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Accurate identification of developing events is crucial in achieving reactor operation safety, 

decision making and accident management.  Machine learning techniques are increasingly 

used as alternative to conventional model based methods due to their data driven nature for 

abnormal event detection. Among these, the K-Nearest Neighbors (KNN) algorithm remains 

widely used across industrial diagnostic systems, including applications in nuclear reactor 

monitoring, owing to its simplicity and good performance in multi class classification tasks. 
However, a key limitation of standard KNN is that all input features are treated with equal 

importance, which can limit its accuracy. To address this limitation, this study proposes a 

Random Forest guided feature weighted KNN classifier for reactor event identification. In 

the proposed approach, feature importance extracted from a Random Forest model is utilized 

to strengthen the ability of standard KNN model. The method is evaluated on a five class 

nuclear reactor event dataset and is found to outperform the base KNN and RF models. The 

performance of the proposed model is also compared with other KNN - RF ensemble 

methods and is shown to perform the best among all with superior performance metrics.  
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I. INTRODUCTION 

Early detection of abnormal conditions is very important to preserving reactor safety through timely intervention by operators. 

Conventionally, decisions about plant operation in the control room were based on alarms/trip systems, displays for monitoring plant 

conditions, and emergency operating procedures. These systems have limitations because they were developed from simplifications of 

fundamental physical laws and they operate in response to those events which are covered under such principles. Further, accurate 

modelling of nuclear reactors via first principles could be challenging due to the complicated process behavior, therefore it limits the uses 

of model-based diagnostics entirely. On the other hand, in contrast to first principle methods, data driven methods learn patterns from 

operational data and real time measurements and hence do not require detailed mathematical descriptions regarding reactor behavior. 

Since modern industrial plants including nuclear plants acquire large amounts of operational data, the information can be utilized to train 

machine leaning models to identify developing events in their earlier stages. Whenever an event occurs, operators in a nuclear reactor 
control room is expected to analyze many signals, alarms and trends simultaneously under huge mental pressure. Human error has been 

identified as an important contributor to nuclear accidents worldwide. Hence, machine learning techniques can be used to develop data 

driven systems learning from huge volumes of operational data to provide diagnostic support to the operators reducing human errors. 

Owing to their benefits in terms of safe and cost effective reactor operation, many techniques for the identification and diagnosis of events 

have been studied. In general, such approaches aim to represent relationships within reactor systems or derive informative features through 

pattern recognition strategies, enabling the detection of abnormal reactor conditions based on measured process data [1]. In recent years, 

there has been a growing shift toward the use of data driven methodologies for monitoring nuclear reactors. 
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Currently, a wide range of machine learning techniques—such as neural networks, support vector machines (SVMs), 

dimensionality reduction algorithms, ensemble learning frameworks, regression models, and others—have been adopted to forecast the 

operational behavior of nuclear power plants, as noted by Hu G et al. [2]. Moreover, machine learning tools, including advanced deep 

learning architectures, are increasingly applied for condition monitoring, equipment health evaluation, and remaining useful life (RUL) 

estimation within nuclear facilities [3], [4]. Studies illustrate the use of SVM based models [5], [6], where deviations in process variables 

are exploited to identify potential accident scenarios in reactors. Reference [7] proposes a diagnostic approach that not only detects faults 

but also quantifies their severity by combining Principal Component Analysis with neural network techniques. In [8], Santosh et al. 

developed a neural network driven framework to diagnose severe coolant loss events in nuclear power plants. Additional research has 

explored a variety of data driven solutions for assessing and managing plant wide and component level health conditions, as summarized 

in [9]. 

Reference [10] examines multiple classification techniques—such as PCA, SVM, decision trees, and hybrid schemes—for 
identifying equipment and actuator faults in PWR systems. Meanwhile, [11] reports that ensembles based on nearest neighbor classifiers 

achieved the highest accuracy for fault detection, whereas ensembles composed solely of decision trees performed comparatively poorly. 

