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Abstract 11 

Monitoring the concentration of particle pollutants is very important for industrial production control 12 

and workers' health protection. Low-cost sensors are widely used to reduce deployment costs. The 13 

outliers in the observed data of pollutant concentration can be eliminated by outlier detection algorithms. 14 

However, it is difficult to meet the actual needs of changing working conditions or scene migration in 15 

factories by building a single algorithm for specific scenarios. It is a feasible scheme to identify the 16 

changing characteristics of data and adaptively adjust the outlier detection algorithm. From the point of 17 

view of data characteristics, we creatively match typical data types with high performance algorithms. 18 

The framework proposed in this paper provides a general process including five basic tasks, and uses a 19 

modular structure to complete the outlier detection target. The actual pollutant data of the workshops are 20 

used to evaluate the performance of our framework. At last, we compare eight different strategies under 21 

this framework, and analyze the contribution of each step to outlier detection from the perspective of 22 

algorithm principle. The results show that low-cost sensors following the framework can meet the outlier 23 

detection requirements in the field of pollutant monitoring, thus greatly reducing the cost of algorithm 24 

selection and data adaptation. 25 

Keywords  26 

Low-cost sensor  Multiple scenarios  Pollutant concentration  Outlier detection  Sensor performance  27 

Time-series 28 

1. Introduction 29 

Industrial development produces a large number of pollutants that can affect human and ecological 30 

communities. Epidemiology and animal studies have shown that long-term exposure to industrial 31 

pollutants may lead to laryngeal cancer, pneumonia and other respiratory diseases, which seriously 32 

endanger workers' health (Massin et al. 1996). In addition, the emission level of pollutants is different in 33 

various working conditions, which poses a potential threat to the health of workers exposed to pollutants 34 



2 

 

(Heyder et al. 1986). Due to their effect on our health, the follow-up of information on pollution is 35 

becoming more and more important (Sanchez-Lasheras et al. 2020). In principle, the limited measured 36 

concentrations can be used to estimate the likelihood exposure distribution (Hsu et al. 2012). The sensor 37 

monitoring system can provide us with automatic measurement of pollutant concentration. However, 38 

large-scale deployment and limited budget usually restrict the choice of sensor hardware, which usually 39 

reduces the accuracy and reliability (Barcelo-Ordinas et al. 2019; Pineiro Di Blasi et al. 2015). In the 40 

process of pollutant concentration monitoring in the industrial field, outliers caused by low-cost sensors 41 

(Ottosen and Kumar 2019; Zhang et al. 2020), which are widely used to reduce deployment costs, must 42 

be identified and eliminated to ensure data quality (Malings et al. 2019).  43 

In view of the complexity and variability of the factory environment, the research on the low-cost 44 

sensor outlier detection algorithms is far from enough. Existing mature outlier detection algorithms were 45 

typically built for specific scenarios, and their optimization objectives and detection results depend on 46 

the characteristics of the monitoring data. However, in a more general industrial production process, 47 

operating conditions are constantly changing, and on-site monitoring concentration data will show 48 

obviously different characteristics. No single-outlier detection algorithm can achieve optimal results for 49 

all data types (Aggarwal and Sathe 2017; Chen et al. 2018). A typical example is that the outlier detection 50 

algorithm suitable for stable working conditions is difficult to adapt to the new features of the data after 51 

working conditions change, such as frequent oscillations and periodic fluctuations (Dong and Jia 2020). 52 

When the monitoring scene changes, the situation gets worse. Thus, a low-cost sensor matched with a 53 

particular single-outlier algorithm may effectively detect outliers in one scenario, but be entirely 54 

ineffective when the data characteristics change, thus the single-outlier algorithm cannot be in common 55 

use in different scenarios (Calikus et al. 2020; Yang et al. 2018). Besides, the selection of a matching 56 

algorithm and the migration of deployment scenarios require large amounts of expert advice and 57 

extensive algorithm testing (Hui et al. 2018). Therefore, detecting outliers in such continuously changing 58 

temporal data has received increasing attention from both the industry and the scientific community. 59 

 The above fact motivates the need for developing a combination of algorithms instead of seeking 60 

for the “one” that is suitable all the time. Wu et al. (2018) have achieved the automatic detection of 61 

different outlier types, but their study lacks experimentation with data sets for different scenarios. Calikus 62 

et al. (2020) have reviewed the basic tasks of outlier detection, and analyzed the algorithm combination 63 

strategies suitable for different outlier types from the perspective of algorithm principles. Their research 64 

inspires us to match high-performance outlier detection algorithm with various typical data types 65 

according to the data characteristics, and integrate the algorithms into a unified framework. Table 1 66 

summarizes some previous studies on outlier detection algorithms for three typical data types. Data types 67 

1-3 are usually processed by density-based, (Breunig et al. 2000; Sharma et al. 2011) statistics-based 68 

