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Abstract 17 

The collection of large volumes of temporal data during the production process is 18 
streamlined in a cyber manufacturing environment. The ineluctable abnormal patterns in these 19 
time series often serve as indicators of potential manufacturing faults. Consequently, the 20 
presence of effective analytical methods becomes essential for monitoring and recognizing 21 
these abnormal manufacturing patterns. However, the extensive process data may contain 22 
various minor abnormal patterns, typically reflecting changes in production status influenced 23 
by multiple anomalous causes. This study introduces an approach for recognizing abnormal 24 
manufacturing patterns through multi-scale time series classification (TSC). Long-term process 25 
signals undergo slicing using dynamically sized observation windows and subsequent 26 
classification at multiple scales employing our proposed TSC model, the distance mode profile-27 
multi-branch dilated convolution network (DMP-MDNet). DMP-MDNet comprises two key 28 
modules aimed at bypassing complicated feature engineering and enhancing generalization 29 
capability. The first module, DMP, uses similarity measurement to encode scale- and 30 
magnitude-invariant temporal properties. Subsequently, the MDNet, equipped with multi-31 
receptive field sizes, effectively leverages multi-granularity data for accurate classification. The 32 
effectiveness of our method is demonstrated through the analysis of a real-world body-in-white 33 
production dataset and various widely used public TSC datasets, showing promising 34 
applicability in actual manufacturing processes. 35 

 36 
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1. Introduction 40 

The emergence of cyber manufacturing in the manufacturing industries is attributed to rapid 41 
advancements in sensing, communication, and computation technologies. Massive amounts of data 42 
generated during the manufacturing process can now be sensed and recorded chronologically. Beyond 43 
advanced data acquisition, the key objective of cyber manufacturing underscores the efficient and in-44 
depth utilization of these collected data, given their rich information about production status and quality 45 
[1]. Effective analysis of such data aids in evaluating process performance, enabling informed decision-46 
making to ensure production quality [2]. The control chart, a commonly used statistical process control 47 
(SPC) tool in traditional production, can detect out-of-control data points by setting control limits (CL) 48 
and run rules for process parameters. However, the insufficiency of traditional SPC-based monitoring 49 
approaches in cyber manufacturing has been noted. Not all observations within the limits necessarily 50 
indicate normal status. Patterns over time, even within these limits, can signify unfavorable production 51 
behaviors, such as tool wear. The recognition of abnormal patterns and their underlying causes often 52 
requires manual analysis in SPC-based approaches. Furthermore, cyber manufacturing deals with 53 
production data exhibiting complex properties [3], displaying long-term, serially correlated, noisy, and 54 
dynamic characteristics. Conventional control charts, operating under the assumption of independent and 55 
identically distributed (i.i.d.) data, prove less effective in leveraging these production data. 56 

Abnormal pattern recognition is a crucial aspect of manufacturing process monitoring. It involves 57 
identifying unexpected behaviors in process data that deviate from normal conditions. Identifying these 58 
unexpected data patterns is key to revealing abnormal events or states in the production process [4]. 59 
Algorithms such as support vector machines (SVM) and artificial neural networks (ANN) have been 60 
effectively employed to explore the mapping relationships between batch data features and their pattern 61 
labels [5,6]. However, the data in a cyber manufacturing environment typically comprises time series 62 
with dynamic and stochastic characteristics [7]. These “feature-to-label” methods often overlook the 63 
temporal aspect of process data. Two critical challenges are identified in the current paradigm: 64 

1) The extraction of static and discrete features is based on the assumption of independent data, 65 
which fails to capture serial correlations in process data [8]. 66 

2) The manufacturing process might be disturbed by multiple anomalies simultaneously, resulting 67 
in multi-scale local patterns within the long-term time series generated during production. Most studies, 68 
however, classify fixed-length data from a single process into one specific label according to the global 69 
pattern, leading to the information loss of local patterns [9]. 70 

Therefore, time series classification (TSC) methods have been employed to overcome the 71 
limitations of existing abnormal pattern recognition methods [10]. Various TSC methods based on 72 
machine learning (ML) and deep learning (DL) have emerged. Typically, the efficacy of classification 73 
largely relies on the quality of the extracted temporal features. However, feature extraction from 74 
production process data in cyber manufacturing poses challenges. Gathering domain knowledge, crucial 75 
for high-quality temporal feature extraction, proves difficult in real-world manufacturing scenarios [11]. 76 
Additionally, custom-tailored features are often task-specific, which can hinder the generalization 77 
capability of classifiers across different production conditions. This is contrary to the goal of robust and 78 
resilient data analysis, a key requirement in cyber manufacturing. 79 

 In this study, we propose an abnormal pattern recognition method for manufacturing process 80 
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monitoring based on multi-scale TSC. The method involves slicing long-term time-series data from the 81 
complete production process using dynamically sized observation windows, and classifying them at 82 
multiple scales with our newly developed distance mode profile-multi-branch dilated convolution 83 
network (DMP-MDNet). The classification results from different observation scales are integrated into 84 
a probability diagram, providing clearer insights into the distribution of anomalies throughout the 85 
manufacturing process. The main contributions of this work are: 86 

1) An abnormal pattern recognition method for manufacturing process monitoring utilizing multi-87 
scale TSC is proposed. The recognition approach effectively transforms long-term process data with 88 
stochastic lengths into disentangled identification of abnormal manufacturing patterns across various 89 
scales. This helps in intuitively understanding the diverse anomalous conditions that arise during 90 
production. 91 

2) By extracting robust scale-invariant and magnitude-invariant data information, a novel time series 92 
representation module DMP is first developed in the proposed time-series classifier DMP-MDNet to 93 
encode both local and global temporal trends in an interpretable form. 94 

3) A classification module, MDNet, is designed to capture multi-granular data information. 95 
Featuring multiple receptive field sizes and dilated convolution, MDNet exhibits enhanced classification 96 
accuracy over models with a single receptive field. 97 

4) The effectiveness and efficiency of the proposed method are validated through experiments 98 
conducted on a real-world body-in-white (BIW) production case and 25 public time series datasets. 99 

The remainder of this paper is organized as follows: Section 2 reviews related work. Section 3 100 
presents our abnormal manufacturing pattern recognition method based on multi-scale TSC. In Section 101 
4, a BIW case study demonstrates the application of the proposed abnormal pattern recognition method. 102 
Section 5 details extensive experiments conducted on public datasets and discusses the results. Finally, 103 
Section 6 concludes the paper. 104 

2. Literature review 105 

2.1 Manufacturing process monitoring methods 106 

2.1.1 Conventional manufacturing process monitoring methods 107 

The control chart, a fundamental tool in SPC widely used by quality engineers in real-world 108 
production, graphically represents key parameters of the manufacturing process over time or production 109 
quantity. Classical charts include the Shewhart [12], cumulative sum (CUSUM) [13], and exponentially 110 
weighted moving average (EWMA) charts [14]. The Shewhart chart identifies an observation as out-of-111 
control if it falls outside 3σ limits. However, this method, focusing only on the most recent observations, 112 
is mainly suitable for detecting large shifts. To increase sensitivity to smaller drifts, memory-based 113 
CUSUM and EWMA charts leverage historical data: CUSUM charts accumulate the sum of deviations 114 
between observations and the theoretical target, while EWMA charts monitor the moving average. 115 
Regardless of the chart type, CL must be set appropriately. Implementing control charts involves two 116 
phases. In Phase I, historical in-control data are analyzed to estimate the most suitable CL value. 117 
Subsequently, Phase II involves online monitoring based on the parameters established in Phase I. 118 
Typically, CL is determined through statistical analysis under the assumption of i.i.d data in traditional 119 
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approaches. However, this assumption becomes increasingly challenging to sustain as modern production 120 
processes grow in complexity. 121 

Therefore, recent research has shifted towards leveraging artificial intelligence (AI) algorithms, 122 
such as KNN [15], SVM [16], and ANN [2,17], owing to their robust feature extraction capabilities. 123 
These algorithms can effectively utilize latent information in complex production data for accurate CL 124 
estimation. For instance, Yu et al. [17] proposed a process control method named the dynamic 125 
convolutional gated recurrent unit attention auto-encoder (DCGRUA-AE). This method uses 126 
spatiotemporal features and reconstruction losses extracted by DCGRUA-AE to calculate CL based on 127 
the T-square distribution and squared prediction error. AI algorithms contribute to enhanced monitoring 128 
in complex scenarios by extracting essential information from massive, dynamic, and serially dependent 129 
data. 130 