Motivated by these works, our earlier work involved development of KNN model for the purpose of transient event identification in 

reactors [12]. The developed KNN model achieved an accuracy of 97% which is a hold out test data performance. In this work, a novel 

method is proposed for an improved KNN model for event identification with enhanced accuracy. The proposed model is a Random 

Forest guided feature weighted KNN classifier to improve the accuracy of classification. By integrating the local feature relevance derived 

from Random Forests with the neighbourhood based decision structure of KNN, the proposed model is shown to outperform the basic 

KNN model and other KNN-RF ensemble models. Different performance metrics of the model such as categorical accuracy, confusion 

matrix, class wise performance score are studied and are shown to provide the best results when compared with the other models. 

II. PROBLEM STATEMENT AND DATASET 

II.1 EVENT DETECTION 

Systems that support timely event detection are crucial to maintaining the safe operation of any nuclear reactor. Research or test 

reactors, in particular, consist of highly intricate subsystems designed both for operational safety and for carrying out diverse experimental 

activities. This paper focuses on identifying abnormal events in such test reactors using a data driven strategy built upon a novel machine 

learning framework. In these facilities, the reactor core is usually located within a large pool filled with demineralized light water, which 

serves simultaneously as coolant and moderator. Under normal operating conditions with offsite electrical power available, primary 

cooling pumps ensure forced circulation around the core. Heated coolant is routed through heat exchangers, where its thermal energy is 

transferred to the secondary cooling loop. The secondary loop employs its own set of pumps that drive water toward cooling towers for 

ultimate heat removal. 
If offsite power is lost, core cooling relies on natural circulation within the pool, enabled by passive valves engineered to open 

automatically and permit flow. Throughout operation, vital plant variables—including process parameters and equipment status 

indicators—are continuously monitored and archived. Because of their extensive instrumentation, these reactors generate and log large 

volumes of process data [13], [14]. Within nuclear reactor safety design and assessment, Postulated Initiating Events (PIEs) play a critical 

role. These events represent potential triggers that may drive the reactor away from its normal operational state, possibly progressing into 

anticipated operational occurrences or even accident scenarios. Rapid identification and mitigation of such events are essential, making the 

precision of detection systems or models highly important. For this reason, the present study approaches the challenge through the application 

of an appropriate and innovative machine learning methodology.  

II.2 DATASET 

Training effective machine learning models relies on the availability of credible and well defined datasets. In this work, the training 

data are generated by simulating key PIE scenarios using thermal hydraulic codes capable of reproducing the dynamic behavior of accident 

conditions in light water reactors, including research reactors [15], [16]. Such events represent transients which are departures from normal 

conditions that may occur due to abnormal system behavior. These transients can stem from a variety of sources, including equipment 

malfunctions, operator mistakes, and both internal and external hazards. For the reactor examined in this study, the relevant events were 

selected in accordance with IAEA SSR-3, the international standard that outlines essential safety requirements for research reactors [17]. 

Four significant events typical of test research reactors were chosen, and simulated data from these scenarios were used for model 

development. Table 1 summarizes the set of events considered in this work. Each scenario is generated through a detailed event sequence 

analysis, which produces time dependent trends for the plant parameters affected during the transient. For the four selected events, 16 

operational variables were identified as influential. These 16 measurements serve as the feature set used to train and construct the machine 
learning models. Consequently, the dataset is a labeled one comprising five classes, including a baseline class that represents normal operation 

with no event. The feature set includes both continuous variables such as reactor power, coolant flow rate, and heat exchanger temperatures, 

and categorical indicators, including various reactor trip signals, alarm activations, and the status of passive cooling valves, among others. 

Table 1: Events modeled for detection. 

S.No. Event 

1 Failure of offsite power event 

2 Failure of pump flow event 

3 Loss of coolant event 

4 Failure of heat sink event 

Source: Authors, (2026). 
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III. METHODOLOGY 

III.1 K-NEAREST NEIGHBORS CLASSIFIER 

One of the simplest and most understandable supervised learning methods for classification is the K-Nearest Neighbors (KNN) 
algorithm. The main principle is that in the feature space, data points belonging to the same class typically appear near one another. Therefore, 

we may use the labels of the closest samples in the training set to estimate the class of a new, unseen sample. Considering training dataset D, 

