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Authors: Zhou Wen, Followed by, In recent years, deep learning has achieved
breakthrough progress in computer vision, natural language processing, and
other domains. However, deep neural networks typically require large amounts
of labeled data for training, which is often difficult to satisfy in practical applica-
tions. To address this issue, researchers have proposed techniques such as trans-
fer learning and few-shot learning. Among them, metric-based meta-learning
methods learn a fixed metric space where samples from the same class are closer
together and samples from different classes are farther apart, thereby enabling
rapid adaptation with only a small number of labeled samples. Such methods
include Siamese networks, Matching Networks, Prototypical Networks, etc. Al-
though these methods have achieved certain success, they typically assume that
all classes are visible during the training phase, which does not hold in real-world
open-set scenarios. In open-set recognition problems, unseen classes may appear
during the testing phase, thus models need the capability to recognize unknown
classes. This paper proposes a deep nearest neighbor classification method based
on adaptive boundaries for the open-set few-shot learning problem. This method
dynamically adjusts decision boundaries such that samples from known classes
can be correctly classified while samples from unknown classes can be effec-
tively identified. Experimental results demonstrate that the proposed method
achieves excellent performance on multiple benchmark datasets.

Specifically, the main contributions of this paper include: (1) proposing an
adaptive boundary mechanism that can dynamically adjust decision boundaries
based on the distribution of support set samples; (2) designing a deep nearest
neighbor classifier that combines the advantages of deep feature learning and
nearest neighbor classification; and (3) validating the effectiveness of the pro-
posed method on multiple few-shot learning benchmark datasets, demonstrating
significant improvements over existing methods particularly in open-set scenar-
ios.

Related work primarily includes two aspects: few-shot learning and open-set
recognition. Few-shot learning aims to learn effective models from a small num-
ber of labeled samples, while open-set recognition requires models to identify
unknown classes. In recent years, some studies have begun to focus on the open-
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set few-shot learning problem, attempting to combine these two directions. For
example, ~[?] proposed the concept of open world recognition, and ~[?] first
introduced open-set recognition into the few-shot learning scenario. However,
existing methods still have certain limitations when dealing with open-set few-
shot learning, such as fixed boundaries and insufficient feature discriminability.

The proposed method in this paper mainly comprises two core modules: a fea-
ture extraction module and an adaptive boundary module. The feature extrac-
tion module employs a deep convolutional neural network (such as ResNet-12)
to map input samples into the feature space. The adaptive boundary module
dynamically computes the decision boundary for each class based on the dis-
tribution of support set samples. Given a query sample, we first compute its
distance to the prototypes of each support set class. If this distance is smaller
than the corresponding class’s adaptive boundary, it is classified as that class;
otherwise, it is marked as an unknown class. The adaptive boundary is com-

puted as follows:
1
c = O 5 Z d(f(mz>auc)+6v (1)

T
| C| z, €S,

where 7, denotes the adaptive boundary for class ¢, S, denotes the support set
for class ¢, f(-) denotes the feature extraction function, p, denotes the proto-
type of class ¢, d(-,-) denotes the distance metric function (such as Euclidean
distance), and « and § are learnable hyperparameters.

During the training phase, we adopt an episode-based training strategy. Each
episode randomly samples N classes, with each class containing K support sam-
ples and @ query samples. We compute the distances between query samples and
the prototypes of each class, and perform classification according to the adap-
tive boundaries. The loss function consists of two components: classification
loss and boundary loss. The classification loss employs standard cross-entropy
loss to optimize the classification accuracy of known classes; the boundary loss
constrains the magnitude of adaptive boundaries to prevent overly large bound-
aries from causing excessive misclassification of unknown class samples. The
overall loss function is defined as:

L= zcls + )‘Cboundar,w (2)

where A is a hyperparameter that balances the two loss terms.

