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1. Introduction  
The industrial systems are becoming more and more dynamic with low-data conditions, and the 
traditional models are not sufficient anymore.The meta-learning based approach of Fault Detection (FD) 
is to detect the faults in the grids and the networks in power. Tensor computation is also critical in 
addressing missing data, whereas meta-learning can be used to effectively detect the faults with limited 
training data systems [1]. The proposed research emphasizes the quick adaptation of models in dynamic 
environments through the use of meta-learning for fast FD, and diagnosis is essential in process control, 

Abstract  
The significance of Industrial fault detection has become crucial in the current smart manufacturing environment 
considering that the systems operate under constantly changing circumstances and labeled data is limited. Conventional 
methods involving Machine Learning (ML) techniques and the Deep Learning (DL) models face problems like the poor 
adaptability, generalization, and are slow convergence when detecting complex patterns of industrial faults. To solve these 
challenges, this research presents an approach to meta-learning which involves Scalable Learning Memory Network (SL-
MN) for effective Industrial fault prediction in dynamic environments characterized by limited datasets. SL-MN incorporates 
MANN and Scalable Learning Optimization (SLO) for improved fault adaptation capability, feature representation and 
stability in learning process. A fault detection dataset sourced from the industrial IoT environment, involving about 6,000 
observations obtained from Kaggle is used for experimental analysis at 80:20 for the purpose of training and testing. Data 
preparation processes involve normalization through Min–max Scaling and missing value estimation using Cubic Spline 
Interpolation (CSI) techniques. Feature selection and reduction is done using PCA. Results from the experiments reveals that 
the Introduced SL-MN model delievers the outstanding performance with the precision of 0.9375, recall of 0.9346, F1-score 
of 0.9317, and accuracy of 0.9370, outperforming conventional machine learning models. The model is implemented using 
Python version 3.8, with the model that is being used including PyTorch, NumPy, Pandas, SciPy, and the Scikit-learn. Overall, 
the proposed model provides an effective solution for reliable industrial fault prediction in dynamic environments. 
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condition monitoring, supervisory systems, and maintenance since operational data is directly related to 
system health [2]. Complex systems in the modern industrial environment can be described as multiple 
subsystems in which the key components are costly, delicate, and prone to failure. The approaches used 
for detecting robot drive faults are broadly classified based on the models. These techniques require 
accurate system modeling, whereas methods avoids dependence on on system models; however, they are 
computationally expensive and highly sensitive to noise [3]. Manufacturing companies work to improve 
efficiency and minimize downtime; however, there are still times when faults happen that result in 
considerable production losses. Although predictive maintenance decreases the likelihood of faults, early 
detection of faults and proper control are necessary to minimize downtime and maintenance expenses. 
Furthermore, fast adaptation of the model amid changes in the operating environment is vital to ensure 
reliability and stability [4]. Safety-wise, FD is also critical since failures at the industrial level because 
serious accidents that cause injuries, damage to the environment, and loss of lives [5]. Instant FD has 
become significant in enhancing system reliability by facilitating timely corrective measures to FD, and 
ensuring accurate diagnosis of system failures, emphasizing the importance of rapid model adaptation in 
dynamic environments for decision making [6]. Model-based techniques detect problems based on the 
input-output system's behavior, as well as analyze degradation and anticipate life. Signal processing 
techniques are widely employed to minimize noise in vibrations data as well as increase the precision of 
environmental monitoring systems [7].Technical failures in industrial production can lead to downtime, 
poor product quality, and material wastage, thereby increasing overall operational costs. The root causes 
can be time-consuming because of complex dependencies between systems, and an efficient maintenance 
approach is the key to productivity growth [8, 9].  
 
Research aim: The research objective focuses on creating the Scalable Learning Memory Network (SL-
MN) with a meta-learning model that enables rapid adaptation and effective fault detection even in 
dynamic contexts with limited data in industrial organizations.This approach combines Memory 
Augmented Neural Networks (MANNs) with Scalable Learning Optimization (SCO) algorithms to enhance 
generalization and minimize training time. 
 
