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1. Introduction 2. Light Gradient Boosting M achine

Alarm systems in Nuclear Power Plants (NPPs) are In this study, the LightGBM algorithm was employed
critical components that enable operators to mainta to proactively predict the timing of alarm occurces [3].
safe plant operations. In the event of emergency orLightGBM is a tree-based learning algorithm rooted
abnormal conditions during plant operation, alaares  the gradient boosting framework; it maximizes léeagn
triggered to provide critical information to opevat.  efficiency for large-scale simulation datasets tigto
However, existing alarm systems in NPPs are based o Gradient-based One-Side Sampling (GOSS), a tecaniqu
logic that triggers as soon as individual instrumen that optimizes computational load by prioritizing
signals, such as pressure or temperature, excee@amples with larger gradients. Specifically, by ity
predefined thresholds. While this method providearc ~ the leaf-wise tree growth strategy, which is more
criteria, it has limitations in that operators findifficult efficient than the conventional level-wise approatie
to perceive subtle anomalies before thresholds aremodel precisely captures the complex non-linear
reached [1]. Additionally, the occurrence of alarm relationships —between physical variables. This
flooding, where numerous alarms are triggered simultaneously achieves faster training speeds and
simultaneously within a short period, causes severereduced memory consumption. Fig. 1 illustrates the
information overload for operators, hindering their Structural differences between the level-wise aeaf-|
ability to make prompt judgments and take apprapria Wise methods.
actions [2].

To overcome these limitations, this study propases
proactive alarm prediction model that provides afms
with information on alarms occurring during emerggen e e e
and abnormal conditions in advance. Proactive alarm

prediction technology enables the early recognitién
state changes in NPPs, helping operators perforne mo <Level-wise trees growth>
prompt and effective judgments and actions. Byzinig

Light Gradient Boosting Machine (LightGBM), this

model estimates the time remaining until alarm bise &

seconds and utilizes an Intelligent Alarm Optinizat e
mechanism to filter the predicted data, ensurimad dnly

key alarms are delivered to the operators. Fontbdel
development, the data used to train and test tbidem
were collected through the Compact Nuclear Simulato
(CNS).

This study offers quantitative forecasts on thdrgn
of specific alarms in seconds, rather than merely
notifying operators of the alarm's occurrences.
Furthermore, it optimizes core information among th
numerous alarms occurring during abnormal situation
providing operators with a practical basis for efifee
judgment. This helps ensure plant safety by imprgvi
the operator's situational awareness during thgalini
stages of an accident and enabling the proactive
execution of high-priority actions, even in alaidoofding
scenarios.

<Leaf-wise trees growth>
Fig. 1. The structure of level-wise and leaf-wisetmethods

In addition, Ensemble Uncertainty Quantificationswa
employed to address the inherent bias of singleetsod
and to satisfy the stringent reliability requirertseof the
nuclear domain. By quantifying uncertainty throubh
standard deviation of the predicted values amomg th
models, it provides operators with a 95% unceraint
band rather than a simple point estimate. This Gagr
has the effect of enhancing decision-making sty
visually presenting the statistical reliability dhe
model’s predictive results. To summarize, LightGBM
demonstrates a distinct advantage in providing high
predictive accuracy with low computational costs,



making it ideal for real-time inference environngent alarm tag names and corresponding descriptions are