During the testing phase, given a support set and a query set, we first extract
deep features for all samples, then compute the prototype and adaptive bound-
ary for each class. For each query sample, we compute its distance to the
prototypes of each class and make decisions based on the adaptive boundaries.
If the minimum distance is smaller than the corresponding adaptive boundary,
it is classified as the nearest class; otherwise, it is marked as an unknown class.
The advantage of this approach lies in that it does not require explicitly mod-
eling unknown classes, but instead identifies unknown samples by dynamically
adjusting the boundaries of known classes.
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We conducted experiments on four standard few-shot learning datasets: mini-
ImageNet, tieredlmageNet, CIFAR-FS, and CUB-200-2011. For each dataset,
we divided it into training, validation, and test sets according to the standard
split. In the open-set scenario, we partitioned the classes in the test set into
two parts: known classes and unknown classes. Known classes are those that
appeared during the training phase, while unknown classes are those not seen
during training. We employed the N-way K-shot setting for experiments, where
N denotes the number of classes in each episode and K denotes the number of
support samples per class. We report the classification accuracy for known
classes and the recognition rate (F1 score) for unknown classes as evaluation
metrics.

Experimental results are shown in Table~7?. As can be seen from the table, the
proposed method achieves the best performance on all datasets. Particularly in
open-set scenarios, our method significantly outperforms baseline methods in
unknown class recognition. For example, on the minilmageNet dataset under
the 5-way 5-shot setting, our method achieves 82.3% F1 score for unknown class
recognition, representing a 5.2% improvement over the best baseline method.
This validates the effectiveness of our proposed adaptive boundary mechanism.
Additionally, we conducted ablation experiments to analyze the impact of dif-
ferent components on performance. Results indicate that both the adaptive
boundary module and the deep feature learning module make important contri-
butions to the final performance.

To further validate the robustness of the proposed method, we also conducted
experiments with different proportions of unknown classes. We varied the pro-
portion of unknown classes in the test set from 0% (closed-set) to 50% (open-
set). Experimental results are shown in Figure~??. It can be observed that
as the proportion of unknown classes increases, the performance of all methods
degrades, but our method consistently maintains the best performance. Partic-
ularly when the proportion of unknown classes is high, the advantage of our
method becomes more pronounced. This demonstrates that our method pos-
sesses good robustness and can effectively cope with varying degrees of open-set
challenges.

Furthermore, we visualized the learned feature space and adaptive boundaries.
As shown in Figure~??, our method can learn more discriminative feature repre-
sentations, and the adaptive boundaries can well enclose the support set samples
of each class. In contrast, the boundaries between classes in the feature space
of baseline methods are not clear enough, causing unknown class samples to
be easily misclassified. This further explains the reason for the performance
improvement of our method.

Although the method proposed in this paper achieves good performance, it still
has certain limitations. First, the computation of adaptive boundaries depends
on the distribution of support set samples; if the support set contains noise
or outliers, it may affect the accuracy of the boundaries. Second, our method
assumes that unknown classes have a certain distance from known classes in the
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feature space; if unknown classes are highly similar to known classes, the recog-
nition difficulty increases significantly. Future work will explore more robust
boundary estimation methods and investigate how to better distinguish known
and unknown classes in the feature space.

This paper investigates the open-set few-shot learning problem and proposes
a deep nearest neighbor classification method based on adaptive boundaries.
This method effectively enhances the model’s recognition capability in open-
set scenarios by dynamically adjusting decision boundaries. Experimental re-
sults demonstrate that the proposed method achieves excellent performance on
multiple benchmark datasets, significantly outperforming existing methods par-
ticularly in unknown class recognition. Future work will aim to address the
limitations of the current method and further improve the model’s robustness
and generalization capability.

