performed strongest in second fold detection, per say transient intensity

detection, proof casing the better performance of simple method in one-step model.
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Analyzing of confusion matrices of sub-scenarios of two-steps approach, it was
observed that most of the confused scenarios are within the range of 1 or 2 closest
intensity level, hence with new grouping with respect to that range resulted in 19
grouped sub-scenarios. This yielded a far better accuracy among all approaches with
92.04 % for KNN method. On the other hand, due to grouping, there is a loss of
sensitivity in this approach. However this time, due to decreasing sensitivity check for
scenarios, Random Forest and Gradient Boosting methods performed 87.57% and
88.06% getting closer to KNN, trend being as number of scenarios and sensitivity

decrease, other ML methods do significantly better.

For all approaches, the validation process was completed in 2-3 seconds, indicating
that the approaches is sufficiently efficient and responsive for real-time monitoring

applications.

While two-steps and Grouped Sub-Scenarios approaches’ performance are acceptable
with respect to high performance demand of nuclear field, number of features to attain
the accuracy of models is 91 which is a number prone to failure in case of loss of signal

of any nuclear reactor instrument tally.

A real application of the developed Al model can be demonstrated with feeding actual
data output of a VVER-1000 reactor to the extent of the features and transient
experiment data that can be provided and with a condensed trained instance of the
model. Since the data will be real time, outlier removal and normalization must take

place again.

For future work, to mitigate problems in data stream necessity from such a wide array
of features and optimize for further fewer features and higher accuracy, deep learning
methods can be implemented while incorporating determination of not only transient

but the exact locaiton in reactor nodalization.
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APPENDIX A

hRandnm Forest Block

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

#matplotlib inline

from sklearn.ensemble import RandomForestClassifier

from sklearn.datasets import make_classification
%_train=pd.read_csv("/content/TrainingDatalormalizedX.csv"™)
y_train=pd.read_csv("/content/TrainingDatalormalizedY.csv")
%x_wvalidate=pd.read_csv("/content,/ValidationDataNormalizedi.csv")

clf = RandomForestClassifier{n_estimators=108, criterion="gini', max_depth=88, min_samples_split=2,
clf.fit(x_train, y_train)

feature_importances = clf.feature_importances_
#sorted_indices = feature_importances.argsort{)[::-1]
#sorted_feature_names = data.feature_names[sorted_indices]
##sorted_importances = feature_importances[sorted_indices]
clffeatureimportace=pd.DataFrame(feature_importances)
clffeatureimportace.to_csv("/content/clffeatureimportace.csv™)
# Create a bar plot of the feature importances
#sns.set(rc={ ' figure.figsize":{11.7,8.27)})
#5ns.barplot(sorted_importances, sorted_feature names)

# Validate

a_tolist=clf.predict({x validate)
OUTPUT=pd.DataFrame(a_tolist)}
OUTPUT . to_csv("/content,/ValidationDataMormalizedY.csv™)

#logistic regression block

from sklearn.datasets import load_iris

from sklearn.linear_model import LogisticRegression

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

¥matplotlib inline

from sklearn.datasets import make_classification

*_train=pd.read_csv("/content/TrainingDatalNormalizedX.csv")

y_train=pd.read_csv("/content/TrainingDataNormalizedy.csv")

¥_validate=pd.read_csv("/content/ValidationDataNormalizedX.csv")

clf = LogisticRegression(penalty="elasticnet', dual=False, tol=0.8881, (=28008.8, fit_intercept=True, int
max_iter=188, multi_class='deprecated', verbose=8, warm_start=False, n_jobs=No

clffeatureimportace=pd.DataFrame(feature_importances)

clffeatureimportace.to_csv("/content/clffeatureimportace.csv™)

a_tolist=clf.predict(x_wvalidate)

QUTPUT=pd.DataFrame(a_tolist)

QUTPUT . to_csw("/content/ValidationDataNormalizedY.csv™)

Figure A.1: Codebase blocks for machine learning methods.