aimed at ensuring the safety of NPP operations. detailed in Table 2.
3. Data Table II: Alarm variables description
3.1 Data Collection No. Alarm variables descriptit
1 Control bank low-low limit
For model development, the data were collecteddase | 2 Two or more rod at botto
on simulated abnormal scenarios in NPPs. The datasg 3 Axial power distribution limi
was generated using the CNS, which was modeled for | 4 L/D HX outlet flow low
Westinghouse-type 3-loop pressurized water reactor| 5 L/D HX outlet temp hig
system [4]. To proactively predict precursor sigefore 6 Charging flow corrol flow low
the onset of abnormal conditions, eight abnormal| 7 Charging flow corrol flow high
scenarios were established based on Abnormal Opgrat 8 PWR range high flux rate RX ti
Procedures (AOPs) and simulator-based experiments; g RCS flow low at high PWR RP tr
The abnormal scenarios used in this study are piese 10 Rad high ale
in '_I’able 1. Addmonallyz alarms that could occur i 11 VCT level higl
various abnormal scenarios were collecf[ed bas@t\m _ 12 RCS 1,2,3 TAVG hig
and AOPs. Alarms W|th|n the CNS. are I|.nked to sfieci 13 RCS 1.2 Zlow flow
process variables, serving as critical informattbat 14 PRZ preshigh aleri
inform system anomalies to the operator. 15 PRZ press low ale
16 PRZ PORYV openir
Table I: List of abnormal scenarios 17 PRZ conrol level high heater ¢
No. | Scenario nam 18 PRZ press low barup heater @
Automatic logic and instrument errors 19 TAVG deviation higl
1 Pressurizer level channel failure (Lc 20 PRZ low press & -7 RX trip
2 | Steam generator level channel failuLow) 21 PRT temp hig
Abnor mal equipment status 22 PRT press hic
3 PRZ Safety valve failu 23 SG1,2,3 STM/FW flow deviatic
4 PRZspray valve failur— oper 24 MSL 1,2,3press rate hic
5 PRZ PORV ope 25 AFW actuate
6 Continuous insertion of control r 26 FW pump trif
7 RCS to CCW system leake
8 CVCS to CCW system leaka 4. Results

To quantitatively evaluate the performance of the
proposed LightGBM model in predicting the remaining

Data pre-processing was performed to reduce bias in2/arm time, Root Mean Squared Error (RMSE) and Mean
the model training process and improve overallreay Absolute Error (MAE) were utilized as key metrics.
efficiency. The selected data were normalized faasa ~ RMSE represents the square root of the average of
between 0 and 1 using the min-max scaling technique squared differences between predicted and actual

This normalization process adjusts the scale af dith observations, indicating the overall deviation bkt
different units and ranges to maintain data coesist model. MAE is the average of the absolute diffeesnc

and improve model performance. betvyeen predicted and actual values, providin_g a
Among the total of 86 alarms monitored by operators Straightforward measure of the average error magdeit

in real-time via the CNS alarm display, 27 alarmsatt | "€se evaluation indices are shown in Egs. (1)(apd

significantly represent system anomalies within the In the equationsy and y represents the actual value,

established scenarios were selected as the pmdicti the predicted value, respectively. Table Il shas

targets. To select the target alarms, we firstnaefithe prediction performance metrics for each scenario.

core alarms for each individual scenario by degime

union of alarms that repeatedly occurred acroseuwsr S(y-9)?

3.2 Data Pre-Processing

abnormal scenarios. Subsequently, by taking the RMSE = (1)
intersection of the alarms derived from all eight n
abnormal scenarios, we selected the core alarnabtEp R
of encompassing a wide range of accident types. The\ag = Z|y_ y| 2)

selected alarms are closely associated with thermaj n
instrumented variables of the NPP, and their specif



Table Ill: Prediction Performance Metrics

Scenario Nc RMSE MAE
1 0.066¢ 0.048:
2 0.012¢ 0.004<
3 0.075¢ 0.0391
4 0.062¢ 0.0222
5 0.045( 0.018:
6 0.059¢ 0.049¢
7 0.088: 0.057¢
8 0.0251 0.009¢

Figs. 2 and 3 show the results of predicting theng
of alarm occurrences within the abnormal scengdbhs
In the graph, the actual timing of alarms is intéchby
a blue solid line, while the predicted timing frotme
model is depicted as a yellow dotted line. The gree
shading surrounding the predicted values represbats
95% uncertainty band, reflecting both model unéetya
and the inherent variability of the data to indécat
reliable range for future predictions. Across atjhe
scenarios, it was confirmed that the model sucoégsf
predicted the trends of actual alarm occurrencies. F
illustrates the prediction results for Alarms Naridd No.
20 occurring in the PRZ PORV Opening scenario, evhil
Fig. 3 shows the prediction results for Alarms B@and
No. 18 in the CVCS to CCW system leakage scenario.