Date: 2024-05-20T00:00:00-+00:00

Abstract

The molten salt pump constitutes one of the primary components in the loop
system of the 2 MW liquid fuel thorium-based molten salt reactor (Thorium
Molten Salt Reactor-Liquid Fuel, TMSR-LF1), bearing the critical responsi-
bility of driving molten salt circulation throughout the loop. The safety and
reliability of molten salt pump operation directly influence the safety and eco-
nomic viability of reactor operation, while condition monitoring represents an
effective approach to ensuring system operational safety and economy. To fa-
cilitate timely detection of equipment and system operational anomalies, assist
operators in rapidly acquiring equipment status information, and provide a foun-
dation for condition-based maintenance, a real-time anomaly monitoring system
for molten salt pumps has been developed based on the Windows Presentation
Foundation (WPF) framework utilizing the MVVM (Model-View-ViewModel)
pattern, achieving functionalities including molten salt pump monitoring model
management, real-time monitoring and alarming, abnormal signal localization,
and log query. Test results indicate that the system is accurate, effective, and
demonstrates high stability, capable of furnishing valuable information for opera-
tional personnel to support decision-making. Compared with conventional DCS
threshold-based alarming, the system enhances the timeliness and effectiveness
of anomaly detection, thereby laying the groundwork for future implementation
of intelligent operation support applications.

Full Text

Design and Development of Real-Time Anomaly Monitor-
ing System for TMSR Molten Salt Pumps
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Abstract

[Background]: The molten salt pump is one of the main equipment in the
thorium-based molten salt reactor circuit system, responsible for driving the
circulation of molten salt in the circuit. The safety and economy of reactor
operation are directly influenced by the safety and reliability of molten salt
pump operation. State monitoring is an effective method to ensure the safe
operation of the system. [Purpose|: In order to timely detect abnormalities in
equipment and system operation and provide a basis for condition-based main-
tenance, a study was conducted on the state monitoring and abnormal signal
localization of the molten salt pump system. [Methods]: A desktop application
for the real-time monitoring system of molten salt pumps was developed based
on the Windows Presentation Foundation (WPF) and Model-View-ViewModel
(MVVM) pattern. The system consists of modules such as monitoring model
management, real-time monitoring and alarm, abnormal signal localization, and
log query. [Results]: The system can centrally monitor the relevant operating
parameters of the molten salt pump system and display the current operating
status of the equipment in real time. Signal parameters that may cause abnor-
malities can be quickly identified after an anomaly occurs. [Conclusions]: The
system can provide necessary operational information for operators and assist
them in making operational decisions. Compared to traditional DCS threshold
alarms, the timeliness and effectiveness of monitoring have been improved, lay-
ing the foundation for the subsequent application implementation of intelligent
operation support.

Keywords: Molten Salt Pump, Real-time Monitoring, Anomaly Localization,
WPF, Software Development

Introduction

The operational safety of nuclear energy systems has always been a focus of
attention and research. Equipment component failures may lead to shutdowns
or serious accidents, and inaccurate sensors may cause deviations from optimal
operation [1], seriously affecting reactor safety and economy. As one of the six
reactor types in the fourth generation of reactors, molten salt reactors have ob-
vious advantages in inherent safety and economy [2-3]. The molten salt pump
is the heart equipment of the thorium-based nuclear energy system, and its
safe and reliable operation directly affects the safety and economy of reactor
operation. State monitoring is one of the effective methods to ensure the safe
operation of the system. The wide application of digital instrumentation and
control systems provides operators with a new set of technical means for reactor
operation and monitoring [4]. Current research on equipment state monitoring
can be divided into mechanism analysis-based methods and data-driven meth-
ods. Mechanism analysis methods are not suitable for monitoring equipment
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with complex structures and strong nonlinearity [5]. With the development
of sensor technology and artificial intelligence technology, data-driven methods
supported by intelligent algorithms have been widely applied in the state mon-
itoring field [6-9]. State monitoring technology is developing toward integrated
monitoring and high flexibility and intelligence, introducing intelligent meth-
ods such as machine learning and deep learning to achieve high-precision and
high-reliability state monitoring.