96



#Support Vector Block

from sklearn.datasets import load_iris

from sklearn.linear_model import LogisticRegression

from sklearn import swm

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

E¥matplotlib inline

from sklearn.ensemble import RandomForestClassifier

from sklearn.datasets import make_classification
¥x_train=pd.read csv("/content/TrainingDataNormalizredX.csv"™)
y_train=pd.read csv("/content/TrainingDataNormalizredy.csv"™)
x_walidate=pd.read csv("/content/ValidationDataNormalizedX.csv")
clf =swm.SWC()

clf.fit(x_train, v _train)

a_tolist=clf.predict(x_wvalidate)
OUTPUT=pd.DataFrame(a_tolist)

OUTPUT . to_csv( " /fcontent/ValidationDataNormalizedY.csv™)

#Multilayer Perceptron

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

®¥matplotlib inline

from sklearn.neural network import MLPClassifier
from sklearn.datasets import make_classification

X_train=pd.read_csv("/content/TrainingDataNormalizedX.csv")
y_train=pd.read_csv("/content/TrainingDataNormalizedY.csv")
%_validate=pd.read_csv("/content/ValidationDataMNormalizedX.csv")

clf = MLPClassifier(hidden_layer_ sizes=(208,2), activation='relu', solver='adam', alpha=08.8201,
clf.fit(x_train, y_train)

a_tolist=clf.predict(x_validate)

OUTPUT=pd .DataFrame(a_tolist)

OUTPUT .to_csvw("/content/ValidationDataNormalizedy.csv™)
#MNeighborsClassifier

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

#matplotlib inline

from sklearn.neighbors import (NeighborhoodComponentsanalysis,
KMNeighborsClassifier)

from sklearn.pipeline import Pipeline

nca = MeighborhoodComponentsAnalysis(random_state=42)

knn = KNeighborsClassifier(n_neighbors=2)

nca_pipe = Pipeline([('nca", nca), {('knn", knn)])
x_train=pd.read_cswv("/content/TrainingDataMormalizedX.csv")
y_train=pd.read_cswv("/content/TrainingDataMormalized¥.csv")
x_walidate=pd.read_csv("/content/ValidationDataNormalizedX.csv")
nca_pipe.fit(x_train, yv_train)

a_tolist =nca_pipe.predict(x_validate)
QUTPUT=pd.DataFrame(a_tolist)

OUTPUT . to_csv( " /content/ValidationDataMormalizedY.csv™)

Figure A.1: Codebase blocks for machine learning methods. (Continue)
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#hecizion Tree

import pandas as pd

import numpy a&s np

import matplotlib.pyplot as plt
import seaborn as sns
#¥matplotlib inline

# Import Files

dfx = pd.read_csv("/content/TrainingDataMormalizedX.csv™)
dfy = pd.read_csv("/content/TrainingDataMormalizedY.csv™)
dfvx = pd.read_csv({"/content/ValidationDataNormalizedX.csv")
# Import necessary modules

from sklearn import tree

# Train

clf = tree.DecisionTreeClassifier{ criterion="gini', splitter='best', max_depth=None,
min_weight fraction_leaf=8.8, max_features="sqrt’, m

clf = clf.fit(dfx , dfy)

feature_importances = clf.feature_importances_

#sorted_indices = feature_importances.argsort({)[::-1]

#sorted_feature_names = data.feature_names[sorted_indices]

##sorted_importances = feature_importances[sorted_indices]

#clffeatureimportace=pd.DataFrame(feature_importances)

#clffeatureimportace.to_csv("/content/clffeatureimportace.csv")

# Create a bar plot of the feature importances

#ans.set(rc={"figure.figsize':(11.7,8.27)1})

#sns.barplot(sorted_importances, sorted feature_names)

# Validate

a_tolist = clf.predict(dfvx).tolist()

OUTPUT=pd .DataFrame(a_tolist)

OUTPUT . to_csv( " fcontent/ValidationDataNormalizedY.csv™)

#Gradient Boosting

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

#matplotlib inline

from sklearn.datasets import make_hastie_1@ 2

from sklearn.ensemble import GradientBoostingClassifier

dfx = pd.read_csv("/content/TrainingDataMormalizedi.csv™)

dfy = pd.read_csv("/content/TrainingDataMormalizedyY.csv™)
dfvx = pd.read_csv("/content/ValidationDataNormalizedX.csv")
clf = GradientBoostingClassifier(loss="log_loss', learning_rate=8.2, n_estimators=100,
a_tolist = clf.predict(dfvx).tolist()

feature_importances = clf.feature_importances_
OUTPUT=pd.DataFrame(a_tolist)