 
{(𝑥1, 𝑦1), (𝑥2, 𝑦2), … (𝑥𝑁 , 𝑦𝑁)},                                                                                      (1) 

 

where 𝑥1𝜖  ⁠ ⁠ℝ𝑑  represents a d dimensional feature vector and 𝑦𝑖 is the corresponding class label, the goal is to assign class to a new sample 

𝑥. The KNN classifier performs this in the following steps: 

1. Measure the distance between the test sample 𝑥 and all samples in the training set. 

2. Identify the nearest 𝐾 samples, referred to as the "neighbors." 

3. Perform majority voting among these 𝐾neighbors. 

4. The class receiving the highest number of votes is assigned to 𝑥. 

Mathematically, this can be expressed as: 

   𝑦̂(𝑥) = 𝑚𝑜𝑑𝑒{𝑦(1), 𝑦(2), … , 𝑦(𝐾)},                                                                            (2)  
 

where 𝑦(𝑖) denotes the class label of the i-th nerest neighbor. 

Distance metric plays a crucial role in KNN. Commonly used metrics include: 

 Euclidean distance 

dE(x, xi) = √∑(xj − xi,j)
2

d

j=1

                                                                                 (3)  

 Manhattan distance 

                                                                              𝑑𝑀(𝑥, 𝑥𝑖) = ∑|𝑥𝑗 − 𝑥𝑖,𝑗|                                                                                    (4)

𝑑

𝑗=1

 

The decision boundary formed by KNN is non linear and adapts to the data distribution. This characteristic makes it suitable for 

complex classification tasks such as nuclear event identification, where the feature relationships are often non linear. The choice of 

𝐾significantly affects the classifier’s performance. A small 𝐾 makes the classifier sensitive to noise and outliers, potentially overfitting. A 

larger 𝐾 smooths the decision boundary and improves generalization but may overlook small scale structures in the data [18]. KNN is a 

relatively simple to use and straightforward algorithm. Since there is no training phase, it is adaptable to incremental data. KNN is one of the 

most suitable models to handle multiclass problems. However, KNN suffers from the curse of dimensionality and is sensitive to duplicate or 
noisy features [19]. Without specific weighting, contribution of each feature is treated equally by the algorithm. These limitations are 

especially pertinent to complicated industrial datasets, such nuclear reactor transients, where some features could be more important than 

others.  This insight naturally emphasizes the necessity for an improved classifier that guides the decision making process by incorporating 

extra knowledge, such as feature importance information. 

III.2 RANDOM FOREST CLASSIFIER 

Random Forest is an ensemble learning method that constructs a collection of decision trees and aggregates their outputs to improve 

classification reliability. The core idea is that multiple weak learners, when combined in an intelligent manner, can form a strong and robust 

classifier. Random Forests are particularly effective for complex, nonlinear datasets such as those encountered in nuclear reactor monitoring, 
where different features may influence the event dynamics in varying ways [20]. The concepts of random feature selection and bootstrap 

aggregation (bagging) are used to construct a Random Forest.  A bootstrap sample taken from the original dataset is used to train each tree 

in the forest. Furthermore, only a randomly chosen subset of features is taken into account for determining the optimal split during each tree's 

growth. Because the trees are diverse due to these two types of randomness, there is less chance of associated errors [21]. Let the training 

dataset be  

 {(𝑥1, 𝑦1), (𝑥2, 𝑦2), … (𝑥𝑁 , 𝑦𝑁)}                                                                                          (5) 

 

Where 𝑥1𝜖  ⁠ ⁠ℝ𝑑  represents a d dimensional feature vector and 𝑦𝑖 is the corresponding class label. For each tree 𝑇𝑏, a bootstrap 

sample 𝐷𝑏is drawn by sampling 𝑁 times with replacement from the original dataset 𝐷. Some samples may appear multiple times, while 

others may be excluded (out of bag samples). At each internal node of tree 𝑇𝑏, instead of evaluating all features, only a randomly selected 

subset 𝐹𝑏 ⊆ {1,2, … , 𝑑} is considered for splitting. Because of this, there is reduced correlation between trees and it helps capture different 
structural relationships in the data. Each decision node chooses the feature and threshold that offers the greatest reduction in impurity. 