Currently, molten salt reactors still use single-point alarms based on distributed
control systems, lacking effective multi-dimensional parameter centralized moni-
toring functions, unable to give early warning signals in the early stage of faults,
and even less able to locate abnormal signals after faults occur. Therefore, a
state monitoring and abnormal signal localization method based on Principal
Component Analysis (PCA) and contribution plots was designed, and the un-
detectable interval of the PCA model was quantitatively calculated to obtain
better monitoring effects. The contribution plot algorithm was improved to
address the smearing effect of traditional contribution plots that leads to inac-
curate localization results. The design, implementation, and verification of the
corresponding algorithms can be found in reference [1]. Based on this research,
this paper integrates the algorithms and develops the corresponding system
software, adopting a highly integrated graphical user interface to achieve state
monitoring, anomaly localization, and other functions.

This paper develops a set of real-time anomaly monitoring systems for molten
salt pumps using the Windows Presentation Foundation (WPF) framework,
including modules such as model training, online monitoring, anomaly alarm,
anomaly localization, and log query. The system has good scalability and porta-
bility, as well as a friendly human-machine interface that maximizes the central-
ized display of key information, conforming to the operation habits of relevant
personnel. It achieves accurate and effective anomaly alarm and localization,
helping field operators to timely and accurately understand the operating sta-
tus of equipment and abnormal parameter changes, improving the safety and
economy of equipment operation, and reducing losses caused by unplanned main-
tenance and short-term shutdowns.

1 Overall Design Scheme

To ensure the safe and reliable operation of molten salt pumps, it is necessary
to monitor their operating status in real time. When equipment operation is
abnormal or faulty, the system should promptly provide warning alarms, locate
abnormal signals, help field operators understand the equipment operating sta-
tus, provide effective information for analysis, assist operators in operation and
maintenance decision-making, reduce operator mental stress, and enable appro-
priate measures to be taken. The system needs to collect parameters related
to molten salt pump operation, including pump motor bearing vibration and
temperature, pump bearing vibration and temperature, and other parameters,
and then obtain the current operating status statistics through the PCA mon-
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itoring model. If the value exceeds the limit, it is determined to be abnormal,
and the signal parameters that may cause the abnormality are located through
contribution analysis methods. Therefore, the system interface needs to be able
to display real-time monitoring curves, alarm information, localization informa-
tion, real-time signal data, etc., and record relevant abnormal information into
log files for later analysis.

1.1 System Structure

The monitoring system structure is shown in Figure 1 [Figure 1: see original
paper]. The system structure is divided into three parts: data acquisition, data
processing, and application display. The NuCON platform is the distributed
control system for the molten salt reactor, which obtains real-time equipment
operation data through the Input Output Controller (IOC) of the Experiment
Physics and Industrial Control System (EPICS) [10-13]. The current equip-
ment operating status is calculated through the monitoring model, and the
corresponding results are displayed in the program interface.

1.2 Functional Design

The molten salt pump monitoring system was developed on the Microsoft Visual
Studio 2022 environment using C# 10.0 programming language based on .NET
Core 6.0. The developed desktop application uses the WPF framework, and the
software design adopts the Model-View-ViewModel (MVVM) pattern, which
separates the XAML user interface called View, the underlying data (Model),
and the intermediary between View and Model (ViewModel) into three layers
[14-17]. The software obtains relevant operation data of the fuel salt pump
and coolant salt pump and displays it in real time on the interface, performs
real-time calculation and processing of the data, and dynamically displays the
current operating status of the pump in the form of curves. The system functions
are shown in Figure 2 [Figure 2: see original paper].

The system operation first requires data connection to obtain real-time data.
After the data connection is established, the main interface displays important
parameters such as pump speed, current, and frequency. Other data of the
coolant salt pump and fuel salt pump can also be viewed through the sidebar
pages. Before monitoring, a suitable monitoring model must first be loaded.
After successful loading, the corresponding statistical value limits are displayed.
To ensure the timeliness of model updates, an online model training module is
set up, which allows free setting of model parameters and training time for online
model training. At the same time, offline training of models through historical
data is also possible. After training is completed, a dialog box will pop up
to prompt completion. After training is completed, the model can be saved
for backup, with the default model save name being date + training duration.
When the equipment is determined to be in an abnormal state, the interface
will display the current abnormal information in real time. Historical operation
log records can be queried by selecting the corresponding date. The log only
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records abnormal situation information, including date, time, and abnormal
signal localization information. This information is saved to a local file and can
also be queried in the corresponding folder.