Research organization: Section 1 includes an overview and motivation responsible for the research 
focus. Section 2 covers the overview of previous works in existing FD methods and their drawbacks. 
Section 3 addresses the implementation of the research methodology used, which includes the processing 
of the data, the features extracted, and the proposed SL-MN approach. Section 4 illustrates the analysis 
and experimental results. Section 5 refers conclusion and the future scopes of the work. 
 

2. Related work 
The research in [10] combines digital twin technology with machine learning methods to further increase 
the accuracy of defect detection in Industry 4.0 applications, reaching up to 11% accuracy, an F1-score of 
94%, and a 40% decrease in fault detection time. A multi-modal framework with a large language model 
is proposed in [11] with 96.3% defect detection accuracy, but with a high computational cost and reliance 
on synthetic data quality. Hybrid approach of Short-Time Fourier Transform (STFT),Motor Current 
Signature Analysis (MCSA), Continuous Wavelet Transform (CWT) with Multilayer Perceptron (MLP), and 
Fast Fourier Transform (FFT), Long Short-Term Memory (LSTM) and 1D-CNN yields up to 96% accuracy 
but has high overall complexity because of many components integrated with each other [12]. In order to 
detect the defects on the steel surface, the researchers in [13] proposed an improved version of YOLOv5, 
namely ECA-SimSPPF-SIoU-YOLOv5, which achieved an improvement of 7.1% in mean average precision 
(mAP) and 3.7% in recall (rec) over the baseline model. In [14], a Graph Neural Network Based Bearing 
Fault Detection (GNNBFD) technique with similarity graph was introduced to enhance AUC by 6.4% over 
the current methods. The CNN-LSTM based architecture in [15] performs a noise-robust industrial fault 
diagnosis with similar performance to full CNN models, but only requires 6.6% of parameters and has a 
deviation of precision below 0.5%. It is demonstrated in [16] that data augmentation techniques like 
noise injection, LSTM, autoencoders and GANs can boost the accuracy of centrifugal pump fault detection 
by up to 30%, and lower false positive rate by 25%. Back Propagation method was used for fault 
detection of UR10 robotic manipulator is presented in [17] with accuracy above 95% and high precision 
up to 0.1° however the data with low-quality can impact the performance negatively and it is not capable 
of generalizing on other robotic manipulators. In [18] the error metrics of a hybrid CNN-LSTM residual 
error-based method for the detection of faults in motor drives of industrial robots are very low, with an 
MSE of 4.6279×10⁻⁵ and an MAE of 0.006, while the error metrics of the CNN and LSTM models are 
higher. The [19] suggests that, for the FD of IoT manufacturing systems, One-Class SVM attains the 
highest precision of 0.871 and Auto-Encoder Neural Networks achieves the best F1-score of 0.904. 
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Finally, [20] analyzes ML techniques to detect the faults in Automated Manufacturing based on sensor 
data preprocessed, normalized and reduced in dimensionality. With 91.62% accuracy, Support Vector 
Machine (SVM) performed the best; however, it becomes less effective when there is class imbalance. 
 

3. Methodology  
The intended research is to design a state-of-the-art approach to predict faults in industries under low-
data regime and dynamically changing conditions. The process adopted in this research involves 
following a data-based approach in fault detection that starts with gathering raw data from the Kaggle 
data set, and then preprocessing the data through Min-Max normalization and treating the missing values 
to maintain the quality of data. In addition, data dimensionality reduction is achieved through feature 
extraction and PCA. The prepared data will be used in the developed SL-MN framework combining MANN 
and SLO (refer Figure 1). 
 

 
Figure 1: Architecture of the proposed model 
 
3.1 Data collection 
Dataset includes realistic dynamic conditions of the industry with low data for each type of fault. The data 
set that was used for conducting the research work in this study is called Industrial FD Data Set and is 
available at the Kaggle source (https://www.kaggle.com/datasets/programmer3/industrial-fault-
detection-dataset). It includes the Industrial IoT data in order to conduct fault detection (FD). The data 
set includes 3,000 instances for good condition and defects respectively. For building the model, 80% and 
20% were utilized for model training and evaluation respectively. 
3.2 Data Preprocessing 
In industrial fault detection, data preprocessing converts raw data source into a standardized and 
consistent form that can be analyzed. Data preprocessing involves Min-Max Scaling for normalization, 
ensuring that each variable contributes equally and maintains relationships between them. The Cubic 
Spline Interpolation (CSI) technique is used to fill missing values and ensure consistency in time-series 
data. 
Min-max scaling normalization: Normalization using Min-Max scaling: The use of the Min-Max scaling 
algorithm is a fundamental part of the industrial fault detection system. The data from various sensors is 
normalized to fall within the standard range of [0, 1], which ensures that all variables have an equal 
impact on the learning process. The relationships between the variables are maintained to enhance fault 
pattern identification. 