One of the most used impurity measure, Gini impurity is defined for a dataset 𝐷 as: 
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                                                                                     𝐺𝑖𝑛𝑖(𝐷) = 1 − ∑ 𝑝𝑘
2                                                                                           (6)

𝑐

𝑘=1

 

 

Where 𝑝𝑘  is the proportion of samples belonging to class 𝑘, and 𝐶is the total number of classes. If a split on feature 𝑓divides the 

data into subsets 𝐷left and 𝐷right, the impurity reduction is 

 

              𝛥𝐺𝑖𝑛𝑖(𝑓) = 𝐺𝑖𝑛𝑖(𝐷) −    {
|     𝐷𝑙𝑒𝑓𝑡|

|𝐷|
𝐺𝑖𝑛𝑖(𝐷𝑙𝑒𝑓𝑡) +

|     𝐷𝑙𝑒𝑓𝑡|

|𝐷|
𝐺𝑖𝑛𝑖(𝐷𝑟𝑖𝑔ℎ𝑡)}                                               (7) 

 

The feature and threshold giving the maximum ΔGini  are selected for that node [22]. Once all trees are trained, classification of 

a new sample 𝑥 is performed by passing it through each tree. Each tree produces an output 𝑇𝑏(𝑥), and the forest prediction is obtained 

through majority voting: 

𝑦̂(𝑥) = 𝑚𝑜𝑑𝑒{𝑇1(𝑥), 𝑇2(𝑥), … , 𝑇3(𝑥)}                                                                                  (8) 

 

Where 𝐵 is the total number of trees. The misclassifications of each tree are often uncorrelated because they are trained on 

distinct subsets of data and characteristics. The ensemble greatly lowers variance and enhances generalization when combined. The 

capacity of Random Forests to produce a quantitative assessment of feature relevance is a key feature. The impurity reduction ascribed 

to each feature across all trees is averaged to calculate this. 

III.3 RF–KNN HYBRID LEARNING APPROACHES 

Random Forest and KNN possess complementary characteristics. While Random Forest is a powerful ensemble learner capable of 

handling nonlinear relationships and providing feature relevance information, KNN is a simple yet effective local classifier that operates 
based on distance relationships. Several hybrid strategies have been proposed in literature to utilize the strengths of both models. The most 

commonly adopted approaches are summarized below. 

III.3.1 Voting Based RF–KNN Ensemble 

In voting based ensembles, RF and KNN act as independent base classifiers. For a given test sample 𝑥, each classifier produces a 

class prediction, and the final output is determined based on majority voting [23]. If 𝑦̂RF(𝑥) and 𝑦̂KNN(𝑥) represent the predictions from RF 

and KNN respectively, the ensemble decision is given by 
 

𝑦̂(𝑥) = 𝑚𝑜𝑑𝑒 { 𝑦̂RF(𝑥), 𝑦̂KNN(𝑥)}                                                                                      (9) 

 

In soft voting, the class probabilities are averaged: 

 

 𝑃( 𝑐 ∣ 𝑥 ) =
1

2
(𝑃𝑅𝐹( 𝑐 ∣ 𝑥 ) + 𝑃𝑅𝐹( 𝑐 ∣ 𝑥 ))                                                                          (10) 

 
Although this approach often improves robustness, it does not exploit the internal knowledge of either model beyond their final predictions. 

III.3.2 Stacking Based RF–KNN Ensemble 

In stacking, RF and KNN serve as base learners, while a separate meta classifier is trained to combine their outputs [24]. Let the predictions 

of RF and KNN for a sample 𝑥 be concatenated as: 

 

𝑧(𝑥) = [𝑦̂RF(𝑥), 𝑦̂KNN(𝑥)]                                                                                    (11) 

A meta classifier 𝑓𝑚(⋅)is then trained such that: 
 

𝑦̂(𝑥) = 𝑓𝑚(𝑥)                                                                                              (12) 

 

Stacking enables the learning of nonlinear relationships between base classifier outputs, but it introduces additional model complexity and it 

requires careful cross validation in order to avoid overfitting. 