However, both traditional and AI-enhanced control charts primarily focus on whether data points 131 
fall within set limits. Note that single abnormal points may result from measurement errors or noise, and 132 
not all points falling within CL necessarily indicate a normal state. The control chart alone is inadequate 133 
for addressing more intricate abnormal patterns [18]. Abnormal patterns not only signify product defects, 134 
but also are closely related to the status of the manufacturing devices and thus the maintenance of the 135 
production line [19]. The lack of effective pattern analytical tools generally necessitates the participation 136 
of skilled labor to manually identify the quality problem and its corresponding cause. This runs counter 137 
to the goal of efficient, resilient, sustainable maintenance in Industry 4.0. The time-consuming analysis 138 
process may require more experience and technical support with excessive costs when dealing with 139 
complex industrial processes. Furthermore, the inherently subjective nature of manual analysis can lead 140 
to delayed detection of production faults in their early stages, escalating into reduced productivity, 141 
undesirable breakdown, unplanned downtime, and other issues that jeopardize the economic 142 
sustainability of the production line [20]. Especially in the automotive manufacturing industry from 143 
which our case study comes, the pursuit of higher product quality at lower manufacturing costs is 144 
paramount [21] given the capital-intensive nature of the industry and high non-renewable energy 145 
consumption during production [22,23]. While popular quality assurance techniques such as Six Sigma 146 
and lean methods [24,25], as well as AI-based anomaly detection approaches [26,27], are capable of 147 
detecting anomalies to trigger maintenance, they remain insufficient to recognize the maintenance need 148 
based on identifying abnormal cases and causes promptly. Thus, more advanced process monitoring 149 
approaches that can identify specific behaviors presented by the continuous collection of data points are 150 
still needed to support proactive and informed maintenance operations. 151 

2.1.2 Pattern classification methods for manufacturing process monitoring 152 

The limitations of conventional monitoring approaches have led to the investigation of AI-based 153 
classification methods for pattern recognition. As a key enabler for big data analytics, intelligent 154 
algorithms prove to be feasible for extracting data patterns that foresee future production faults or device 155 
degradation and, therefore, keep the production lines well-maintained and resource-efficient [28,29]. Lee 156 
et al. [30] utilized a deep belief network to establish the correlation between defect labels and process 157 
data features, such as torque signals, enabling fault detection in the manufacturing of vehicle high-158 
intensity discharge (HID) headlights and cable modules. To manage the online inspection data of BIW 159 
with high volume and low signal-to-noise ratio, Liu et al. [31] first denoised the data, followed by 160 
processing the shape and statistical features through a backpropagation network for pattern recognition. 161 
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However, the statistical features commonly used in these methods have i.i.d. data premise, an assumption 162 
hardly tenable to temporally correlated production processes. 163 

More research has focused on investigating effective approaches to handle the temporal nature of 164 
the production process data. Some works try to make full use of valuable temporal information by 165 
enhancing feature extraction procedures. Liao et al. [32] first transformed the acoustic emission signals 166 
from the cutting process into scalograms, followed by conducting pattern classification using various 167 
vision backbones, such as VGG-16. Mahato et al. [33] adopted the dynamic time warping (DTW) 168 
approach to extract temporal features from temperature signals of the melt pool and then applied a KNN 169 
classifier to monitor the additive manufacturing process. Qian et al. [34] designed a sequence feature 170 
extraction network. Through denoise autoencoder and DTW-based local feature extraction, 171 
discriminative temporal features were constructed for fault pattern recognition in the Tennessee process 172 
benchmark. 173 

Utilizing special network structures such as 1D convolutional neural network (CNN) and recurrent 174 
neural network (RNN), other studies attempt to empower the classification models to directly handle 175 
sequential inputs. Liu et al. [8] successfully recognized variation patterns in BIW measurement data using 176 
a long short-term memory network, demonstrating efficient utilization of temporal information. Yousef 177 
et al. [35] proposed an end-to-end process monitoring approach based on visual analytics. Temporal 178 
patterns were visually classified by 2D convolution operations after the shallow temporal features 179 
extracted by 1D CNN were reshaped into 2D images. The proposed monitoring approach was 180 
successfully applied to identify faults in the pyrometallurgical smelting process. Zhao et al. [36] 181 
combined adaptive multi-scale CNN, LSTM, and channel attention mechanisms to automatically mine 182 
contextual information, local features, and global temporal dependencies from industrial process data, 183 
enabling fault diagnosis for the Tennessee process. 184 

The importance of temporal characteristics in manufacturing process data is substantial. However, 185 
there is a notable scarcity of studies applying TSC methods to process monitoring. Moreover, most 186 
classification-based monitoring studies typically assign a single label to one sequence, overlooking the 187 
fact that long-term processes may exhibit different patterns at multiple observation scales. 188 

2.2 Time series classification methods 189 

TSC methods can be categorized into three main types based on the data information utilized as 190 
classification criteria, including distance-based, hand-crafted feature-based, and deep feature-based. 191 

Distance (or similarity)-based methods make classifications based on the distance between samples. 192 
Typical distance metrics include Euclidean distance [37], DTW [38,39], edit distance on real penalty [40], 193 
edit distance on real sequence [41], etc. Although generally easy to implement, distance-based methods 194 
can be quite sensitive to the noise inherent in real production. 195 

Hand-crafted feature-based methods have been developed to mitigate the impact of redundant 196 
information in TSC. Various feature extraction techniques have been proposed to capture the essence of 197 
time series more accurately. Shapelet-based methods [42,43] focus on retaining subsequences that 198 
demonstrate the highest discriminative capability. The classification performance is improved by 199 
concentrating on the most significant parts of the time series. However, owing to the computational 200 
complexity of discovering shapelets, these methods are more suitable for shorter time series. For long-201 
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term TSC tasks, symbolic or dictionary-based features, such as Symbolic Fourier Approximation and 202 
Symbolic Aggregate Approximation are preferred [44,45]. In these methods, time series are segmented 203 
and encoded using a certain dictionary. The sequence is converted into a shorter string and classified 204 
based on word frequency. Feature engineering is another approach to construct hand-crafted features. 205 
This includes simple statistical features such as mean and variance [46], as well as more complex ones 206 
derived from wavelet transform, spectral analysis, and phase space reconstruction [32,47]. Inspired by 207 
advancements in computer vision, converting time series into 2D feature maps, such as Poincaré and 208 
recurrence plots [48,49], has also gained prominence. In addition, some studies focus on extracting 209 
features from specific intervals of the series rather than the entire series. The features from these intervals 210 
are then combined into feature vectors for classification [50,51]. However, the effectiveness of classifiers 211 
heavily depends on the quality of the selected features. Manually designing time series features is 212 
laborious and requires specialized domain knowledge. Designing effective features that retain valuable 213 
information while discarding the superfluous remains a significant challenge [52]. 214 

End-to-end methods rely on deep networks for automatic feature extraction. CNN [53,54], RNN 215 
[55,56], attention models [57,58], and their variants such as temporal convolution network [59], are 216 
widely used in TSC problems. Moreover, multimodal models that combine various network types are 217 
also a significant research focus [60,61]. Similar to ensemble learning which combines the results of 218 
multiple classifiers [51,62], multimodal networks integrate the diverse learning capabilities of different 219 
models to process data from multiple perspectives. While end-to-end TSC methods have shown great 220 
promise, they do have certain limitations. Firstly, the automatically extracted features are not always 221 
beneficial for the final classification, as shallow features may contain noise or other irrelevant 222 
information. Secondly, the interpretability of these features is often insufficient [63]. 223 