(Garoudja et al. 2017; Madakyaru et al. 2017) and prediction-based (Wang and Ahn 2020) methods, 69 

respectively. A sliding window can dynamically learn the stage characteristics of time series and update 70 

the model parameters (Wang et al. 2010). An algorithm based on machine learning evaluates abnormal 71 

behavior through regression and prediction, but the collection of labeled data sets is usually difficult in 72 

practical application (Campos et al. 2016; Chen-Chia Chen 2018). In this paper, a unified outlier 73 

detection framework includes the above-mentioned algorithms which are suitable for three typical data 74 

types. Low-cost sensors built with this framework can be migrated and commonly used in multiple 75 

scenarios. 76 

 77 

Table 1 Studies on outlier detection for three typical data types are compared according to characteristics, 78 
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source, data description and algorithm.   79 

Data type Characteristic Detection object Algorithm 

Datatype 1 

Due to the interference of random 

factors, the time series has an 

operational trend of steady-abrupt 

alternation. The extreme range of the 

data set is large, but most points 

fluctuate near the mean value, and a 

few pulse peak points will not cause a 

large standard deviation. 

Particulate 

pollutants (Ayadi et 

al. 2015) 

Density-based LOF 

environmental 

pollutant (Breunig 

et al. 2000) 

Density-based LOF 

Sudden abnormal 

events (Guan et al. 

2015) 

Density-based SLOF 

Datatype 2 

Time series fluctuates frequently and 

randomly within the whole fluctuation 

range, so it is difficult to predict its 

fluctuation law by establishing a 

model. The data set has a large 

standard deviation, but it follows a 

certain statistical distribution in the 

sliding window. 

Ground observation 

data (Durre et al. 

2010) 

Statistic-based ZScore 

environmental 

pollutant (Wu et al. 

2018) 

Statistic-based ZScore 

Workshop oil mist 

(Long and Wang 
2020) 

Statistic-based Pauta 

environmental 

pollutant (Ottosen 

and Kumar 2019) 

Statistic-based knn 

Datatype 3 

The trend of the time series is gentle, 

and it often has a periodic nature, 

which can be predicted by the 

established model. The data set 

fluctuates slowly up and down from the 

mean value, with large variance but 

low oscillation frequency, and only 

slight oscillation is noticeable on close 

examination. 

Meteorological 

parameter 

monitoring 

(Arumugam and 

Saranya 2018) 

Context-based ARIMA 

environmental 

pollutant 

(Aljoumani et al. 

2018) 

Context-based ARIMA 

Soil water content 

(Aljoumani et al. 

2012) 

Context-based ARIMA 

 80 

In addition, some scholars have proposed a residual method based on the trend fitting of the original 81 

data before outlier detection, and the residual of the observed value and the fitted value is taken as the 82 
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object of the outlier identification algorithm (Wu et al. 2018). Observations with large residuals are more 83 

prone to be marked as outlier candidates. The introduction of residuals can reduce false positives and 84 

missed detections in the process of outlier detection. Trend fitting methods are based on different 85 

algorithm, including signal decomposition (Li et al. 2020; Rhif et al. 2020), data prediction (Khalid et al. 86 

2020; Valenzuela et al. 2008) and machine learning (Qiu et al. 2020; Yang et al. 2019). It is worth noting 87 

that in the process of outlier detection for some data types, the algorithm can be directly applied to the 88 

observed data to obtain better results. Therefore, this step in the framework is not mandatory, and depends 89 

on the comparative analysis of the specific data characteristics. An additional challenge is the automatic 90 

identification of the above three data types in practical application. This step is the key to matching high-91 

performance outlier detection algorithms based on data characteristics. No scholar has studied the outlier 92 

detection algorithms from this point of view, in order to expand the application scenarios of low-cost 93 

sensors. This paper will provide some new ideas in this regard. 94 

Starting from the actual needs of on-site monitoring in the industrial field, this paper reviews the 95 

literature of outlier detection algorithms for three typical data types, and develops a research on outlier 96 

detection framework applicable to low-cost sensors in multiple scenarios. Our framework provides a 97 

common process for three types of data, which can automatically identify data types and use a modular 98 

structure to complete anomaly detection tasks. The five relatively independent steps in the framework 99 

provide a higher degree of freedom for adjusting the algorithm combination strategy to adapt to different 100 

data characteristics. We have implemented 8 different algorithm combination strategies, and carried out 101 

extensive comparison and analysis on three types of real data sets to evaluate the applicability of the 102 

algorithm from the perspective of data characteristics.  103 

The framework and algorithm are described in Section 2. Next, Section 3 introduces the validation 104 

of the model in real datasets, and the applicability of the selected algorithms is discussed. Finally, Section 105 