III.3.3 Feature Level Fusion of RF and KNN 

In feature level fusion, transformed feature representations obtained from RF are concatenated with the original input features and 

given to a KNN classifier or another learning model [23]. If 𝑥 is the original feature vector and ℎRF(𝑥) represents the RF induced feature 

transformation, the fused feature vector is: 

 

𝑥𝑓𝑢𝑠𝑖𝑜𝑛 = [𝑥, ℎRF(𝑥) ]                                                                                  (13) 
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KNN is then applied in this expanded feature space. This approach increases representational power but also increases 

dimensionality and computational cost. While the above strategies combine RF and KNN at the decision level or feature level, they do not 

explicitly utilize the feature importance knowledge generated by RF to guide the distance computation in KNN, which forms the central idea 

of the proposed model. 

III.3.4 Proposed RF Guided Feature Weighted KNN Model 

The proposed model integrates Random Forest and KNN in a more informed manner by embedding feature importance knowledge 

from RF directly into the KNN distance metric. Unlike conventional fusion strategies, here RF does not merely act as an independent classifier 
but provides guidance to KNN in the form of feature relevance. In standard KNN, all features contribute equally to the distance computation. 

However, in nuclear reactor systems, different parameters contribute unequally to various transient events. Noisy or weakly relevant features 

can distort distance measurements and lead to incorrect neighbor selection. Therefore, introducing feature weight awareness into KNN is 

essential to improve classification reliability. Random Forest offers a natural framework for estimating feature relevance based on impurity 

reduction [25]. In this work, this information is exploited to construct a feature weighted distance metric for KNN. 

III.3.4.1 Feature Importance Extraction using Random Forest 

A Random Forest consisting of 𝐵decision trees is trained on 𝐷. For each feature 𝑓𝑗, the importance is computed by aggregating the Gini 

impurity reduction over all the trees: 

𝐼(𝑓𝑗) =
1

𝐵
 ∑ ∑ ∆𝐺𝑖𝑛𝑖𝑏,𝑛

𝑛 ∈ 𝑇𝑏(𝑓𝑗)

𝐵

𝑏=1

                                                                                  (14) 

where ΔGini𝑏,𝑛  denotes the impurity reduction achieved by node 𝑛 of tree 𝑇𝑏 when splitting on feature 𝑓𝑗. The resulting importance vector 

is: 

𝑰 =  [𝐼(𝑓1  ), 𝐼(𝑓2 ), … , 𝐼(𝑓𝑑 ) ]                                                                                    (15) 
This vector is normalized such that: 

𝑤𝑗 =
𝐼(𝑓𝑗  )

∑ 𝐼(𝑓𝑘  )
𝑑
𝑘=1

                                                                                                (16) 

The normalized vector 

𝑊 = [ 𝑤1 , 𝑤2 , … , 𝑤𝑑  ]                                                                                           (17) 

Represents the relative importance of each feature. 

III.3.4.2 Feature Weighted Distance Metric for KNN 

The conventional Euclidean distance between two samples 𝑥 and 𝑥𝑖is defined in equation 3. In the proposed model, this is modified 
into a feature weighted Euclidean distance: 

 𝑑𝑤 (𝑥, 𝑥𝑖) = √∑ 𝑤𝑗 (𝑥𝑗 − 𝑥𝑖,𝑗)2𝑑
𝑗=1                                                                                  (18) 

 

Where 𝑤𝑗 represents the importance weight of the 𝑗-th feature obtained from Random Forest. This formulation ensures that 

features with higher diagnostic relevance have a stronger influence on the neighbor selection process, while less informative features are 

automatically suppressed. 

III.3.4.3 RF Guided KNN Classification Procedure 

For a test sample 𝑥: 

1. Compute weighted distances 𝑑𝑤(𝑥, 𝑥𝑖) to all training samples. 

2. Identify the 𝐾nearest neighbors based on these distances. 

3. Assign 𝑥 to the class receiving the majority vote among its neighbors: 

 

𝑦̂(𝑥) = 𝑚𝑜𝑑𝑒 {𝑦(1) , 𝑦(2), … , 𝑦(𝑘)}                                                                               (19) 

 

The operational sequence of the model is given in figure 1. This structure highlights how Random Forest acts as a knowledge provider, 

guiding the neighbor selection process of KNN. 
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Figure 1: Operational sequence of the proposed RF guided feature weighted KNN model. 