w′ =
w−min(maxm−minm)

max  −min
+ minm                                                                                                          (1) 

Here, in Equation 1, w stands for the initial input sensor data, w′  is the transferred data, max refers to the 
maximum data of the initial range, min refers to the minimum data of the initial range, while maxm and 
“minm refer to the target ranges’ maximum and minimum values, respectively. 

w′ =
w−mean(w)

max(w)  −min(w)
                                                                                                                             (2)  

For Equation (2), max(w) denotes the maximum observed value, min(w) represents the minimum 
observed value, furthermore, mean(w) represents the mean of the data set. 
Missing Value Imputation: Missing Value Imputation: Dealing with missing values is an essential part of 
the suggested industrial fault prediction framework because the sensor and process data may be 
incomplete and cause misinterpretation during pattern recognition, resulting in inaccurate fault 
classification. Missing value imputation facilitates data integrity and accuracy, ensuring that the learning 
algorithm works correctly. In the current research, the method used for imputing missing values in the 
industrial time-series data is Cubic Spline Interpolation (CSI). CSI creates continuous curves using 
polynomials to connect the data points, as represented in Equation (3). 
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Tj(g) = bj + aj(g − gj) + dj(g − gj)
2

+ cj(g − gj)
3

          for j = 0,1, … , m − 1                           (3) 

Here, Tj(g) is the interpolated value of the signal at point g for interval j. The notation  gj is the known 

data point (or node) for interval j. aj, bj, cj, and dj are the coefficients for the spline that are calculated to 

make sure that smoothness and continuity exist from one interval to another. The superscript index j =
0,1, … , m − 1 denotes the count of intervals. 
3.3 Feature extraction using Principal Component Analysis (PCA) 
To detect faults in industry, PCA is used for reducing the dimensionality of the data obtained from sensors 
without sacrificing important information about the process. It involves transforming variables that are 
highly correlated into new variables called principal components which contain most of the variance. 
Normal operation results in identifiable patterns, whereas irregularities suggest possible faults. Early 
principal components show normality, while later principal components demonstrate irregularities. PCA 
standardizes the data so that all variables contribute equally to detecting faults. 

Zij =
(Xij− μij)

σij
                                                                                                                                   (4) 

Zij represents the standardized score of sample i for variable j,Xij represents the actual measurement,μij 

represents the average of variable j,σij represents the variance of variable j. 

3.4 Scalable Learning tuned Memory Network (SL-MN) 
For the application of fault detection in industry, the MANN model is designed by integrating a controller, 
an external memory module, and an attention mechanism to facilitate the storing and recalling of patterns 
related to the faults. This architecture ensures enhanced ability for detecting rare and complex faults, but 
it may increase computational latency during the memory operations. SLO automatically modifies the 
adaptive weights assigned to different data sources according to their relative contributions, which 
ensures balanced aggregation of models in industrial settings. 
Memory-Augmented Neural Networks (MANN): In the presented fault prediction model for industrial 
application, MANN is used to improve the fault detection performance in a dynamic environment. MANN 
comprises a controller, memory unit, and an attention component that helps to store and retrieve the 
patterns associated with faults. These help to facilitate effective vector matching, hence increasing the 
ability to detect rare and difficult faults in the industrial applications. On the other hand, accessing 
memory through content-based address causes overhead due to full memory scanning, thus limiting the 
performance of fault detection. This can be described using Equation (5). 

βs
j

=
exp(pf

SNj)

∑ exp(pf
SNj)L

j=1

                                                                                                                    (5) 

j is the feature index in the FD, β  is the weighing factor, p is the vector of feature query, s is the indicator 

of query, βs
j
 is the matrix of attention of component j , pf

Sis the state or feature queryvector,Njrepresents 

the vector of features of component j , exp(. ) is the exponential function, exp(pf
SNj)is the amplification of 

similarity scores, L  represents the features, ∑ exp(pf
SNj)

L
j=1   represents constant value of 

normalization,∑  L
j=1 represents the summation of all the components. Fault detection of industrial systems 

is depicted in Figure 2, which starts the generation of the raw signals from an industrial system, followed 
by the use of a MANN Controller, which extracts various features from the system. 
 