4 presents the conclusions of this study and their significance. 106 

2. Multi-scenario outlier detection framework 107 

In this section, we introduce a framework of outlier detection which can be applied to three typical data 108 

types. It will extract the basic steps from the existing single outlier detection algorithm and combine it 109 

into a unified process as a general process that can be applied to multi-scene outlier detection including 110 

typical data types. 111 

2.1 Overview of the framework 112 

The framework of outlier detection proposed in this paper can be applied to the three typical data types 113 

in various scenarios, including five main steps, namely: feature extraction, type recognition, trend fitting, 114 

outlier recognition and gap filling. The first step, feature extraction, is to extract effective features from 115 

the original data and weaken the interference brought by outliers, thus becoming an important basis for 116 

data classification. The second step, type recognition, classifies the original sequence according to the 117 

feature difference, and prepares for matching the high-performance outlier detection algorithms. The 118 

third step, trend fitting, uses residual error to characterize the difference between the observed value and 119 

the fitted trend, which can adapt to the alternating or periodic changes of original data. This step is not 120 

compulsory. The fourth step, outlier recognition, is to measure each observation value and quantifies the 121 
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"inconsistency" of the observation point. Fifthly, gap filling, which replaces the points identified as 122 

abnormal with values suitable for the context, so as to improve the data quality. 123 

The framework is designed based on the concept of "separation of concerns", in which the algorithm 124 

components of each step are independent and serve different purposes. In the process of outlier detection 125 

of three typical data types, according to the characteristics of differentiated data, the most suitable 126 

processing strategy is selected for each step, and the combination of high-performance algorithms under 127 

the framework of outlier detection is realized. When the framework is used in three data types in different 128 

scenarios, it only needs to reorganize the corresponding algorithm components according to the data 129 

characteristics, without changing other parts of the framework, such as the example in Section 3. The 130 

relatively independent settings of each step in the framework also provide a basis for the experiment and 131 

evaluation of more matching methods, so that the adaptability of each step's algorithm selection to the 132 

data features can be introduced from the perspective of algorithm principle and unique feature analysis, 133 

and then it is verified that the algorithm combination strategy of the three typical data types in this paper 134 

are optimal, as shown in Section 3.3. 135 

2.2 Introduction of the algorithm 136 

This section gives a high-level overview of the algorithm components in each of the core steps in 137 

the framework, and introduces the basic principles of the algorithm and the interface between the 138 

steps. 139 

Step1 feature extraction 140 

Generally speaking, feature extraction of data includes automatically converting observed data into 141 

representations or features, which can be effectively used in outlier detection tasks. Extraction of data 142 

features can capture important clues about context association of time series and key features related to 143 

outlier detection objects. The main purpose of this step is to extract the characteristic sequence which 144 

can reflect the trend of the original data and the quantitative index which can measure the periodicity and 145 

volatility of the data, so as to help distinguish the data types. 146 

Outliers doped in raw data sets will have an impact on the overall characteristics. Furthermore, there 147 

are obvious differences in sequence fluctuation intervals in different usage scenarios (Quispe-Coica and 148 

Perez-Foguet 2020). These interference factors must be eliminated by pretreatment (Bin et al. 2012). In 149 

this paper, the discrete wavelet transform (DWT) is used to decompose the original sequence in the 150 

frequency domain, which can reflect the local characteristics of data (Zhang et al. 2017). The low-151 

frequency component is regarded as the operational trend of the original data. Next, the operational trend 152 

is dimensionless processed by normalization, and then the characteristic sequence is obtained. The two 153 

indicators that quantitatively describe the data dispersion and volatility are standard deviation and 154 

oscillation coefficient. The calculation methods of them are given below. Pseudo-code 1 shows the 155 

logical expression of the algorithm in Step 1. 156 

Definition1 Generate characteristic sequence 157 

Let 𝑋𝑁 =  {𝑥1 =  (𝑐1, 𝑡1 ), 𝑥2 =  (𝑐2, 𝑡2 ), ⋯ 𝑥𝑁 =  (𝑐𝑁 , 𝑡𝑁 )}  be the time series collected by the 158 

low-cost sensor, where 𝑁  is the number of observation points, 𝑥𝑖 =  (𝑐𝑖 , 𝑡𝑖  )  represents the 159 

observation value 𝑐𝑖 corresponding to 𝑡𝑖. DWT is used to decompose the original signal, and obtain 160 𝑋𝑁 =  𝐷1 + 𝐷2 + ⋯ +𝐷𝑛+𝐴𝑛 . Here 𝐷1, 𝐷2, ⋯ , 𝐷𝑛   are the detailed components. Meanwhile 𝐴𝑛 =161 {𝑎𝑛1, 𝑎𝑛2, ⋯ 𝑎𝑛𝑁} is the approximate component of the 𝑛th layer, which is the main part of the original 162 

sequence. The optimal decomposition level is selected by using singular spectrum analysis (SSA) (Tie 163 
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and Jie 2006). The specific process is introduced in Pseudo-code 1. The operational trend 𝐴𝑛  is 164 

normalized by the mapminmax function (Li et al. 2020), and is used as a characteristic sequence for data-165 

type identification: 166 

 𝑎′𝑛𝑖 = 𝑎𝑛𝑖−min (𝑎𝑛)max(𝑎𝑛)−min (𝑎𝑛) (1) 167 

where 𝑎′𝑛𝑖  is the 𝑖th component of the characteristic sequence after 𝑛-level wavelet decomposition 168 