In addition, the dynamic data conditions inherent in cyber manufacturing impose more stringent 224 
demands on the generalizability of data analytical tools. However, many TSC methods are bound by 225 
specific training constraints. Consequently, when the data distribution shifts as a result of alterations in 226 
production conditions, classifiers pre-trained for specific processes are prone to failure. Therefore, 227 
addressing the challenge of extracting robust latent information from collected time series data is 228 
essential when applying TSC methods to abnormal manufacturing pattern recognition. 229 
3. Abnormal pattern recognition based on multi-scale TSC for manufacturing process 230 

monitoring 231 

3.1 Overall framework of multi-scale abnormal pattern recognition method 232 

According to classical control chart theory [64], temporal data in the manufacturing process 233 
typically display six patterns, as shown in Fig. 1: normal patterns (NOP), cyclic patterns (CYC), 234 
increasing trend patterns (ITP), decreasing trend patterns (DTP), upward shift patterns (USP), and 235 
downward shift patterns (DSP). These patterns indicate changes in production status due to different 236 
causes. Accurately recognizing these fluctuation patterns is crucial for effectively identifying the root 237 
causes. 238 
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 239 
Fig. 1 Common patterns in manufacturing process. 240 

Numerous control chart pattern recognition methods overlook local patterns in long-term processes. 241 
For instance, as illustrated in Fig. 2, the geometric feature inspection data of 800 consecutively produced 242 
BIWs displays periodicity when viewed in a large-scale window. However, a downward shift becomes 243 
apparent when the observation window is reduced to 200. Further narrowing the observation scale to 50 244 
reveals a decreasing trend. This indicates that excessively large observation windows may fail to identify 245 
instantaneous changes, while smaller windows might overlook long-term trend changes. 246 

 247 
Fig. 2 Patterns under different observation scales. 248 

Motivated by this challenge, this study introduces an abnormal manufacturing pattern recognition 249 
method based on multi-scale TSC. The overall framework is presented in Fig. 3 and Algorithm 1. The 250 
temporal signals of key quality features captured during the production process are initially sliced. Once 251 
the start point for observation is specified, observation windows with expanding scales are used for data 252 
slicing in order to analyze the dynamic property of the production process at various time scales, for 253 
instance, by minute, by hour, or by day. Then, the data slices are separately inputted into a TSC model, 254 
DMP-MDNet. In this model, each time-series slice is first encoded as a 2D temporal representation and 255 
then mapped into a 1 × 6 vector by the classification module with multiple receptive sizes fused. Each 256 
element of the output vector represents the categorical distribution of the input slice belonging to different 257 
temporal pattern categories. Finally, the categorical distribution vectors corresponding to all time-series 258 
slices are stacked in the order of observation scale and compiled into an 𝑛𝑛 × 6  anomaly distribution 259 
diagram. This diagram effectively illustrates the comprehensive changes in manufacturing status along 260 
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the time axis. 261 

 262 
Fig. 3 Overall framework of the proposed multi-scale abnormal pattern recognition method. 263 
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Algorithm 1 Multi-scale TSC-based abnormal pattern recognition for manufacturing process 
monitoring 
Input: 

𝑋𝑋(𝑇𝑇) = (𝑥𝑥0, 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑇𝑇) : Univariate time series of key quality features collected during 
production 

𝑡𝑡0: Basic observation scale 
∆𝑡𝑡: Expanding stride of the observation scales 
𝐿𝐿: Size of DMP matrix 
𝑠𝑠: Sliding window step 

1: Slice the input univariate time series by dynamically sized observation scales: 
1.1: for 𝑖𝑖 = 0 to �𝑇𝑇−𝑡𝑡0

∆𝑡𝑡
� do 

1.2:     slice𝑖𝑖 = 𝑋𝑋0:𝑡𝑡𝑖𝑖 = (𝑥𝑥0, 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑡𝑡0+𝑖𝑖) 
1.3: end for 
1.4: Obtain all time-series slices 𝑺𝑺 = {slice0, slice1, slice2, … } 

2: Perform pattern recognition for each time-series slice with DMP-MDNet model: 
2.1: for 𝑖𝑖 = 0 to �𝑇𝑇−𝑡𝑡0

∆𝑡𝑡
� do 

2.2:    Calculate the sliding window size: 𝑤𝑤 = 𝑡𝑡𝑖𝑖 − 𝑠𝑠(𝐿𝐿 − 1) 

2.3:    for 𝑗𝑗 = 0 to �𝑡𝑡𝑖𝑖−𝑤𝑤
𝑠𝑠

+ 1� do 

2.4:        segment𝑗𝑗
(𝑖𝑖) = (𝑥𝑥𝑗𝑗𝑗𝑗, 𝑥𝑥1+𝑗𝑗𝑗𝑗, 𝑥𝑥2+𝑗𝑗𝑗𝑗, … , 𝑥𝑥𝑤𝑤+𝑗𝑗𝑗𝑗−1) 

2.5:    end for 
2.6:    Obtain all subsequences in the time-series slice 𝑋𝑋0:𝑡𝑡𝑖𝑖 
2.7:    DMP transformation for 𝑋𝑋0:𝑡𝑡𝑖𝑖 by calculating the similarities between subsequences 

 𝐷𝐷𝑖𝑖 = �𝑑𝑑𝑚𝑚𝑚𝑚
(𝑖𝑖)� = �1 −

segment𝑚𝑚
(𝑖𝑖)∙ segment𝑙𝑙

(𝑖𝑖)

�segment𝑚𝑚
(𝑖𝑖)��segment𝑙𝑙

(𝑖𝑖)�
� ∗ 𝑠𝑠𝑠𝑠𝑠𝑠�segment𝑚𝑚

(𝑖𝑖), segment𝑙𝑙
(𝑖𝑖)� 

2.8:    Conduct classification with DMP matrix as the input of MDNet: 𝑜𝑜𝑖𝑖 = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐷𝐷𝑖𝑖) 
2.9: end for 

3: Concatenate the categorical distribution vectors corresponding to all time-series slices 
Output:  

𝑃𝑃 = [𝑜𝑜1, 𝑜𝑜2, … , 𝑜𝑜�𝑇𝑇−𝑡𝑡0∆𝑡𝑡 �]: Pattern distribution diagram 
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3.2 Time series classifier based on DMP-MDNet 264 

A TSC model, DMP-MDNet, requiring minimal domain knowledge, is proposed for the pattern 265 
classification of time-series slices. It comprises two primary modules: the DMP module for temporal 266 
representation transformation and MDNet for classification. 267 

3.2.1 DMP for temporal representation 268 

As illustrated in Fig. 1, the fundamental difference between typical data patterns in the production 269 
process lies in their change trends, rather than their absolute values. To capture this, a time-series 270 
representation module named DMP is proposed. It interpretably encodes scale- and magnitude-invariant 271 
properties by measuring the distances between all subsequences. The calculation process is as follows: 272 

First, the time-series slice with length 𝑁𝑁, denoted as 𝑋𝑋0:𝑁𝑁−1 = (𝑥𝑥0, 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑁𝑁−1), is segmented 273 
into a set of subsequences 𝑺𝑺 = �𝑠𝑠𝑖𝑖,𝑤𝑤� using a sliding window. The sliding window, with a width 𝑤𝑤, starts 274 
at the initial point of 𝑋𝑋0:𝑁𝑁−1 and extracts the first subsequence 𝑠𝑠0,𝑤𝑤 = (𝑥𝑥0, 𝑥𝑥1, 𝑥𝑥2, … , 𝑥𝑥𝑤𝑤−1). The window 275 
then moves forward by a step 𝑠𝑠 to extract the second subsequence 𝑠𝑠1,𝑤𝑤 = (𝑥𝑥𝑠𝑠, 𝑥𝑥1+𝑠𝑠, 𝑥𝑥2+𝑠𝑠, … , 𝑥𝑥𝑤𝑤+𝑠𝑠−1). 276 

This process is repeated until the entire time-series slice is covered. For a slice of length 𝑁𝑁 , 𝑛𝑛 277 
subsequences can be extracted in this manner. The window sizes and sliding steps, as outlined in Eq. (1), 278 
are automatically adjusted for data slices of different lengths to maintain consistent sizes of the DMP 279 
matrices. 280 