 
Figure 2: MANN architecture for fault detection 
 
Hyperparameter tuned with Scalable Learning Optimization (SLO): In the proposed industrial fault 
prediction model, SLO facilitates the training of a global model using distributed data sources such as 
machines, production lines, and industrial sites with varying data availability. In this approach, adaptive 
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weights are assigned to each client based on its contribution to the global model, which is determined by 
the volume of available data. Clients with larger datasets are assigned higher weights during model 
aggregation, while those with smaller datasets receive comparatively lower weights. This approach 
guarantees the balanced integration of heterogeneous data sources, which ultimately improves learning 
stability and enhances fault detection performance in dynamic industrial environments. 

𝑆𝑐𝑎𝑙𝑖𝑛𝑔 𝑊𝑒𝑖𝑔ℎ𝑡 (𝐹𝑎𝑐𝑡𝑜𝑟) =
|𝐷𝑎𝑡𝑎𝑤|

∑ |𝐷𝑎𝑡𝑎𝑤|5
𝑗=1

                                                               (6) 

The symbol 𝐷𝑎𝑡𝑎𝑤  in Equation (6) denotes the data available at client 𝑤, whereas the notation 
|𝐷𝑎𝑡𝑎𝑤| refers to the actual magnitude of the data. The summation symbol ∑ |𝐷𝑎𝑡𝑎𝑤|5

𝑗=1  expresses the 

aggregate quantity of data from all the involved clients (with j= 1 to 5). The scaling weight is used to 
assign different priorities for each client in training, making sure that the clients with more data can play 
a more vital role throughout the development phase. 
Hyperparameter configuration of the SL-MN model: The model employs hyperparameter optimization 
for efficient FD process. The architecture contains from 128 to 1024 memory slots with vector space 
dimensionality of 256. The controller dimensions are 256/512 and embedding dimension is 128. Multi-
head attention mechanism (from 4 to 8 attention heads, 2-4 read heads) is employed to improve the 
model's representation abilities. The training procedure involves AdamW (adaptive moment estimation 
with weight decay) optimizer (1e-4 to 3e-4), batch size from 32 to 128, 50-200 epochs, and dropout 
 

4. Result  
Experimental findings indicate that the developed SL-MN model has better performance compared to 
other models due to its superior fault detection capability, faster rate of convergence, and dynamic 
learning capabilities. The SL-MN model will be executed in a computer system comprising an16 to 64 GB 
RAM, Intel Core i7 / AMD Ryzen 7 CPU, and optionally with NVIDIA RTX 3060 / 3080 / A100 GPUs. The 
programming language used is Python 3.8 along with PyTorch 2.0+, NumPy, SciPy, Pandas, and Scikit-
learn libraries. 
4.1 Exploratory Analysis 
Figure 3 illustrates the visualization process of the time series analysis with several graphs. The first 
illustration, Figure 3(a), demonstrates the decomposed time series, where the graph can be seen 
separately on original, trend, and seasonal components that allow observing the pattern from the dataset. 
Figure 3(b) displays the examination of the time-domain signal transformed into frequency components 
using Fast Fourier Transform (FFT). In this case, it is possible to see the two signals' comparison using 
stacked area charts, allowing identifying some differences in their energies. Figure 3(c) reveals the 
temperature changes over time through the use of bar plots and uncertainty indicators shown in distinct 
colors. Figure 3(d) displays the smoothed average time series graph and its comparison with the original 
one, which is achieved with short and long windows of the trend line. Finally, Figure 3(e) illustrates the 
original time series and its smoothing results with moving averages with various windows sizes. 