and normalization. 169 

Indicator1 Standard deviation 170 

In this paper, the standard deviation (𝑠𝑡𝑑) of characteristic sequence is used to describe the discrete 171 

degree of time series, and the calculation formula is: 172 

 𝑠𝑡𝑑 =  √∑ (𝑎′𝑛𝑖−𝑎′𝑛𝑖̅̅ ̅̅ ̅̅ )2𝑁𝑖=1 𝑁  (2) 173 

Indicator2 Oscillation coefficient 174 

In this paper, the oscillation coefficient(𝑜𝑠𝑐𝑙) of characteristic sequence is used to describe the volatility 175 

of time series, which is defined as the number of times that the characteristic sequence crosses the mean 176 

value at a frequency of 1000. 177 

 The data feature extraction method introduced above can weaken the follow-up of operational trend 178 

to outliers, and prevent the abnormal features of outliers from causing the sensitivity of type recognition 179 

to drop. The normalization process can construct a characteristic sequence so that each type of data can 180 

be unified in the same range independently of the scenario. In this way, the combination of characteristic 181 

sequence and two quantitative indicators can characterize the overall characteristics of the original data, 182 

which is the basis of identifying three typical data types. 183 

 184 

 185 

Step2 Type recognition 186 

When the application scenarios and working conditions of low-cost sensors change frequently, it is 187 
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necessary to identify the corresponding data type according to the constantly updated features. The core 188 

task of this step is to focus on how to accurately identify the three typical data types, ensure that they are 189 

classified correctly, and provide the premise and foundation for matching high-performance algorithm 190 

strategies. 191 

Recognition of the three typical data types is essentially a classification problem. As a classical 192 

classification model, back propagation neural network (BP neural network) has been widely used. In this 193 

paper, a neural network model is established to identify data types. Sample data sets containing three 194 

typical data types are used as the basis of establishing the model. The training set and test set are divided 195 

according to the Pareto rule, and stratified sampling is strictly used for segmentation (Matei and Bruno 196 

2015). According to step 1, the key feature（𝐴𝑛′ , 𝑠𝑡𝑑 𝑎𝑛𝑑 𝑜𝑠𝑐𝑙） are extracted from each sample in 197 

the data set as the input of the neural network. The output of the model is the data type, so that automatic 198 

classification can be realized. The process of type recognition is shown in Fig.1. 199 

 200 

 201 

Fig.1 The framework of the type recognition step shows the input, output and structural settings of the 202 

neural network model. 203 

 204 

The selection of parameters has a significant impact on the classification effect of neural network 205 

model. Parameters in the model include the number of hidden neurons, learning rate and iteration times. 206 

Besides, regularization parameters are introduced to prevent over-fitting. A grid search is performed to 207 

optimize parameter values in our model (Xu et al. 2020). The above four parameters are combined within 208 

a certain search range, and the optimal combination is determined by comparing the model effects under 209 

different combinations of parameters. 210 

Step3 Trend fitting 211 

Traditional outlier detection algorithm works directly on the observed values, which often identify the 212 

normal fluctuations of data as outliers. In addition, due to the influence of the change trend, the algorithm 213 

is not sensitive to real outliers in the stationary phase. In order to overcome this limitation, we have added 214 

a trend fitting step to the framework. By using the method of Definition 2 to generate the residual 215 

sequence, the observations with large residual are more easily marked as outliers. The two trend fitting 216 

algorithms included in the framework are algorithm 1 based on signal decomposition and algorithm 2 217 

based on prediction. 218 

Definition2 Calculate the residual sequence 219 𝑓𝑖𝑡_𝐶𝑁 =  {𝑓𝑖𝑡_𝑐1, 𝑓𝑖𝑡_𝑐2, ⋯ , 𝑓𝑖𝑡_𝑐𝑁 }   is the operational trend of the original data fitted by 220 

Algorithm 1 or Algorithm 2, in which 𝑓𝑖𝑡_𝑐𝑖 is the fitted value corresponding to the 𝑖th observation. 221 

The generation method of residual sequence 𝑅𝑁 = {𝑟1, 𝑟2, ⋯ , 𝑟𝑁} is as follows: 222 

 𝑟𝑖 =  𝑐𝑖 − 𝑓𝑖𝑡𝑐𝑖 ,   𝑖 = 1,2, ⋯ , 𝑁 (3) 223 

Algorithm1 (Signal decomposition-based method) 224 
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The wavelet transform is a commonly used tool in the field of signal decomposition. This method obtains 225 

different modes of signals by constructing an orthogonal wavelet filter bank, which can adapt to data 226 

with non-stationary characteristics (Cekim 2020; Gilles 2013). The signal decomposition method is 227 

included in Definition 1. 228 

Algorithm2 (Prediction-based method) 229 

The prediction-based method uses the historical data of the sequence to make predictions. One advantage 230 

of this method is that it takes into account the contextual characteristics of the time series, and has a 231 