OUTPUT .to_csv("/content/ValidationDataNormalizedy.csv™)
clffeatureimportace=pd.DataFrame(feature_importances)
clffeatureimportace.to_csv("/content/clffeatureimportace.csv™)

#Maive Bayes

import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

E¥matplotlib inline

from sklearn.naive_bayes import GaussianMB

dfx = pd.read_csv("/content/TrainingDataNormalizedX.csv™)
dfy = pd.read_csv("/content/TrainingDataNormalizedY.csv™)
dfvx = pd.read_csv{"/content/ValidationDataNormalizedX.csv")
clf = GaussianNB()

a_tolist = clf.fit(dfx, dfy).predict{dfvx).tolist()
OUTPUT=pd.DataFrame(a_tolist)

OUTPUT .to_csv( " fcontent/ValidationDataMormalizedY.csv™)

Figure A.1: Codebase blocks for machine learning methods. (Continue)
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import pandas as pd

import numpy as np

import matplotlib.pyplot as plt

import seaborn as sns

#matplotlib inline

from sklearn.model_selection import LearningCurveDisplay, learning_curve

# Import Files

dfx = pd.read_csv("/content/TrainingDataNormalizedX.csv™)
dfy = pd.read_csv("/content/TrainingDataNormalizedy.csv™)
dfvx = pd.read_csv({"/content/ValidationDataNormalizedX.csv™)
# Import necessary modules

from sklearn import tree

# Train

clf = tree.DecisionTreeClassifier{criterion="gini")

#clf = clf.fit(dfx , dfy)

train_size abs, train_scores, test_scores = learning_curve(
clf, dfx, dfy, train_sizes=[8.3, 8.6, 8.9])

display = LearningCurveDisplay(train_sizes=train_size abs,
train_scores=train_scores, test_scores=test_scores, score_name="Score")

display.plot()

plt.title("Decizion Trees")

plt.show()

for train_size, cv_train_scores, cv_test scores in zip(
train_sirze_abs, train_scores, test scores

print(f"{train_size} samples were used to train the model")
print(f"The average train accuracy is {cv_train_scores.mean():.2f}")
print(f"The average test accuracy is {cv_test_scores.mean():.2f}")
print(f"The average test variance is {cv_test_scores.var():.2f}")

Figure A.2: Codebase Blocks for Learning Curve Visualization.
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APPENDIX B

Table B.1: Raw feature list for training and validation sets.

FEATURE ELEMENT NAME PARAMETER
mflowj508010000 | Bypass Fuel Assembly (Hottest Channel) Mass Flow
p508010000 Bypass Fuel Assembly (Hottest Channel) Pressure
tempf508010000 | Bypass Fuel Assembly (Hottest Channel) Temperature
mflowj107010000 Coolant Pump 1 Mass Flow
p107010000 Coolant Pump 1 Pressure
tempf107010000 Coolant Pump 1 Temperature
mflowj207010000 Coolant Pump 2 Mass Flow
p207010000 Coolant Pump 2 Pressure
tempf207010000 Coolant Pump 2 Temperature
mflowj307010000 Coolant Pump 3 Mass Flow
p307010000 Coolant Pump 3 Pressure
tempf307010000 Coolant Pump 3 Temperature
mflowj407010000 Coolant Pump 4 Mass Flow
p407010000 Coolant Pump 4 Pressure
tempf407010000 Coolant Pump 4 Temperature
p505010000 DownComer Annulus Pressure
tempf505010000 DownComer Annulus Temperature
mflowj281000000 Feed Valve 1 Mass Flow
mflowj181000000 Feed Valve 2 Mass Flow
mflowj183000000 Feed Valve 3 Mass Flow
mflowj301010000 hot leg To Steam Generator 3 Mass Flow
p301010000 hot leg To Steam Generator 3 Pressure
tempf301010000 hot leg To Steam Generator 3 Temperature
mflowj401010000 hot leg To Steam Generator 4 Mass Flow
p401010000 hot leg To Steam Generator 4 Pressure
tempf401010000 hot leg To Steam Generator 4 Temperature
mflowj349000000 Loca Valve Mass Flow
mflowj185000000 Main Steam Header Valve 1 Mass Flow
mflowj285000000 Main Steam Header Valve 2 Mass Flow

Table B.1: Raw feature list for training and validation sets. (Continue)