 
Figure 3: Time Series Analysis, (a) Decomposition of Time Series , (b) FFT Temperature - Pressure 
Analysis, (c) Candle Stick Pattern for Temperature, (d) Hybrid Signal Representation, (e) Moving 
Average Trends 
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4.2 Evaluation Metrics 
Performance analysis of the suggested SL-MN model is done using traditional classification parameters 
like accuracy, recall, precision, and F1 Score. Precision denotes model performance of the in detecting the 
presence of faults, while recall denotes the model ability to detect the faults effectively. F1 Score refers to 
the balance between precision and recall, and the accuracy is a measure the reliability of model 
performance in fault detection in industrial environments. These measures are crucial for ensuring a 
holistic approach towards fault detection performance in industries. 
4.3 Performance Evaluation 
The conventional techniques like Decision Tree, SVM, Stacking, KNN, Random Forest, Boosting, and MLP, 
as stated by various researchers in previous work [20], perform relatively poorly in fault detection owing 
to low adaptability and poor generalization capabilities in dynamic industrial settings. In terms of fault 
pattern complexity, they face considerable difficulties. The proposed SL-MN approach scores the highest 
in all measures among the existing techniques. Specifically, the accuracy (0.9370), F1-score (0.9317), 
recall (0.9346), and precision (0.9375) of the SL-MN model are the highest. This implies that its fault 
detection effectiveness is far better than other approaches, as depicts in Table 1 and Figure 4 
 
Table 1: Analysis of ML models for Industrial Fault detection 
Methods Precision Recall F1-Score Accuracy 
SVM [20] 0.9178 0.9161 0.9160 0.9162 
DT [20] 0.8729 0.8683 0.8679 0.8683 
Boosting [20] 0.8893 0.8883 0.8881 0.8883 
RF [20] 0.8945 0.8934 0.8922 0.8935 
KNN [20] 0.8906 0.8888 0.8877 0.8889 
Stacking [20] 0.9166 0.9159 0.9155 0.9160 
MLP [20] 0.9068 0.9066 0.9058 0.9067 
SL-MN (Proposed) 0.9375 0.9346 0.9317 0.9370 

 
Figure 4: Comparative analysis of the ML Models across Recall, F1-Score, Accuracy, and Precision 
Metrics 
 
4.4 Discussion 
The conventional ML models are extensively used for performing classification tasks; yet, there exist 
certain constraints while deploying them within the context of an industry setting. Typical ML methods 
like Stacking, RF, Boosting, MLP, SVM, DT, KNN [20] tend to perform decently in practice, but they have 
difficulties in adapting in an industrial setup. For example, SVM does not tend to generalize well in 
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dynamic operational settings, whereas DT suffers from the problem of overfitting especially while 
processing noise-filled data. Ensemble models are more robust compared to other conventional ML 
algorithms; but at the same time, they require more computation power. KNN model does not suit large 
industrial settings because of heavy inference cost associated with them. Stacking models consist of 
complex architectures and consume a lot of training time. MLP models need extensive datasets for 
learning; they do not perform well with small-sized datasets. While DL-based models can attain good 
classification results, they heavily rely upon large-sized labeled datasets as well as massive computing 
capacity. Proposed SL-MN model tackles these constraints by incorporating meta-learning, enhanced 
memory, and scalability techniques. The advantage offered by the memory module is that rare fault 
diagnosis becomes more accurate. Scalable optimization provides balanced and effective training. In 
general, the proposed model exhibits fast convergence and outperforms in terms of performance criteria. 
 

5. Conclusion 
The research presents a meta-learning-based model called SL-MN, designed for fast fault detection in 
industries with limited and variable data availability. It combines the concepts of MANN and SLO to 
enable quick adaptation of the system to changing fault patterns, increase generalizability, and improve 
convergence speed. Quality improvement of the input data is performed using Min-Max scaling and CSI-
based missing value imputation along with PCA for dimensionality reduction. On testing through an 
industry-based IoT data set, the proposed model SL-MN performs better than traditional machine 
learning algorithms with an accuracy of 0.9370, precision of 0.9375, recall of 0.9346, and F1-score of 
0.9317. Nonetheless, SL-MN faces several constraints due to its nature, such as memory access time, 
greater computational load, difficulty in finding optimal hyperparameters, and poor results with highly 
imbalanced or noisy data distributions. In the future, work should be done to optimize the meta-learning-
based adaptive model, decrease the computational load, address problems with data imbalance, and 
implement SL-MN in edge-computing-based industrial settings. 
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