better fit for data with a certain periodicity or steady change (Arumugam and Saranya 2018). A widely 232 

used prediction-based algorithm is Autoregressive Integrated Moving Average (ARIMA), which is also 233 

used in this article. In the ARIMA algorithm, the best model parameters are selected by observing the 234 

characteristics of autocorrelation graph, partial autocorrelation graph truncation, and tailing, combined 235 

with the AIC criterion, taking into account the comprehensive optimal configuration of fitting accuracy 236 

and the number of unknown parameters (Soni et al. 2015). 237 

It is worth noting that not all data need residual preprocessing, and this step is not mandatory. When 238 

the original data fluctuates frequently and does not have predictable periodic fluctuations, it is often 239 

difficult to fit its operation trend. In this case, applying the outlier recognition algorithm directly to 240 

observation data may produce better results. 241 

Step4 Outlier recognition 242 

Outlier recognition is to find the observed values that do not conform to normal behaviors in the time 243 

series (Pineiro Di Blasi et al. 2015; Sanchez-Lasheras et al. 2020). Therefore, the characterization of data 244 

inconsistency and the boundary of outlier determination are crucial. Definition 3 sums up the idea of 245 

outlier recognition in the framework. According to the literature review, the three outlier recognition 246 

algorithms included in the framework are density-based Algorithm 3, statistic-based Algorithm 4 and 247 

context-based Algorithm 5. Pseudo-code 2 gives the core idea of outlier detection. 248 

Definition3 Characterization of inconsistency 249 

The degree of abnormal is characterized by assigning parameters 𝑐ℎ𝑎𝑟𝑖  to each observation value 𝑐𝑖. 250 

The preset fluctuation interval of the characteristic parameter is 𝐵𝑜𝑢𝑛𝑑𝑁 =251 {𝑏𝑜𝑢𝑛𝑑1, 𝑏𝑜𝑢𝑛𝑑2, ⋯ , 𝑏𝑜𝑢𝑛𝑑𝑁} , which is determined according to statistical methods or inconsistent 252 

distribution of characteristic parameters. The features of data are updated in the sliding window to adapt 253 

to the change of sequence over time. 𝑏𝑜𝑢𝑛𝑑𝑖 = [𝑏𝑜𝑢𝑛𝑑𝑖,𝑑𝑜𝑤𝑛 , 𝑏𝑜𝑢𝑛𝑑𝑖,𝑢𝑝 ]  indicate the lower and 254 

upper boundaries of the preset fluctuation range of the 𝑖th data. We introduce a threshold scaling factor 255 𝑧  to represent the strictness of the boundary setting. When 𝑐ℎ𝑎𝑟𝑖  falls outside of 𝑧 ∙ 𝐵𝑜𝑢𝑛𝑑𝑖 , the 256 

corresponding observation value is judged as an outlier. 257 

Maximizing the efficiency of outlier detection and improving the performance of the algorithm, 258 

while also meeting actual application requirements, require the selection of reasonably good values for 259 

the threshold scaling factor 𝑧, the calculation window length 𝑘 and other parameters in the combined 260 

algorithm. A grid search is performed to optimize parameter values in our model (Xu et al. 2020). 261 

Parameter pairs (𝑧, 𝑘) are combined freely within the search interval and search step, and the outlier 262 

detection results obtained with the model are compared under different parameter combinations and 263 

degrees of applicability of the model. The optimization goal is to achieve the highest possible accuracy 264 

under the promise of a false positive rate. 265 

Algorithm3（Density-based method） 266 

The density-based method compares the density of the point to be detected with other points in the 267 

neighborhood, so as to adapt to the non-unique characteristic of the data distribution pattern. LOF 268 
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algorithm is one of the representatives. According to the density of adjacent points, it assigns an outlier 269 

factor 𝑙𝑜𝑓𝑖 to each observation. The upper and lower limits of the threshold boundaries are determined 270 

by the box plot. 271 

Algorithm4（Statistic-based method） 272 

The statistic-based method is to identify the points with obvious abnormal statistical characteristics in 273 

the sequence to be detected as outliers. Zscore algorithm is one of the representatives. Here, smoothing 274 

factor 𝑠𝑚𝑜 is introduced to weaken the influence of points that have been identified as outliers on 275 

statistical characteristics. The mean value 𝑎𝑣𝑔𝑖𝑘  and standard deviation 𝑠𝑡𝑑𝑖𝑘  of the calculation 276 

window 𝑙𝑎𝑔𝑖𝑘 = {𝑐𝑖−𝑘, 𝑐𝑖−𝑘+1, ⋯ , 𝑐𝑖−1} are constantly updated with the sliding window (Wang and 277 

Ahn 2020). The method of data smoothing is as follows: 278 

 𝑐𝑗 = {  𝑐𝑗                                                           𝑐𝑗  is normal𝑠𝑚𝑜 ∗ 𝑐𝑗 + (1 − 𝑠𝑚𝑜) ∗ 𝑐𝑗−1         𝑐𝑗  is outlier279 