After extracting the subsequences, their similarities are measured to encode the DMP map 𝐷𝐷 = [𝑑𝑑𝑖𝑖𝑖𝑖]. 281 
𝑑𝑑𝑖𝑖𝑖𝑖  represents the distance between the 𝑖𝑖𝑡𝑡ℎ  subsequence 𝛼𝛼  and 𝑗𝑗𝑡𝑡ℎ  subsequence 𝛽𝛽 . Considering the 282 

fundamental differences in common patterns of industrial process data, the similarity metric used in DMP 283 
calculation should meet two criteria: (1) it should effectively express tendency information, and (2) it 284 
should be insensitive to the absolute value and noise level of the time series. The formula demonstrates 285 
that the cosine, Canberra, Bray-Curtis, and correlation distances are all insensitive to absolute values. 286 
However, both the Canberra and Bray-Curtis distances are susceptible to noise because they calculate 287 
pointwise distances. The correlation distance is also not suitable, as it fails to effectively distinguish 288 
between NOP, ITP, and DTP patterns, given that the subsequences in these three patterns are linearly 289 
correlated. 290 

Fig. 4 displays the normalized heat maps of DMP matrices using different similarity metrics. To 291 
assess robustness, white noises 𝜀𝜀𝑖𝑖~𝑁𝑁(𝜇𝜇,𝜎𝜎2) at different levels 𝑘𝑘 were added to the raw series. The darker 292 
the color in the heat map, the more similar the two subsequences are. The visualization results align with 293 
those of the previous analysis. Among the four metrics evaluated, the cosine distance emerges as the most 294 
appropriate for DMP calculations. The cosine distance-based DMP matrices of different patterns exhibit 295 
distinguishable characteristics, clearly and intuitively reflecting the global and local trends of the time 296 
series. Furthermore, the DMP maps remain largely unchanged with increasing noise levels.  297 

 𝑛𝑛 = �
𝑁𝑁 − 𝑤𝑤
𝑠𝑠

+ 1� (1) 

 Cosine distance: 𝑑𝑑𝑖𝑖𝑖𝑖 = 1 − 𝜶𝜶∙𝜷𝜷
‖𝜶𝜶‖‖𝜷𝜷‖

 (2) 
 Canberra distance: 𝑑𝑑𝑖𝑖𝑖𝑖 = ∑ |𝑥𝑥𝑘𝑘−𝑦𝑦𝑘𝑘|

|𝑥𝑥𝑘𝑘|+|𝑦𝑦𝑘𝑘|
𝑛𝑛
𝑘𝑘=1 , 𝑥𝑥𝑘𝑘 ∈ 𝜶𝜶, 𝑦𝑦𝑘𝑘 ∈ 𝜷𝜷 (3) 

 Bray-Curtis distance: 𝑑𝑑𝑖𝑖𝑖𝑖 = ∑ |𝑥𝑥𝑘𝑘−𝑦𝑦𝑘𝑘|𝑛𝑛
𝑘𝑘=1

∑ 𝑥𝑥𝑘𝑘𝑛𝑛
𝑘𝑘=1 +∑ 𝑦𝑦𝑘𝑘𝑛𝑛

𝑘𝑘=1
, 𝑥𝑥𝑘𝑘 ∈ 𝜶𝜶, 𝑦𝑦𝑘𝑘 ∈ 𝜷𝜷 (4) 

 Correlation distance: 𝑑𝑑𝑖𝑖𝑖𝑖 = 1 − 𝑐𝑐𝑐𝑐𝑐𝑐(𝜶𝜶,𝜷𝜷)
𝜎𝜎(𝜶𝜶)∙𝜎𝜎(𝜷𝜷)

 (5) 
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Raw series 𝑫𝑫𝑫𝑫𝑷𝑷𝒄𝒄𝒄𝒄𝒄𝒄 𝑫𝑫𝑫𝑫𝑷𝑷𝒄𝒄𝒄𝒄𝒄𝒄𝒄𝒄 𝑫𝑫𝑫𝑫𝑷𝑷𝑪𝑪𝑪𝑪𝑪𝑪 𝑫𝑫𝑫𝑫𝑷𝑷𝑩𝑩𝑩𝑩𝑩𝑩𝑩𝑩 

 
(a) NOP, noise level=0.1     

 
(b) NOP, noise level=1     

 
(c) CYC, noise level=0.1     

 
(d) CYC, noise level=1     

 
(e) ITP, noise level=0.1     

 
(f) ITP, noise level=1     

 
(g) DTP, noise level=0.1     

 
(h) DTP, noise level=1     

 
(i) USP, noise level=0.1     
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(j) USP, noise level=1     

 
(k) DSP, noise level=0.1     

 
(l) DSP, noise level=1     

Fig. 4 DMP heatmaps with various similarity metrics and different noise levels. 298 
While the cosine distance effectively calculates the relative distance between subsequences, it does 299 

not provide information about the precedence order of subsequences 𝛼𝛼 and 𝛽𝛽 in the entire time-series 300 
slice. As a result, distinguishing between ITP and DTP, or USP and DSP, becomes challenging. To 301 
improve the discrimination between different patterns, this paper introduces a temporally aware cosine 302 
distance for DMP calculation, as shown in Eq. (6). 𝑠𝑠𝑠𝑠𝑠𝑠(𝜶𝜶,𝜷𝜷)  denotes a sign function designed to 303 
distinguish the order of subsequences in the overall data slice. 𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐 = {1, 1, 1, … , 1}  in Eq. (7) is a 304 
reference vector in the 𝑤𝑤-dimensional space where 𝛼𝛼 and 𝛽𝛽 are located. 305 

 As demonstrated in Fig. 5, differentiating the DMP maps of patterns with opposite trends using the 306 
original cosine distance is problematic. However, with the temporally aware cosine distance-based DMP 307 
maps, distinctions become clear, as the DMP maps are flipped along the diagonal, indicating the temporal 308 
order of the patterns. 309 

   

 
(a) 

 
(b) 

 
(c) 

Fig. 5 DMP maps of two opposite patterns. (a) Raw series with opposite patterns; (b) DMP maps with 310 

 𝑑𝑑𝑖𝑖𝑖𝑖 = �1 −
𝜶𝜶 ∙  𝜷𝜷
‖𝜶𝜶‖‖𝜷𝜷‖

� ∗ 𝑠𝑠𝑠𝑠𝑠𝑠(𝜶𝜶,𝜷𝜷) (6) 

 
𝑔𝑔𝑔𝑔(𝜶𝜶,𝜷𝜷) =

𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐(𝜶𝜶,𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐) − 𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐(𝜷𝜷,𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐)
|𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐(𝜶𝜶,𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐) − 𝑑𝑑𝑑𝑑𝑑𝑑𝑡𝑡𝑐𝑐𝑐𝑐𝑐𝑐(𝜷𝜷,𝒐𝒐𝒐𝒐𝒐𝒐𝒐𝒐)| (7) 
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conventional cosine distance; (c) DMP maps with temporal-aware cosine distance. 311 
3.2.2 MDNet for classifying DMP matrices 312 

The DMP calculations transform the original 1D time-series slice into a 2D feature map. Drawing 313 
inspiration from the success of 2D CNNs in image classification, this paper introduces a network with a 314 
multi-branch structure and dilated convolution mechanism to analyze high-level information and 315 
ultimately provide classification results. 316 

The size of the receptive field, determined by the kernel size, is important for the performance of 317 
CNN-based models. Traditional CNNs, however, typically employ a fixed kernel size, leading to a single 318 
and limited receptive field that lacks the capability to fuse multi-scale information. To address this, 319 
several studies have proposed CNN structures with multi-receptive fields [65,66]. Building on this 320 
concept, this paper has designed a classifier with small, medium, and large receptive field branches. 321 
Feature maps in the middle layers are aggregated across branches to enable multi-level information fusion 322 
without increasing the number of network layers. In addition, skip connections are added within each 323 
branch to facilitate effective network training, even with small datasets. The structure of this network is 324 
illustrated in Fig. 6. 325 

 326 

Fig. 6 MDNet structure. 327 
To enhance computational efficiency, this paper employs dilated convolution. Dilated convolution 328 

introduces intervals within the normal kernel, enlarging the receptive field without significantly 329 
increasing the number of parameters. An ordinary convolution of size 𝑘𝑘 ×  𝑘𝑘 with a dilation rate 𝑑𝑑 has 330 
an effective receptive field size of: 331 