Scenario ab21 12 18 (1698) — RAT KLAMPO282 sec (PRZ LOW PRESS & P-7 RX TRI

5001 —— Actual remaining alarm time (sec)
Predicted remaining alarm time (sec)
g Bl Pred+20
) 250 500 750 1000 1250 1500
‘Time (sec)
Scenario ab21 12 18 (1698) — RAT KLAMPO274 _sec CHARGING FLOW CONT FLOW HIGH

1750

—— Actual remaining alarm time (sec)
Predicted remaining alarm time (sec)

B Pred + 20

Afarmr onset here;
(step-403)

0 50 100 150 250 300 350

200
Time (sec)
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Fig. 3. Alarm prediction for CVCS to CCW system leakag
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To prevent information overload and human errors
that may occur when a large volume of multi-alared
is delivered to operators, this study introduced an
Intelligent Alarm Optimization process. Rather than
operating independently, alarms in an NPP follow
physical principles, where a single initiating etwen
triggers a cascade of numerous secondary alarms. To
address this hierarchical complexity and support
operators' proactive decision-making, this study
performed a stepwise optimization process. First, b
comprehensively evaluating the predicted remaining
time, model reliability, and inherent importanceeafch
alarm, the process extracted alarm informationipted
to occur within a 60-second time horizon. Subsetijyen
causal modeling was performed by integrating data-
driven correlation analysis with the physical
interconnectedness of the system. Information héésa
was achieved by grouping multiple derivative alarms
expected to occur due to the same physical petiarba
Finally, within this structured architecture, theopess
prioritizd the identification of the alarm that ses as
both a key indicator of accident progression angl th
physical basis for the observed change. Through thi
process, the system was configured to select audayi
the trends of up to five key predicted alarms, ¢bgr
considering the operator's cognitive limits.

Based on these filtered alarms, a comparative aisaly
was performed between the actual remaining alama ti
and the predicted remaining alarm time. Figs. 4 and
present plots comparing the actual and predictadral
onset times for alarms within the abnormal scemsario
The timeline plots are color-coded to indicate the
proximity of predicted alarm occurrences: orange
represents alarms expected to fire imminently, oyell
indicates alarms with a medium-term lead time, and
green denotes alarms with a relatively longer time
margin. The gray bar plotted behind the coloredsbar
represents the actual time the alarm fires. Bylayerg
these two elements, the plot facilitates a direct
comparison between the actual and predicted alarm
occurrence times, highlighting the precision of tinedel.
The comparison confirmed that the predicted alanseb
times were closely aligned with the actual timeghimi
an error margin of approximately 10 seconds. This
suggests that the proposed model achieves a ldvel o
accuracy that is practically useful for operatocidien
support. Furthermore, by providing minimal and
essential information, it is possible to both prve
human errors and ensure consistency in operator
responses.
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Fig. 4. Comparison of actual and predicted alarsebtimes
(PRZ PORYV opening scenario)
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Fig. 5. Comparison of actual and predicted alarrsebtimes
(CVCS to CCW system leakage scenario)

5. Conclusions

To support operators' proactive situational awassne
and prevent human errors during abnormal conditions
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Experimental results demonstrated that the proposed

LightGBM model effectively captured complex physica
causal relationships and achieved superior predicti
precision with lower computational costs compared t
existing deep learning models. Additionally, in the

nuclear domain where high reliability is paramouhis
study quantitatively presented the statistical warfce

of the prediction results. Furthermore, through the

intelligent alarm optimization proposed in this dyu
only core information with high predictive confidan
and alarm importance was filtered and provideds Thn
significantly reduce
potential for
scenarios.

However, as this study was conducted within a CNS

environment, there is a limitation in fully validiag the

information overload and the
human error during alarm flooding

robustness against various noises and unexpected,

unknown accident scenarios that may occur in actual
NPPs. In future works, efforts will be made to emte
model robustness and generalization by incorpagatin
diverse abnormal datasets and real-world planbijist

Furthermore, the scope of performance verificatiglh

be extended to next-generation nuclear technolpgies

including SMR.
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