 (4) 280 

Here, 𝑐ℎ𝑎𝑟𝑖 = 𝑐𝑖 − 𝑎𝑣𝑔𝑖𝑘 is used as a parameter in ZScore algorithm to characterize the inconsistency 281 

of detection points at time 𝑡𝑖, and its fluctuation interval is 𝑏𝑜𝑢𝑛𝑑𝑖 = [−𝑠𝑡𝑑𝑖𝑘，𝑠𝑡𝑑𝑖𝑘]. 282 

Algorithm5（Context-based method） 283 

The context-based method can synthesize historical data characteristics to determine the degree of outlier. 284 

ARIMA algorithm is one of the representatives. This method can not only fit the trend of the original 285 

data, but also give the possible fluctuation range of the predicted value 𝑏𝑜𝑢𝑛𝑑𝑖 =286 [𝑢𝑝𝑙𝑖𝑛𝑒𝑖 , 𝑑𝑜𝑤𝑛𝑙𝑖𝑛𝑒𝑖  ]  based on statistics. Here, 𝑐ℎ𝑎𝑟𝑖 = 𝑐𝑖   is a parameter that characterizes the 287 

inconsistency of the detection point at time 𝑡𝑖. 288 

 289 

 290 

 291 

Step5 Gap filling 292 

After the outliers in the original data are detected, the vacancies in the abnormal positions need to be 293 

smoothly filled. For short gap filling, linear interpolation exhibits the best performance (Junninen et al. 294 

2004). Therefore, linear interpolation is used to fill the gaps, thereby improving data quality. 295 
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2.3 Strategy of algorithm combination 296 

This paper reviews the outlier detection algorithms for three typical data types, and proposes the most 297 

effective algorithm combination strategy in Step 3 and Step 4, which is integrated into the outlier 298 

detection framework. According to the characteristics of sharp value of pulse in data type 1, wavelet 299 

transform based on signal decomposition can fit abrupt waveform, and outlier recognition algorithm 300 

based on density can detect local outliers effectively. According to the frequent oscillation of data type 301 

2, the statistics- based outlier recognition algorithm is directly applied to the original sequence, and 302 

outliers with obvious different statistical characteristics are detected. In view of the stable periodic trend 303 

of data type 3, the prediction-based algorithm can fit the original data trend, and the statistic-based 304 

algorithm can detect outliers in details. The specific combination strategies in the framework are shown 305 

in Table 2. Low-cost sensors built with this framework and algorithm combination strategy can be 306 

migrated and commonly used in three typical data types. Fig.2 is the framework of outlier detection 307 

proposed in this paper. 308 

 309 

Table 2 The outlier detection strategy suitable for three typical data types shows the combination of the 310 

algorithms of step 3 and step 4 under the framework. 311 

Data type Strategy Step3 Step4 

Datatype1 W-D Signal decomposition-based Density-based 

Datatype2 N-S No need for this step Statistic-based 

Datatype3 P-S Prediction-based Statistic-based 

 312 

 313 

Fig.2 Multi-scene outlier detection framework suitable for three typical data types includes five core 314 

steps to automatically improve data quality. 315 

3. Multi-scenario experiments and model verification 316 

3.1 Preparation of data set 317 

Low-cost sensors were deployed in a factory to collect real data sets for the above three typical data types. 318 

Sensors monitor the concentration of oil fume and oil mist in different production links and the 319 

concentration of PM 2.5 in the workshop. The difference of data characteristics is necessary to construct 320 
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an original data set which contains three typical data types in various scenarios.  321 

In accordance with the actual requirements for monitoring in the production process, the sampling 322 

frequency of PM2.5 data in the air was once per minute, and that of oil mist data in the factory was set 323 

at once every ten minutes to reflect the changes in concentration. For the oil fume data, the concentration 324 

peaked immediately when the fume-producing equipment started running, and then decreased rapidly in 325 

the steady-state. Therefore, the sampling frequency needed to be increased to five times per minute to 326 

accurately reflect the instantaneous change in oil fume concentration. After visual analysis, a basic data 327 

set containing 150 sample sequences of 150,000 observation points was established, thus covering three 328 

typical data types comprehensively and evenly. 329 

It is worth noting that although the basic data set is the data of oil fume, oil mist and PM2.5 330 

concentration from real factories, in the subsequent data type recognition process, we did not pay 331 

attention to the source and practical significance of the data, but only analyzed the data from the 332 

perspective of signal decomposition and feature extraction, which can represent the characteristics of the 333 

three typical data types. Therefore, the model built in this paper based on the basic data set still has wide 334 

applicability in multiple scenarios. 335 

3.2 Analysis of experimental results 336 

Firstly, automatic classification model is established for three typical data types. According to the 337 

stratified sampling method, 150 marker sample sequences are divided into 80% training set and 20% test 338 

set. After feature extraction for each sample sequence, two characteristic indicators and a characteristic 339 

sequence with a dimension of 1000 can be obtained. The input and output dimensions of the neural 340 

network model can be determined as 1002 × 120 and 1002 × 3, respectively. A neural network model 341 

with a hidden layer has been built. The model parameters determined by grid search are shown in Table 342 