Reactor Inlet Header 1 to DownComer

mflowj160000000 Mass Flow
Annulus

mflowj260000000 Reactor Inlet Header 2 to Downcomer Mass Flow

mflowj308010000 Reactor Inlet Header 3 Mass Flow
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p308010000 Reactor Inlet Header 3 Pressure
tempf308010000 Reactor Inlet Header 3 Temperature
mflowj408010000 Reactor Inlet Header 4 Mass Flow
p408010000 Reactor Inlet Header 4 Pressure
tempf408010000 Reactor Inlet Header 4 Temperature
Volume
sattemp100010000 Reactor Outlet Header 1 Tseﬁzlsgarg& r;e
Partial Pressure
tempf100010000 Reactor Outlet Header 1 Temperature
Saturation
tsatt100010000 Reactor Outlet Header 1 Temperature
Total pressure
voidg100010000 Reactor Outlet Header 1 Volfl:;?:%;/ﬁpor
mflowj300010000 Reactor Outlet Header 3 Mass Flow
p300010000 Reactor Outlet Header 3 Pressure
tempf300010000 Reactor Outlet Header 3 Temperature
mflowj400010000 Reactor Outlet Header 4 Mass Flow
p400010000 Reactor Outlet Header 4 Pressure
tempf400010000 Reactor Outlet Header 4 Temperature
rktpow0 Reactor Power Reactor Power
mflowj528000000 Relief Valve 1 Mass Flow
mflowj529000000 Relief Valve 2 Mass Flow
mflowj530000000 Relief Valve 3 Mass Flow
mflowj302010000 Steam Generator Lower 3 Mass Flow
p302010000 Steam Generator Lower 3 Pressure
tempf302010000 Steam Generator Lower 3 Temperature
mflowj402010000 Steam Generator Lower 4 Mass Flow
p402010000 Steam Generator Lower 4 Pressure
tempf402010000 Steam Generator Lower 4 Temperature
mflowj303010000 Steam Generator Medium 3 Mass Flow
p303010000 Steam Generator Medium 3 Pressure
tempf303010000 Steam Generator Medium 3 Temperature
mflowj403010000 Steam Generator Medium 4 Mass Flow
Table B.1: Raw feature list for training and validation sets. (Continue)
p403010000 Steam Generator Medium 4 Pressure
tempf403010000 Steam Generator Medium 4 Temperature
mflowj306010000 Steam Generator Out to Main Pump 3 Mass Flow
p306010000 Steam Generator Out to Main Pump 3 Pressure
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tempf306010000 Steam Generator Out to Main Pump 3 Temperature
mflowj406010000 Steam Generator Out to Main Pump 4 Mass Flow
p406010000 Steam Generator Out to Main Pump 4 Pressure
tempf406010000 Steam Generator Out to Main Pump 4 Temperature
mflowj305010000 | Steam Generator Outlet/Joint Cold Leg 3 Mass Flow
p305010000 Steam Generator Outlet/Joint Cold Leg 3 Pressure
tempf305010000 | Steam Generator Outlet/Joint Cold Leg 3 Temperature
mflowj405010000 | Steam Generator Outlet/Joint Cold Leg 4 Mass Flow
p405010000 Steam Generator Outlet/Joint Cold Leg 4 Pressure
tempf405010000 | Steam Generator Outlet/Joint Cold Leg 4 Temperature
p134010000 Steam Generator Secondary 1 Pressure
p234010000 Steam Generator Secondary 2 Pressure
mflowj304010000 Steam Generator Upper 3 Mass Flow
p304010000 Steam Generator Upper 3 Pressure
tempf304010000 Steam Generator Upper 3 Temperature
mflowj404010000 Steam Generator Upper 4 Mass Flow
p404010000 Steam Generator Upper 4 Pressure
tempf404010000 Steam Generator Upper 4 Temperature
mflowj468000000 Turbine Stop Valve Mass Flow
p510010000 Upper Plenum 1 Pressure
mflowj151000000 Upper Plenum To Rfactor Outlet Header Mass Elow
cntrlvarl Water Level Steam Generator 1 Water Level
cntrlvar2 Water Level Steam Generator 2 Water Level
cntrlvar3 Water Level Steam Generator 3 Water Level
cntrlvar4 Water Level Steam Generator 4 Water Level
cntrlvarb Water Level Pressurizer Water Level
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