The output size of one convolutional layer can be determined using Eq. (9). With fewer dilated 332 
layers, the same effect can be achieved as stacking multiple conventional convolution layers. Therefore, 333 
dilated convolution enables a rapid increase in the receptive field for more effective information 334 
exploitation, while maintaining computational efficiency. 335 

The DMP matrix 𝐷𝐷 serves as the input for the MDNet, with the 1 × 6 categorical probability vector 336 
as the output 𝑜𝑜(𝐷𝐷). Each dimension in the array corresponds to a pattern category, and its value represents 337 
the probability of the sample belonging to that category. 338 

2×2
Conv

Dense
FC layers
+ Softmax

Conv + Relu
+ dilated rate=4

2×2
Conv

Conv + Relu
+ dilated rate=1

2×2
Conv

Conv + Relu
+ dilated rate=2

Small receptive
branch: 2 ×2

Medium receptive
branch: 3 ×3

Large receptive
branch: 5 ×5

Add

 𝑘𝑘′ = 𝑘𝑘 + (𝑘𝑘 − 1)(𝑑𝑑 − 1) (8) 

 𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜𝑜_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 = 1 +
𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 2𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 − 𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠

𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠
 (9) 
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4. Case study 339 

This section details an actual BIW production case. The implementation of the proposed abnormal 340 
pattern recognition method was conducted on a computer equipped with a Microsoft Windows 11 341 
operating system, an Intel-i7-11700F CPU, 16GB RAM, and a GPU of NVIDIA GeForce RTX 3060Ti. 342 
The software framework was TensorFlow 2.10.0, operating on a Python 3.8 backend. 343 

4.1 Data description 344 

Online inspection data from SAIC-GM-Wuling automobile were utilized to evaluate the feasibility 345 
of the proposed multi-scale abnormal pattern recognition method. This data was gathered using a digital 346 
twin-based BIW online inspection system. The experimental setup, as shown in Fig. 7, involves the 347 
following steps: After completing the welding process, the BIW is transported to the inspection site and 348 
positioned using the FANUC C-flex fixture system. Four FANUC GLOBAL3 robots equipped with laser 349 
scanners then collect the cloud-point data of the BIW. Subsequently, dimensions of critical features such 350 
as holes, grooves, and folded edges on the front windshield are extracted, and the geometric deviations 351 
from theoretical values are calculated and output. Additional details on the system setup and experimental 352 
environment are available in a prior study [67]. 353 

 
(a) 

 𝑜𝑜(𝐷𝐷) = 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀(𝐷𝐷)
= 𝑓𝑓𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 �𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠(𝐷𝐷),𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑙𝑙𝑙𝑙(𝐷𝐷),𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝐷𝐷)�
= {𝑃𝑃𝑁𝑁𝑁𝑁𝑁𝑁 ,𝑃𝑃𝐶𝐶𝐶𝐶𝐶𝐶 ,𝑃𝑃𝐼𝐼𝐼𝐼𝐼𝐼,𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷,𝑃𝑃𝑈𝑈𝑈𝑈𝑈𝑈,𝑃𝑃𝐷𝐷𝐷𝐷𝐷𝐷}  

(10) 
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(b) 

Fig. 7 Hardware module of online inspection digital twin system. (a) Experimental setup; (b) Inspection 354 
site setup. 355 

Process quality evaluation can be effectively conducted through a detailed analysis of these 356 
geometric deviation sequences. For this study, a total of 1000 sequence samples were selected from the 357 
collected data to create a pattern dataset. This dataset encompasses the six fluctuation patterns discussed 358 
in Section 3.1, including 192 NOP, 85 CYC, 170 ITP, 169 DTP, 176 USP, and 208 DSP samples. Note 359 
that the lengths of these samples vary, with the longest sequence being 798 units and the shortest being 360 
just 50 units. Additionally, real-world data often deviate from ideal conditions. For instance, while the 361 
ideal CYC pattern is strictly sinusoidal, such patterns are rare in actual production settings, where the 362 
signal usually exhibits quasi-periodicity. The observed waveforms in production are more often square-363 
shaped or ramp-like in nature. 364 

4.2 DMP-MDNet training 365 

The time-series classifier DMP-MDNet was initially trained using BIW data. It utilized the 1D time 366 
series as input, which was then transformed into a 2D DMP matrix and subsequently classified using 367 
MDNet. The training parameters were configured as follows: the dataset split ratio was set at 9:1, 368 
DMP_size was 30, the learning rate was 0.01 with a 0.5 decay factor and 3 patience, batch_size was 64, 369 
and the training epoch was 64. The classification performance was evaluated using metrics such as 370 
𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 , 𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 , 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅  and 𝐹𝐹1 − 𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆 . As depicted in Fig. 8(a) and Fig. 8(b), the model 371 
demonstrated convergence after approximately 60 training epochs. The final accuracy on the test set 372 
reached 93.04%. Fig. 8(c) presents the confusion matrix, illustrating the number of samples correctly 373 
and incorrectly classified for the six patterns. For instance, in the first row, it can be observed that 92.9% 374 
of the NOP samples were accurately classified, while 7.1% were misclassified as DTP. Notably, the 375 
accuracy for all six patterns exceeded 90%. Despite the presence of real data distribution imperfections 376 
and noise, DMP-MDNet showed strong performance. 377 
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(a) 

 
(b) 

 
(c) 

Fig. 8 DMP-MDNet performance on BIW production data. (a) Learning curve of accuracy; (b) Learning 378 
curve of loss; (c) Classification results. 379 
4.3 Application in real manufacturing process 380 

Fig. 9(a) illustrates the basic data analysis functions originally available in the online inspection 381 
system mentioned in Section 4.1. This original data analysis module can automatically trigger alarms for 382 
abnormal points of geometrical deviations exceeding ±1.5 mm limits and calculate SPC statistics. 383 
However, these rudimentary functions cannot solely uncover concealed abnormal patterns in the data, 384 
owing to the absence of synergy between industrial big data and smart analytics. An example is presented 385 
in Fig. 9. Fig. 9(c) displays the geometric deviations of measuring point No. 10 on the front frame 386 
(depicted in Fig. 9(b)) for 100 sequentially manufactured BIWs. Despite all data points falling within the 387 
permissible tolerance range, the deviation curve manifests an abnormal shift, typically caused by sudden 388 
changes such as fixture loosening. Unfortunately, the original basic functions grounded in traditional 389 
statistical analysis consider this situation normal and do not issue an alarm. If these abnormal patterns 390 
are not promptly identified, the impact of abnormal factors gradually increases, resulting in a reduced 391 
rate of high-quality products. Therefore, to address the shortcomings of the basic data analysis functions, 392 
our work has been integrated into this online inspection system as a new function to identify these 393 
concealed patterns. 394 
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Fig. 9 Illustration on the limitation of the current online inspection system. (a) Basic data analysis 395 
functions of the system; (b) Inspection points layout; (c) Abnormal pattern visualization. 396 

In this newly developed functional module, the pre-trained DMP-MDNet was employed for multi-397 
scale abnormal pattern recognition. The deviation sequence from a specific time period underwent slicing 398 
using multi-scale observation scales. The minimum observation scale remained fixed at 30, while the 399 
maximum scale equated to the length of the entire series. The initial points of the observation scales were 400 
set as the first point of the sequence. Consequently, (𝑁𝑁 − 29) slices of varying lengths were extracted 401 
from a sequence with a total length of 𝑁𝑁. These slices were input into the DMP-MDNet in the specified 402 
order, and pattern probabilities at different scales were computed. The ultimate results constituted an 403 
(𝑁𝑁 − 29) × 6 matrix, which was subsequently visualized as shown in Fig. 10. The geometric deviation 404 
sequence on the side hinge of 300 BIWs consecutively produced is displayed in the middle of the 405 
interface. Using the proposed process monitoring method, the bottom graph depicts the corresponding 406 
distribution of anomalies that occurred throughout the production process of these 300 BIWs. In the 407 
anomaly distribution diagram, the x-axis represents the observation scale, while the y-axis denotes the 408 
proportion of the production status attributed to the six patterns at each instance. Normal fluctuations 409 
predominated when the observation window was small. As the window size gradually increased, the data 410 
started exhibiting an upward trend. Once the window width exceeded 150, the proportion of cyclic 411 
anomalies increased, becoming the predominant anomaly pattern. These monitoring outcomes aligned 412 
with the actual scenario. Visualizing the distribution diagram provides an intuitive understanding of all 413 
types of anomalies throughout the entire process. Below the anomaly distribution diagram, the 414 
percentages of local anomalies within the queried observation intervals can be found. For abnormal 415 
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patterns with high percentages, the system provides alarm information, including the commencement and 416 
conclusion times of the abnormal status, along with potential causes. 417 