1.3 Process Design

Figure 3 [Figure 3: see original paper| shows the business process flowchart of
the equipment state monitoring system. The process is mainly divided into
two parts: first, connecting the monitoring model with real-time equipment
operation data; using EpicsSharp to access the EPICS server to obtain data
in real time. EpicsSharp is a software library for the .NET platform used to
implement the Channel Access protocol used by EPICS [18-19]. Second, training
the PCA monitoring model using offline data or online data. Finally, using the
PCA model to monitor the equipment operation status in real time, giving alarm
signals when anomalies or faults are detected, and simultaneously locating the
signal parameters that caused the anomaly. Finally, relevant abnormal alarm
and localization information is transmitted to the operators in the main control
room through the human-machine interface to help them make correct decisions.

1.4 Human-Machine Interface Design

The main interface mainly includes five parts: the upper menu bar, which in-
cludes window minimize, maximize, close, and connect to real-time database
buttons; the left sidebar, which includes corresponding page pop-up buttons;
the upper interface key parameter display, which can display the values of im-
portant parameters in real time after data connection; the real-time monitoring
result screen, which is divided into different TAB pages corresponding to dif-
ferent equipment, enabling start/stop monitoring, with monitoring curves dis-
played in real time in the chart, and the corresponding button turning red if an
anomaly occurs; and the lower monitoring information display, where the blue
area below will display the date, time, and signal names that may cause the
anomaly when an anomaly occurs.

2 PCA Monitoring Model and Anomaly Localization
2.1 PCA Monitoring Model

Multivariate statistical analysis is a commonly used method for process mon-
itoring, with the superiority of handling a large number of highly correlated
variables. PCA is one of the most commonly used methods for multivariate
statistical process monitoring. By reducing multi-dimensional highly correlated
sensor data to a small set of uncorrelated latent variables, it greatly reduces the
complexity of monitoring [1]. The idea of PCA state monitoring is as follows:
project the data vector onto two orthogonal spaces—the principal component
space and the residual space. Then, establish statistics in the corresponding
subspaces for hypothesis testing. Hotelling’s T-squared (T?) and Squared Pre-
diction Error (SPE) are used as detection statistics. The T? statistic represents
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the degree of variation in the principal component space, while the SPE statis-
tic represents the degree of variation of data projection in the residual space.
By comparing the results with the corresponding control limits, it can be de-
termined whether a fault has occurred. The calculation methods are as follows

[1]:
PCA decomposes the data matrix X into principal component space and residual

Space:
X=TPT+E

where X € RV*™ represents a data matrix containing m sensor variables and n
samples; T is the score matrix, P is the loading matrix, and E is the residual
matrix.

The definitions of SPE and T? statistics are as follows:
SPE = |z —3|* = |(I — PPT)z|?
T? = 2TPA1 Py
where z is the sample vector, Z is the reconstructed vector, A is the diagonal
matrix with eigenvalues, and [ is the identity matrix.

The SPE control limit @, can be calculated through the x? distribution. When
the significance level is a, the calculation formula for @, is:

1

co /20,12 Oyho(hg — 1) | ™
Q. =0, ; 2% 414 72 0(020 )
1 1

where 0, = ZT:AH A; for i =1,2,3, A is the number of principal components, A
is the corresponding eigenvalue; z,, is the critical limit of the normal distribution

at significance level a.

The T? control limit can be calculated through the F-distribution. When the
significance level is «, the T? control limit is:

A(n—1)
T?="——"F (An—A
2= SR (A A)
where F, (A,n — A) represents the F-distribution value with degrees of freedom
A and n — A at significance level 1 — a.