Source: Authors, (2026). 

III.3.5 Data Preprocessing and Modeling Strategy 

III.3.5.1 Data Preprocessing and preparation 

All input features are normalized using z-score normalization to eliminate scale dominance: 

 

 𝑥′ =
𝑥−𝜇

𝜎
                                                                                                          (20) 

 

where 𝜇 and 𝜎 denote the mean and standard deviation of a feature respectively. 

The dataset is divided into three mutually exclusive subsets: 

 Training set – used to train the Random Forest and KNN 

 Validation set – used for hyperparameter optimization 

 Test set – used for final performance evaluation 

This separation ensures unbiased performance estimation. 

III.3.5.2 Modeling and Hyperparameter Configuration 

The performance of KNN is highly sensitive to the choice of 𝐾 and the distance metric. To obtain the optimal configuration, a grid 

search combined with cross validation is employed on the training validation set. 

The following hyperparameter ranges are explored: 

 𝐾 ∈ {1,2, … ,30} 

 Distance metric ∈{Euclidean, Manhattan} 

For each parameter combination, cross validation accuracy is computed, and the configuration that yields the maximum average 

accuracy is selected. The optimal hyperparameters obtained for this study are: 𝐾 = 27, 𝐷𝑖𝑠𝑡𝑎𝑛𝑐𝑒 𝑀𝑒𝑡𝑟𝑖𝑐 = Euclidean. The Random Forest 

model is trained to extract feature importance information required for the proposed RF guided weighted KNN framework. Optimal 

hyperparameters are obtained after performing grid search combined with cross validation.  The following hyperparameter ranges are 

explored: 

 No. of trees 𝑁 ∈ {10,30, … ,200} 

Other parameters of the model are chosen as  

 Splitting criterion : Gini 

 Maximum number of features at each split : √𝑑 , where 𝑑 is the number of features. 

 Maximum tree depth : None  

 Minimum samples to split an internal node: 2 

 Minimum samples in a leaf node: 1 
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The optimal number of trees obtained from hyperparameter tuning is 𝑁 =70. After completing the independent modeling stages of 

KNN and Random Forest, both models are integrated by incorporating the feature importance weights in to the Euclidean distance calculation 

for the KNN classifier. Since the proposed RF guided weighting modifies only the distance metric and not the neighborhood structure, the 

optimal value 𝐾 = 27, obtained from the standard KNN optimization, was retained for the weighted KNN model. After hyperparameter 

selection, the final RF guided weighted KNN model is trained using the combined training and validation data. The trained model is then 

evaluated on an independent hold out test dataset to assess its generalization capability. 

IV. PERFORMANCE METRICS 

The performance of the proposed RF guided feature weighted KNN classifier is evaluated using several standard classification 

metrics, namely accuracy, confusion matrix, precision, recall, and F1-score [26]. Since the considered problem involves multi class nuclear 

reactor event identification, it is essential to assess not only the overall classification accuracy but also the class wise prediction behavior. 

Each metric used in this study is briefly described below. The confusion matrix is the fundamental tool used to visualize the classification 

performance. For a multi class problem with 𝐶classes, the confusion matrix is a 𝐶 × 𝐶matrix, where the element 𝑀𝑖𝑗denotes the number of 

samples belonging to class 𝑖that are predicted as class 𝑗. For a single class 𝑘, the following quantities are defined: 

 True Positives (TP): samples correctly classified as class 𝑘 

 False Positives (FP): samples incorrectly classified as class 𝑘 

 False Negatives (FN): samples of class 𝑘 misclassified as other classes 

 True Negatives (TN): samples correctly classified as not belonging to class 𝑘 

The confusion matrix provides detailed insight into which events are correctly detected and which are confused with one another. A typical 
confusion matrix for a 2 class problem is shown below: 

 

[
𝑇𝑃 𝐹𝑁
𝐹𝑃 𝑇𝑁

]                                                                                             (21) 

 

Accuracy represents the proportion of total correctly classified samples to the total number of samples: 

 𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  ∑ 𝑀𝑖𝑖                                                                                          (22)𝐶
𝑖=1  

where: 

 𝑀𝑖𝑖 represents the diagonal elements of the confusion matrix (correct classifications), 

 𝐶 is the number of classes, 

 𝑁 is the total number of samples. 