3. The accuracy of this model on the training set can reach 100%. After the cross-validation of the test 343 

set, the classification accuracy of this model can reach 93.33%, and it can effectively distinguish three 344 

typical data types. 345 

 346 

Table 3 Optimal model parameters of neural network obtained by grid search 347 

Parameters Optimal value 

Neurons 21 

Lambda 0.1 

Learnrate 0.007 

Iteration 25000 

 348 

The framework proposed in this paper is applied in a variety of industrial scenarios to process real 349 

oil fume, oil mist and PM2.5 data, and the model's outlier detection and quality improvement effects are 350 

verified. After the singular spectrum analysis of the original data, the optimal decomposition level of the 351 

wavelet transform for the three typical data types is determined to be level 4. The operational trend of 352 

the three types of data is shown in Fig.3. 353 
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 354 

Fig.3 Three types of original sequence operational trend extraction: a oil fume, b oil mist, c PM2.5. 355 

 356 

There are obvious outliers in the original sequence of the three types of data, but the operational 357 

trend extracted by the wavelet transform has less followability, which can effectively eliminate the 358 

influence of outliers. The operational trend is normalized into characteristic sequence, and the result is 359 

shown in Fig.4. The two classification indicators are calculated as described in Step 1, and the result is 360 

shown in Table 4. 361 

 362 

 363 

Fig.4 The feature sequence diagrams of three types of original data sets are used to demonstrate the 364 

effect of wavelet transform and normalization processing. 365 

 366 

Table 4 Two calculated characteristic indicators for three typical data sets. The unit of the 𝑜𝑠𝑐𝑙 is %. 367 
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Indicator Oil fume Oil mist PM2.5 𝑠𝑡𝑑 0.12 0.18 0.22 𝑜𝑠𝑐𝑙  0.90 1.70 1.10 

 368 

The extracted features are input into the BP neural network model, and the type recognition results 369 

of the above three groups of real data are as follows: oil fume data belongs to data type 1, oil mist data 370 

belongs to data type 2, and PM 2.5 data belongs to data type 3. Next, three typical data types are matched 371 

with high performance algorithms. The outlier detection results of three groups of data are shown in Fig.5. 372 

 373 

374 

Fig.5 Outlier detection results for three types of original data sets: a oil fume, b oil mist, c PM2.5. 375 

 376 

It is clear that the combined model can be adapted successfully to the different characteristics of the 377 

three typical data types. The detected outliers are evenly distributed, which conforms to the actual outlier 378 

situation when low-cost sensors are used. For short gap filling, linear interpolation exhibits the best 379 

performance (Ottosen and Kumar 2019). The sequence after filling is shown in Fig.6. After processing, 380 

the data is relatively smooth, and there are no obvious outliers; this result meets the actual monitoring 381 

needs. 382 

 383 
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 384 

Fig.6 Gap-filling results for three types of original data sets: a oil fume, b oil mist, c PM2.5.  385 

 386 

To verify the effectiveness of our model in multi-scenario applications, we needed to test the 387 

model’s adaptability and quantitatively evaluate its performance. Validation of the model is achieved 388 

through quantitative evaluation of labeled data sets. The filled sequence is regarded as normal labeled 389 

data, and six groups of outliers with different deviation rates are randomly inserted as outlier labeled data 390 

to simulate small and gross errors that may occur in the actual monitoring process with low-cost sensors. 391 

Table 5 summarizes the deviation rate of 120 outliers inserted in each group. The detection results of 392 

outliers are represented by the confusion matrix shown in Table 6. Among them, false negative (FN) 393 

indicates that a data point whose label is an outlier is judged as a normal point, and false positive (FP) 394 

indicates that a data point whose label is normal is judged as an outlier. 395 

 396 

Table 5 six groups of outliers with different deviation rates 397 

Groups of outliers 1 2 3 4 5 6 

Deviation rates (%) 10 -10 30 -30 50 -50 

 398 

Table 6 Confusion matrix for outlier detection 399 

Label Detected as outlier Detected as normal 

Outlier True Positive (TP) False Negative (FN) 

Normal  False Positive (FP) True Negative (TN) 

 When the application framework performs outlier detection on the generated labeled data set, a grid 400 

search is used to determine the optimal parameters. The length of the calculation window is set to  𝑘 =401 {5,6, ⋯ ,20}, and the threshold scaling factor to 𝑧 = {1,1.5, ⋯ ,5}. Under the premise of setting the 402 

global false positive rate limit to 8-15%, the outlier detection results of the model in the three sequences 403 
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are shown in Fig.7, and the outlier detection accuracy under different deviation rates is shown in Table 404 

7. 405 

 406 

 407 

Fig.7 Outlier detection results for three types of labeled data sets: a oil fume, b oil mist, c PM2.5. 408 