The number of principal components is selected according to the cumulative
variance contribution rate, that is:
A
N
Zﬁl > threshold

Zizl )‘z
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2.2 Anomaly Signal Localization

After PCA detects an anomaly, it is necessary to further locate the variables
that caused the alarm. Contribution analysis only uses process data to locate
fault variables without any prior fault knowledge, making it an unsupervised
method. The contribution plot actually reflects the impact of changes in various
variables on the stability of the system statistical model [1]. The anomaly signal
is determined by comparing the contribution of each variable. The calculation
method is as follows [1]:

The statistical calculations of formulas (2) and (3) can be uniformly expressed

as:
é(x) =T Mx

Assuming signal j fails, sample = can be expressed as:
r ="+ fi§;

where z* represents the normal part of the data; f; represents the fault magni-
tude of signal j; §; represents the direction of fault j, which can be an arbitrary
process fault direction.

The reconstructed vector along the &; direction can be expressed as:
T=x— [

The reconstruction-based contribution of variable x to the fault detection index
is defined as:

RBC; = (x) — 6(%)

Substituting formula (12) into formula (11), the calculation method is:

(& Mx)?
RBC; = SJ-Tij
J

RBC is calculated for each sensor direction of the sample accordingly.

3 System Testing

To test the feasibility and effectiveness of the molten salt pump monitoring sys-
tem, field verification was conducted by applying it to a thorium-based molten
salt reactor project. Real-time fault detection and anomaly localization are the
two most important functions of the system, so the test results of these two
functions are discussed in detail. The system was used to monitor the primary
loop fuel salt pump in real time. When the pump was in normal operation, the
monitoring curve occasionally fluctuated below the threshold, indicating nor-
mal operation. When a certain vibration signal data of the pump suddenly rose
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abnormally, the monitoring curve also rose above the limit, and the fuel salt
pump TAB label turned red, indicating abnormal operation. Figure 4 [Figure
4: see original paper| shows the alarm situation generated during monitoring
on a certain day. Figure 5 [Figure 5: see original paper] shows the complete
monitoring curve for that day.

As can be seen from Figure 5, after approximately 2:24 PM, the monitoring
curve completely exceeded the limit and continued to rise, indicating that the
degree of anomaly was continuously increasing. The localization results showed
that the signal that might cause the anomaly was a certain vibration signal of
the fuel salt pump. Actual investigation confirmed that this signal was indeed
abnormal.

By querying the historical data of this signal, it was calculated that the mean
value of the signal data on the alarm day was 0.2754 with a standard deviation
of 0.1170; while the mean value of the signal data in the half month before the
alarm was 0.0575 with a standard deviation of 0.0225. This indicates that the
signal value increased and its fluctuation became larger on the alarm day. The
trend of the original signal data is shown in Figure 6 [Figure 6: see original
paper], from which it can also be seen that the signal value has a clear upward
trend. However, the DCS did not issue an alarm for this signal change.

These results indicate that the monitoring system can effectively monitor the
status of molten salt pumps and accurately locate abnormal signals with high
accuracy. At the same time, after long-term operation debugging, testing, and
optimization, the system meets the requirement of real-time monitoring per
second and has high stability. The application of state monitoring systems can
greatly reduce the psychological pressure on operating personnel and reduce the
probability of misoperation, which is crucial for the safe and stable operation of
reactors.

Conclusion

This system adopts the PCA monitoring method and improved reconstruction
contribution plot-based anomaly signal localization, which improves the perfor-
mance of equipment state monitoring. It can timely and accurately alarm ab-
normal equipment status and reduce the probability of missed and false alarms.
Based on this, an integrated equipment state monitoring system with state moni-
toring, fault alarm, and anomaly signal localization was designed and developed,
completing the design and development of multiple functional modules such as
real-time anomaly detection and anomaly localization. The monitoring method
adopted by the system is highly practical; the software has a simple and clear
interface design, achieving friendly human-computer interaction and effective
monitoring of equipment operation status. It also has strong scalability and can
monitor multiple devices simultaneously. Test analysis results show that the
system has achieved the expected goals and has good monitoring effects, play-
ing a positive role in improving the safety, reliability, and economy of molten
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salt pump operation. At the same time, it also lays a foundation for further
research and implementation of operation support technology and intelligent
operation and maintenance technology.
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