 The results of this case study affirm the effectiveness of the proposed multi-scale abnormal pattern 418 
recognition method. This method can recognize multiple patterns of varying scales within a queried time 419 
series, offering insights into abnormal changes in production status and their underlying causes. These 420 
insights can be utilized for quality control feedback at the physical production site. 421 

 422 

Fig. 10 Abnormal pattern recognition results 423 
5. Comparison and discussion 424 

In this section, a simulated control chart dataset was first employed to verify the need for multi-425 
scale classification in the proposed pattern recognition method. Subsequently, comparative experiments 426 
were carried out using various public datasets sourced from the UCR archive [68]. These experiments 427 
aimed to delve deeper into the performance of the proposed TSC model DMP-MDNet, including its 428 
generalization capability, processing speed, and classification effectiveness. 429 

5.1 Effect of dynamically sized observation window 430 

This section delves into the effect of multi-scale observation windows on the proposed pattern 431 
recognition method. Monte Carlo simulation was utilized to generate control chart samples in accordance 432 
with [69]. The sequence length was fixed at 150 data points, with each sample containing only one 433 
specific pattern type. 434 

Following the data simulation, each sample underwent classification under different observation 435 
scales, specifically set at 30, 60, 90, 120, and 150. For instance, with an observation scale of 30, a sliding 436 
window of 𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ = 30  moved along the time axis from 𝑡𝑡 =  0  to 𝑡𝑡 = 150  with a step of 𝑠𝑠 =  1 , 437 
extracting time series segments. In the case of a sample 𝑋𝑋(𝑇𝑇) with a 𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙ℎ = 150, 121 subsequences 438 
of length 30 were extracted. These extracted segments were then fed into the pre-trained DMP-MDNet. 439 
This process generated a total of 121 classification results, each representing the sectional patterns at 440 
different time points. The pattern label with the highest occurrence frequency was selected as the final 441 
classification result for 𝑋𝑋(𝑇𝑇) and compared with its true label. Similar procedures were repeated for other 442 
observation scales. 443 

New function based on the proposed
abnormal pattern recognition method

Overview of the
entire sequence

Changes in abnormal
patterns over time

Anomaly distribution
in local areas

Alarms for dominant
abnormal patterns

Select inspection
points and time
intervals



18 
 

The classification performance of all patterns depicted in Fig. 11 exhibited improvement as the 444 
observation scale increased. Notably, when the observation scale reached 150, that is, 𝑋𝑋(𝑇𝑇)  was 445 
classified as a whole, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 metric reached its peak. Specifically, positive recognition results were 446 
achieved for NOP, USP, and DSP, even with small observation scales. Conversely, the classification 447 
effectiveness for CYC was notably lower with small windows. For instance, when 𝑤𝑤 = 30, the 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 448 
for CYC was only 0.385, but it increased significantly as the window size expanded. This implies that 449 
only a few samples with small cycles could be correctly identified with a small observation scale, which 450 
is inadequate for recognizing CYC samples occurring over an extended duration. These findings 451 
underscore the importance of dynamically sized observation windows, which enable a comprehensive 452 
understanding of multi-scale anomalies distributed throughout the manufacturing process. Small 453 
windows are adept at capturing instantaneous changes, whereas a broader observation scale is necessary 454 
for capturing long-term trends. 455 

 456 
Fig. 11 Classification recall under observation windows with different sizes. 457 
5.2 Generalization ability test 458 

A public control chart dataset called “synthetic control chart time series” (SCCTS) is utilized in this 459 
section to test the generalization capability of DMP-MDNet. The SCCTS dataset contains 600 samples, 460 
each with a length of 60. In contrast to the BIW data, the SCCTS data exhibit varying magnitudes. While 461 
BIW samples fluctuate within the (−3, +3)  interval, the SCCTS data encompass a broader range of 462 
values. The maximum value in the SCCTS data can reach 63.82, while the minimum value can be as low 463 
as -5.11. 464 

DMP-MDNet, trained using BIW production data, was directly applied to the SCCTS data without 465 
retraining, and no preprocessing steps such as normalization or denoising were performed. The final 466 
accuracy achieved was 90.21%, demonstrating strong generalizability of the DMP-MDNet. The detailed 467 
classification results are depicted in Fig. 12. The accuracy for NOP, ITP, DTP, USP, and DSP was 468 
approximately 95%. However, the accuracy for CYC was only 64%. One possible reason for this 469 
discrepancy is that the CYC samples in the SCCTS dataset are artificially generated and differ from the 470 
quasi-periodic CYC samples in the BIW data. Because the CYC samples used in the training and testing 471 
stages exhibit substantial differences, the model parameters obtained from the BIW data may not be 472 
entirely suitable for the SCCTS data. 473 
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 474 
Fig. 12 Classification result on SCCTS data. 475 
5.3 Scalability test and feature visualization 476 

The scalability and robustness of the AI model is important for deployment in real industrial 477 
scenarios. Scalability indicates the capacity of the proposed method to process massive data. In this part, 478 
a variable-control experiment is conducted to investigate the changes in computational efficiency of 479 
DMP-MDNet when the data size varies. A baseline three-layer RBF network (RBFNN) was also 480 
implemented for comparison. The RBFNN adopted conventional hand-crafted feature-based learning 481 
paradigm where six time-domain features are taken as inputs, including the mean, standard deviation, 482 
maximum, minimum, energy, and entropy. 483 

The two models were initially trained using the SCCTS dataset with the same training parameters. 484 
DMP-MDNet converged after just five epochs, and its training accuracy stabilized at 99.85%. In contrast, 485 
RBFNN achieved an accuracy of only 70% after 100 epochs. This stark contrast highlights the significant 486 
impact of feature quality on the performance of conventional methods relying on hand-crafted features. 487 
We then performed t-SNE with perplexity 200 to visualize the raw SCCTS samples as well as features 488 
extracted by RBFNN and DMP-MDNet. The t-SNE plots are presented in Fig. 13. The hand-crafted 489 
features used in RBFNN are heavily mixed across different categories, while the data representations 490 
obtained through DMP show a much more conspicuous clustering structure with little overlap. It is 491 
evident that the six time-domain features were insufficient to adequately represent the comprehensive 492 
information in the raw data. 493 
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 494 

Fig. 13 t-SNE visualization of raw SCCTS data and extracted features. 495 
The computational time of these two pre-trained models on the test sets with varying sizes was then 496 

compared. Ten runs were made for each model. As depicted in Fig. 14 (c) and (d), DMP-MDNet exhibits 497 
a slower prediction time compared to the RBFNN, primarily due to its sophisticated network structure 498 
for improved feature extraction capacity. Nevertheless, it is noteworthy in Fig. 14 (a) and (b) that the 499 
DMP encoding process is significantly faster than the feature extraction operation performed by the 500 
RBFNN. DMP-MDNet took about only 35.2 milliseconds to transform 1000 samples with lengths of 60 501 
into DMP matrices. In contrary, RBFNN costed 1070.4 milliseconds to complete the feature extraction 502 
process for the same samples. Additionally, it was observed that the time required for traditional feature 503 
extraction increased substantially as the dataset size grew, while the DMP calculation time remained 504 
relatively stable. This leads to the conclusion that DMP-MDNet offers certain advantages in terms of 505 
computational efficiency. 506 
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(c) 

 
(d) 

Fig. 14 Changes in computational time with data size. (a) Feature extraction time for RBFNN; (b) Feature 507 
representation for DMP-MDNet; (c) Prediction time for RBFNN; (d) Prediction time for DMP-MDNet. 508 