Although accuracy offers a broad indicator of performance, it does not show how effectively individual classes are recognized, 

particularly in situations when class distributions are unbalanced. For safety critical applications like nuclear reactor event identification, 

precision alone is therefore insufficient. Precision quantifies the percentage of samples that are correctly predicted to belong to a particular 

class. For class 𝑘: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑃𝑘

                                                                                     (23) 

 

Precision is particularly important when false alarms are costly. In reactor monitoring, high precision ensures that when a specific 

transient is predicted, the likelihood of it being a false detection is low. Recall (also known as sensitivity or true positive rate) measures how 

many of the actual samples of a class are correctly identified: 
 

𝑅𝑒𝑐𝑎𝑙𝑙𝑘 =
𝑇𝑃𝑘

𝑇𝑃𝑘 + 𝐹𝑁𝑘

                                                                                        (24) 

 

In safety related systems, recall is crucial since it shows how well the model can identify real anomalous events.  A low recall 

suggests that the system might miss some crucial transients, which could result in dangerous situations. The F1-score is a fair performance 

indicator for every class and is the harmonic mean of precision and recall. F1 score is defined as: 

 

𝐹1𝑘 = 2 ∗ 
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘 ∗ 𝑅𝑒𝑐𝑎𝑙𝑙𝑘

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑘 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑘
                                                                 (25) 

V. RESULTS AND DISCUSSIONS  

This section presents the experimental results obtained for the standard KNN classifier, Random Forest classifier, various RF–KNN 

hybrid ensemble methods, and the proposed RF guided feature weighted KNN model. Initially, the individual base models were trained and 

optimized independently. Subsequently, different ensemble strategies, namely voting ensemble, stacking ensemble, and feature level fusion, 

were implemented and evaluated. 
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Finally, the proposed RF guided feature weighted KNN model was trained using the optimized hyperparameters and tested on a 

hold out dataset. The results are analyzed using accuracy trends, feature importance visualization, comparative performance plots, and the 

normalized confusion matrix. Figure 1 illustrates the variation of KNN classification accuracy as a function of the number of neighbors K.  It 
can be observed that the accuracy increases rapidly for small values of K, indicating improved generalization as noise sensitivity reduces. 

Beyond this region, the performance gradually stabilizes as K increases. The accuracy reaches a peak and remains nearly constant in the 

range K  = 25 to K = 30. indicating that the classifier has achieved a good balance between bias and variance. Based on this trend, K =27 is 

selected as the optimal value for the KNN classifier and is used for all the hybrid models. Figure 2 shows the classification accuracy of the 

Random Forest classifier for different tree counts.   As the number of trees increases, the performance first improves because to better 
ensemble averaging and reduced variation. However, adding more trees doesn't really improve the situation until the accuracy hits saturation.   

The plot clearly shows that the best accuracy is obtained with 70 trees, and the accuracy stabilizes after roughly 100 trees.   Beyond this, 

raising the ensemble size primarily leads to increased computing costs and overfitting.   This shows that a moderate number of trees is 

sufficient for precise feature extraction and classification in the given situation. 

 
Figure 1: Accuracy Vs K (No. of Neighbors) plot of KNN classifier model. 

Source: Authors, (2026). 

 
Figure 2: Accuracy Vs No. of estimators (trees) plot of Random Forest classifier model. 

Source: Authors, (2026). 