The computational complexity of DMP-MDNet is further discussed from the theoretical perspective. 509 
The time complexity of the DMP module mainly arises from the iterations of instructions to calculate the 510 
similarities between subsequences. The time required to compute the similarity between two 511 
subsequences depends on the time to calculate their dot product. The dot product of (𝑗𝑗 + 1)𝑡𝑡ℎ  and 512 
(𝑖𝑖 + 1)𝑡𝑡ℎ  segments can be calculated in constant time based on the original dot product of  𝑗𝑗𝑡𝑡ℎ 513 
subsequence and  𝑖𝑖𝑡𝑡ℎ  subsequence as shown in Eq. (11). Therefore, the time complexity of DMP 514 
transformation for a sequence with the length of 𝑛𝑛 can be approximated to O(𝑛𝑛), which is more efficient 515 
than that of the hand-crafted feature extraction process in RBFNN with O(𝑛𝑛2). 516 

The complexity of MDNet is measured by floating-point operations (FLOPs) and the total number 517 
of model parameters, two metrics commonly used to estimate the time and space complexity of deep 518 
learning models. Reduced FLOPs and parameters indicate lower model complexity, which theoretically 519 
mitigates the difficulty to handle large-scale input. As shown in Table 1, MDNet has 952,350 parameters 520 
and FLOPs of about 0.056G when the input size is 16×30×30. In comparison, with the same input size, 521 
MDNet’s variant without dilated convolution has more parameters and FLOPs, increasing by 3.42% and 522 
103.57%, respectively. This suggests the enhanced computational efficiency of the proposed MDNet. 523 

Table 1 Model complexity 524 
Network # Parameters # FLOPs 
MDNet without dilated convolution 984,926 0.114G 
MDNet 952,350 0.056G 

5.4 Model comparison 525 

25 UCR datasets from various domains were employed to investigate the classification accuracy of 526 
DMP-MDNet. The results were compared to state-of-the-art (SOTA) methods. Note that the criteria for 527 
categorizing different classes within these datasets were not uniform. For instance, as illustrated in Fig. 528 
15, the Car and Beef datasets fall into the category of TSC problems where local patterns play a 529 
predominant role. Conversely, datasets such as CBF and ECG5000 exhibit significant differences in 530 
overall data trends, highlighting a global pattern-dominated problem. 531 
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= 𝒔𝒔𝒋𝒋 ∙ 𝒔𝒔𝒊𝒊 − 𝑥𝑥𝑡𝑡𝑖𝑖 ∗ 𝑥𝑥𝑡𝑡𝑗𝑗 + 𝑥𝑥𝑡𝑡𝑗𝑗+𝑤𝑤 ∗ 𝑥𝑥𝑡𝑡𝑖𝑖+𝑤𝑤 (11) 
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Fig. 15 Dataset visualization. (a) Car; (b) Beef; (c) CBF; (d) ECG5000; 532 

14 SOTA methods, implemented using the Aeon toolkit [70], were selected for comparison. Based 533 
on the taxonomy of TSC methods described in Section 2.2, these methods can be categorized as follows: 534 

1) Distance-based methods include ShapeDTW [39] and KNN. 535 

2) Nine methods belonging to the hand-crafted feature-based category: BOSS [71], cBOSS [45], 536 
and WEASEL [44] perform classification according to symbolic features. STC [42] is based on shapelets, 537 
while TSF [43] and RISE [51] focus on interval features. TSFresh [46] employs feature engineering to 538 
extract statistical features. Hive–Cote [62] and Catch22 [52] perform ensemble learning based on 539 
multiple features. 540 

3) Three deep feature-based methods: ResNet [72] extracts features through a residual module with 541 
skip connections. Inception time [54] performs temporal feature extraction through multiple connected 542 
inception modules. Rocket [53] employs multiple random convolution kernels for feature transformation. 543 

In addition, a baseline method, DMP-CNN, was constructed to investigate the effects of various 544 
receptive fields on DMP-MDNet. DMP-CNN retained only the middle receptive field branch in Fig. 6. 545 

The training epochs for both DMP-MDNet and DMP-CNN were set to 500, and the learning rate 546 
was fixed at 0.001, with provisions for early stopping and learning rate decay. The batch size and DMP 547 

 
(a) 

 
(b) 

 
(c) 

 
(d) 



23 
 

size were dynamically adjusted based on the series length and dataset size. Typically, the DMP size was 548 
set to approximately 70% of the sequence length, considering the graphics memory constraints. The 549 
performance metric utilized the average test accuracy over 10 runs for each classifier. 550 

DMP-MDNet achieved the highest accuracy in eight datasets, as shown in Appendix A, which is on 551 
par with Hive–Cote. This indicates that DMP-MDNet is applicable across various application areas. A 552 
Friedman–Nemenyi test was conducted, and the results are visualized in a critical difference diagram in 553 
Fig. 16(a). DMP-MDNet ranks second among all models, slightly behind Hive–Cote. This is reasonable 554 
as DMP-MDNet does not integrate multiple classifiers with diverse advantages as Hive–Cote does. 555 
Critical pairwise comparisons were also made between DMP-MDNet and the best models from different 556 
TSC types, and the win/tie/loss diagrams with a tolerance of ±0.005 are provided in Fig. 16(b)-Fig. 16(h). 557 
DMP-MDNet significantly outperformed the best distance-based model ShapeDTW, the best shapelet 558 
feature-based model STC, the best interval-based model TSF, and the best feature engineering-based 559 
model TSFresh. The p-value obtained during the Friedman–Nemenyi test is indicated in the lower-left 560 
corner. A larger p-value suggests a less significant difference in model performance. Clearly, DMP-561 
MDNet exhibits classification ability similar to WEASEL and Inception time. Moreover, as shown in 562 
Fig. 16(i), DMP-MDNet outperforms DMP-CNN, indicating the utility of the multi-receptive field 563 
structure. 564 
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(e) 

 
(f) 
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(h) 

 
(i)  

Fig. 16 Model comparison. (a) Friedman–Nemenyi test results; (b)–(i) Critical pairwise comparisons 565 
between classifiers. 566 

It is important to highlight that DMP-MDNet excels in tackling TSC problems, where distinctions 567 
among different categories rely on overall trends or shapes. However, there is still a gap between DMP-568 
MDNet and classifiers that emphasize local patterns. One potential reason for this difference is the fixed 569 
window size used in DMP calculation, which limits its ability to capture similarity information within a 570 
narrow range. For instance, in the case of the Car dataset, its local features can be overlooked by larger 571 
windows, potentially leading to similarity in DMP matrices among different categories. 572 

5.5 Discussion 573 

The experimental results indicate that DMP-MDNet excels in recognition performance on both real 574 
BIW data and public datasets. This method offers several advantages: 575 

1) Improved temporal representations: DMP operates directly on raw data sequences without the 576 
need for expert knowledge, preserving data information more effectively. It signifies a shift of 577 
manufacturing process monitoring from traditional experience-based monitoring to data-driven, 578 
automated abnormal pattern recognition. Additionally, the similarity metric used in DMP is robust to 579 
sequence magnitude and length, enhancing the generalizability and robustness of the proposed temporal 580 
representation DMP across diverse tasks. The multi-receptive field structure of MDNet further realizes 581 
multi-granularity information fusion. Classification effect is thus improved by effectively preserving raw 582 
data information and leveraging representations with superior discriminative and generalization 583 
capabilities. 584 

2) Improved speed: DMP transformation is computationally efficient, outperforming traditional 585 
feature extraction methods. This efficiency is attributed to the use of STOMP algorithm [73], which has 586 
a time complexity of O(𝑛𝑛). Moreover, dilated convolution in MDNet ensures efficient inference. 587 

However, it is important to acknowledge some limitations: First, erroneous data may still be present 588 
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in NOP samples in real production data, as our method does not include denoising operations. Second, 589 
while DMP-MDNet performed well on TSC problems dominated by global patterns, its performance was 590 
insufficient for TSC problems dominated by local patterns. Therefore, we plan to explore the integration 591 
attention mechanisms in the future: Time-domain attention is used to enhance the capture of local features. 592 
Frequency-domain attention offers an adaptive denoising capability. 593 

6. Conclusion 594 

This study presents an innovative multi-scale TSC-based method to identify multi-scale abnormal 595 
patterns stemming from various anomalous manufacturing conditions. Long-period production 596 
sequences are sliced and classified at multiple observation scales to investigate both global trends and 597 
local properties, so as to analyze the dynamics of production status throughout the overall manufacturing 598 
process. The classification is performed by a TSC model DMP-MDNet, which is designed to improve 599 
the robustness and effectiveness of manufacturing pattern recognition. This model leverages a temporal 600 
representation, DMP, to encode the generalizable scale- and magnitude-invariant properties of time-series 601 
data. Additionally, MDNet, a multi-branch network featuring dilated convolution and the fusion of 602 
multiple receptive field sizes is introduced to exploit multi-granularity information. A comprehensive 603 
case study on BIW production is introduced, in addition to conducting extensive experiments on 25 604 
public datasets. The primary conclusions are drawn as follows. 605 

1) Without the need for domain knowledge to guide tailored feature extraction, the proposed DMP 606 
successfully promotes the enhanced quality of time-series representation. The DMP matrix proves 607 
discriminative and generalizable by encoding scale- and magnitude-invariant features. When the model 608 
pre-trained by the BIW production dataset is applied directly to a control chart dataset from other sources, 609 
the classification accuracy shows a trivial decrease of about 2%. 610 

2) The proposed classification module MDNet improves TSC effectiveness by integrating multiple 611 
receptive field sizes. Thanks to its ability to capture and model multi-granular valuable information 612 
within the input data, DMP-MDNet significantly outperforms its variant with only a single receptive 613 
field size on 25 public datasets, with an average increase of 15.29% in terms of accuracy. 614 

3) With data representation with finer quality, DMP-MDNet surpasses various SOTA methods. It 615 
achieves the best accuracy 8 times, sharing first place with HIVE-COTE but with a much more concise 616 
model structure. In particular, DMP-MDNet excels in global pattern-dominated tasks, with the highest 617 
improvement of 13.07% in classification accuracy.  618 

4) Compared with the conventional hand-crafted feature-based classifier, DMP-MDNet exhibits 619 
enhanced scalability attributed to the O(𝑛𝑛) complexity of the DMP encoding process and the utilization 620 
of dilated convolution. 621 

Experimental results demonstrate that DMP-MDNet not only achieves high accuracy but also 622 
eliminates the need for labor-intensive feature engineering while exhibiting stronger generalization 623 
capabilities. The introduction of the novel TSC method provides valuable insights into multi-scale 624 
anomalies within complete manufacturing processes. It stands as a smart and robust analytical tool 625 
capable of harnessing the vast amounts of production data generated in the realm of cyber manufacturing. 626 
Future research endeavors should consider attention-enhanced models and delve into multivariate 627 
process monitoring for further advancements in this field. 628 



26 
 

Acknowledgements 629 

This work is sponsored by the National Natural Science Foundation of China [No.52075338], and 630 
Shanghai Key lab of Advanced Manufacturing Environment. 631 

Disclosure statement 632 

No potential conflict of interest was reported by the author(s). 633 

Data availability statements 634 

The BIW production data are available from the corresponding author upon request. Public datasets in 635 
Section 5 are available in https://www.cs.ucr.edu/~eamonn/time_series_data_2018/.  636 
 637 

https://www.cs.ucr.edu/%7Eeamonn/time_series_data_2018/


27 
 

Appendix A. Accuracies of different classifiers over 25 UCR datasets 638 

Dataset 
State-of-the-art methods This paper 

ShapeDT
W KNN Catch22 Hive–

Cote RISE TSF TSFresh STC BOSS cBOSS WEASE
L Rocket Inception 

time ResNet DMP- 
CNN 

DMP-
MDNet 

ArrowHead 0.817 0.799 0.680 0.848 0.727 0.715 0.558 0.738 0.542 0.783 0.848 0.527 0.880 0.314 0.394 0.861 
Beef 0.667 0.667 0.536 0.823 0.770 0.689 0.199 0.530 0.399 0.606 0.696 0.416 0.433 0.538 0.511 0.567 

BeetleFly 0.750 0.750 0.735 0.963 0.745 0.780 0.500 0.725 0.700 0.815 0.750 0.749 0.652 0.853 0.550 0.950 
BirdChicken 0.549 0.549 0.845 0.945 0.775 0.815 0.945 0.740 0.849 0.920 0.865 0.715 0.672 0.851 0.650 0.750 

BME 0.860 0.826 0.848 0.878 0.721 0.933 0.988 0.745 0.553 0.683 0.860 0.974 0.818 0.943 0.747 0.992 
Car 0.816 0.733 0.718 0.836 0.733 0.738 0.716 0.736 0.583 0.775 0.816 0.406 0.667 0.467 0.683 0.733 
CBF 0.905 0.852 0.938 0.995 0.836 0.972 0.674 0.951 0.828 0.959 0.980 0.994 0.888 0.748 0.925 0.956 

Chinatown 0.962 0.944 0.871 0.972 0.941 0.967 0.976 0.937 0.813 0.888 0.947 0.967 0.980 0.831 0.980 0.980 
ChlorineCon 0.628 0.650 0.572 0.724 0.739 0.717 0.459 0.599 0.539 0.630 0.591 0.496 0.864 0.819 0.791 0.977 

CinCECGTorso 0.910 0.897 0.785 0.990 0.928 0.958 0.792 0.700 0.476 0.679 0.967 0.407 0.832 0.768 0.820 1.000 
Coffe 1.000 1.000 0.992 0.996 0.982 0.982 0.982 0.957 0.857 0.978 0.989 0.807 0.998 0.536 0.893 1.000 

CricketX 0.669 0.576 0.553 0.730 0.519 0.637 0.574 0.553 0.632 0.597 0.651 0.697 0.853 0.808 0.689 0.713 
CricketY 0.651 0.566 0.515 0.782 0.523 0.640 0.558 0.561 0.654 0.662 0.721 0.687 0.844 0.792 0.605 0.623 
ECG5000 0.926 0.924 0.932 0.942 0.933 0.937 0.937 0.896 0.857 0.937 0.936 0.943 0.938 0.937 0.936 0.964 

ECGFiveDays 0.919 0.796 0.748 0.999 0.989 0.929 0.497 0.988 0.707 0.993 0.963 0.962 0.989 0.727 0.956 1.000 
IEPGST 1.000 1.000 0.981 1.000 0.933 0.996 0.473 0.775 0.967 0.911 0.959 0.890 0.691 0.878 0.847 0.895 

Lightning2 0.803 0.754 0.734 0.762 0.711 0.770 0.540 0.750 0.540 0.718 0.606 0.627 0.819 0.721 0.754 0.852 
Lightning7 0.589 0.575 0.642 0.709 0.598 0.761 0.702 0.610 0.452 0.604 0.616 0.713 0.835 0.810 0.712 0.712 

MSRT 0.897 0.897 0.906 0.962 0.895 0.907 0.934 0.594 0.694 0.872 0.968 0.548 0.966 0.952 0.720 0.743 
RefriDevices 0.424 0.394 0.513 0.489 0.488 0.549 0.562 0.420 0.434 0.495 0.505 0.503 0.531 0.512 0.501 0.506 

StarLightCurves 0.979 0.848 0.967 0.980 0.972 0.966 0.978 0.936 0.922 0.956 0.964 0.837 0.938 0.968 0.902 0.924 
ToeSegment1 0.526 0.679 0.811 0.949 0.766 0.667 0.526 0.902 0.632 0.867 0.934 0.904 0.969 0.954 0.789 0.837 
ToeSegment2 0.843 0.807 0.781 0.968 0.855 0.800 0.833 0.851 0.831 0.950 0.900 0.866 0.938 0.884 0.861 0.885 

Trace 1.000 0.759 0.996 1.000 0.936 0.987 1.000 0.982 0.710 0.998 0.980 1.000 1.000 1.000 0.945 0.970 
UMD 0.722 0.805 0.866 0.971 0.588 0.833 0.726 0.759 0.562 0.788 0.979 0.932 0.916 0.953 0.861 0.972 

Winning times 3 2 0 9 0 0 3 0 0 0 2 1 7 1 1 8 
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