The trained Random Forest model's feature importance ratings are shown in Figure 3.  It is evident that just a small number of 

features have a significant influence on the classification choice, whereas a number of features have comparatively little significance.  The 

basic rationale for the suggested method—that considering all features equally in distance computation is not optimal for nuclear reactor 

event classification—is clearly supported by this observation.  In the next KNN classification stage, the availability of such important 

information offers a solid foundation for the introduction of feature weighted distance computation. Performance metrics for several models 

are shown in Table 2, including the individual class F1 score and the total classification score for 1) Standard KNN 2) Random Forest 3) 

stacking ensemble 4) Voting ensemble 5) Feature level fusion 6) Proposed RF guided feature weighted KNN model.  An overview of the 

models' comparative categorization accuracy is given in Figure 4.  Strong baseline performance is demonstrated by the standard KNN 

classifier's high accuracy of 97.07%.  At about 95.16%, the Random Forest classifier's accuracy is marginally lower.  Although they offer a 

slight improvement over Random Forest, the stacking and voting ensembles are still not as good as the conventional KNN.  Compared to the 

classical ensembles, the feature level fusion model produces a slight improvement.  Nevertheless, the suggested RF guided feature weighted 
KNN model outperforms all individual models and hybrid baseline models with the maximum accuracy of 98.57%.  
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Figure 3: Feature importance plot of Random Forest Classifier model. 

Source: Authors, (2026). 

Table 2: Comparison of performance metrics of different models. 

Model Categorical accuracy 
F1-Score 

Class 1  Class 2  Class 3  Class 4  Class 5  

KNN 97.07% 0.9 1 1 1 0.92 

Random Forest 95.16% 0.88 1 1 1 0.91 

KNN-RF Stack ensemble 95.86% 0.9 1 1 1 0.92 

KNN-RF Voting ensemble 95.19% 0.88 1 1 1 0.91 

KNN-RF feature level fusion 95.90% 0.89 1 1 1 0.92 

Proposed RF guided feature weighted KNN model 98.57 % 0.96 1 1 1 0.97 

Source: Authors, (2026). 

 
Figure 4: Classification accuracy of different models. 

Source: Authors, (2026). 

 
Figure 5: Normalized confusion matrix of the proposed RF guided feature weighted KNN model. 

Source: Authors, (2026). 
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The proposed approach yields substantial improvements in the F1-scores of the relatively challenging event categories, namely 
Class 1 (No event) and Class 5 (Failure of heat sink event), where the F1-score improves from approximately 0.88–0.92 to 0.96 and 0.97, 

respectively. The remaining classes exhibit near perfect F1-scores across all models, indicating strong class separability. These improvements 

are consistent with the normalized confusion matrix in figure 5, which shows pronounced diagonal dominance and significantly reduced 

misclassification for the proposed model. This confirms that directly embedding Random Forest derived feature relevance into the KNN 

distance metric is more effective than combining classifiers only at the decision or feature fusion level. 

V. CONCLUSIONS 

In this work, a Random Forest guided feature weighted KNN classifier was developed to improve the performance of multi class 

reactor event classification. The key idea behind the proposed model is the integration of feature importance knowledge derived from 

Random Forest into the distance computation of KNN, thereby enabling the classifier to emphasize diagnostically significant reactor 

parameters while suppressing the influence of less informative features. The individual performances of KNN and Random Forest were 

first evaluated, followed by the implementation of several hybrid RF–KNN ensemble strategies, including stacking, voting, and feature 

level fusion. While these conventional ensembles offered marginal improvements, none of them surpassed the baseline KNN performance 

significantly. The proposed model, however, demonstrated a clear performance advantage. With the optimized hyperparameters and 

feature weighted distance formulation, the proposed RF guided KNN model achieved an overall classification accuracy of 98.57%, 

outperforming all baseline and ensemble models. 

Class wise F1-scores further confirmed the robustness of the proposed method, especially for the more challenging event 

categories, where the F1-scores improved substantially compared to other approaches. The normalized confusion matrix illustrated strong 
diagonal dominance and minimal misclassification, validating the improved detection capability of the proposed model. These results 

collectively demonstrate that directly embedding Random Forest feature relevance into the KNN decision framework is a more effective 

strategy than combining the two models only at the decision or fusion stage. Overall, the proposed RF guided feature weighted KNN 

approach offers a simple and highly accurate method for nuclear reactor event identification. With improved performance, the work 

contributes to the growing field of safety in reactor operation and operator support, particularly where dependable event detection is 

critical.  
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