 409 

Table 7 The accuracy of outlier detection under different deviation rates. 410 

Data type 1 2 3 4 5 6 

Datatype 1 70% 84% 66% 90% 68% 96% 

Datatype 2 55% 65% 60% 65% 70% 75% 

Datatype 3 75% 85% 60% 80% 85% 90% 

 411 

In the grid-search process, the correlation between the calculation window length 𝑘, the threshold 412 

scaling factor 𝑧 and the detection result can be obtained through quantitative evaluation. Fig.8 and Fig.9 413 

are the results of a grid search under outlier group 5 with Type 3 data as an example. An increase in 𝑧 414 

indicates that the boundary of outlier determination is relaxed, and the probability of an outlier’s being 415 

correctly detected decreases. When 𝑘 increases, the false positive rate has a downward trend, while the 416 

false negative rate increases. The above results confirm the importance of reasonable selection of 417 

parameters in the outlier detection model. 418 
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 419 

Fig.8 The 5th group of outliers of Type 3 data is shown here as an example of the variation in outlier 420 

detection accuracy rate with z under different k values in the grid-search process. 421 

 422 

 423 

Fig.9 The 5th group of outliers of Type 3 data is shown here as an example of the variation in the FP and 424 

FN rates for outlier detection with k under different z values in the grid-search process. 425 

 426 
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Now we define four adaptability evaluation indicators: sensitivity, specificity, positive prediction 427 

value (PPV) and negative prediction value (NPV) (Liu et al. 2014; Yu et al. 2014), which represent, 428 

respectively, the proportion of correctly detected outliers, the proportion of correctly detected normal 429 

points, the proportion of true outliers detected among all outliers detected, and the proportion of true 430 

normal points detected among all normal points detected. Based on the above test results, the adaptability 431 

evaluation indicators for the three typical data sets are summarized in Table 8. 432 

 433 

Table 8 Calculation results for the four adaptability evaluation indicators in our model for the three 434 

typical data sets. 435 

Datatype Sensitivity (%) Specificity (%) PPV (%) NPV (%) 

Datatype1 79 92.1 34.4 98.8 

Datatype2 65.8 85.1 35.8 94.1 

Datatype3 79.2 85.1 42.0 96.8 

 436 

The specificity indicator directly reflects the limit of the false positive rate in the grid-search process. 437 

Sensitivity characterizes the overall accuracy of outlier detection in the labeled data set we are using. 438 

The sensitivity of model detection for Type 1 and Type 3 data can be close to 80%, while the sensitivity 439 

for Type 2 data is lower. When the specific analysis of the detection accuracy of outliers is combined 440 

with the different deviation rates mentioned above, it can be seen that since the small outliers with a low 441 

deviation rate of ±10% in the Type 2 data are mixed with normal points, the ZScore algorithm can easily 442 

miss them, leading to an overall reduction in sensitivity. Meanwhile, the NPV indicator is close to 100% 443 

for all data types, indicating that the model is reliable in detecting outliers. The PPV was low overall 444 

because the model in this paper allows a certain level of false positives, which is acceptable in the actual 445 

production and application process. The labeled data set contains a large sample-point base, and few 446 

outliers were inserted, which leads to a sharp drop in the PPV under the existing false positive rate. The 447 

model uses linear interpolation to fill the gaps, and the interpolation can still be kept within a fluctuation 448 

range that is normal for the context. After filling, the time series is smoother, meeting the actual 449 

monitoring needs, and it can effectively detect outliers and improve the overall data quality. In addition, 450 

when the model is combined with experimental analysis, obvious outliers such as the interrupted zero 451 

value of the original data and the extremely high value of the sensor error can be detected correctly. Thus, 452 

the actual effectiveness of the model will be higher than that of the quantitative detection. 453 

3.3 Comparison of strategies 454 

To verify that the algorithm combination strategy proposed in this paper is optimal, we further compare 455 

the application effects of other strategies in three typical data types. Under the framework of outlier 456 

detection, the different algorithms in Step 3 and Step 4 are matched with each other, and 8 different 457 

combination strategies are obtained, which are listed in Table 9. Quantitative evaluation indicators are 458 

used to evaluate the applicability of each strategy, and the comparison of detection accuracy is shown in 459 

Fig.10. Our strategy is clearly efficient for the three typical data types. 460 

 461 

Table 9 List of 8 combined strategies under the framework of outlier detection. 462 

Strategy Step3 Step4 
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P-S Prediction-based Statistic-based 

P-D Prediction-based Density-based 

W-D Signal decomposition-based Density-based 

W-S Signal decomposition-based Statistic-based 

W-C Signal decomposition-based Context-based 

N-D No need for this step Density-based 

N-S No need for this step Statistic-based 

N-C No need for this step Context-based 

 463 

 464 

Fig.10 Comparison of outlier detection accuracy rates of 8 strategies in three typical data types 465 

 466 

Considering that difficulty and diversity levels can vary greatly between datasets and evaluation 467 

metrics, it is unfair to directly compare quantitative evaluation indicators of different data types. 468 

Considering this, we introduce the concept of “relative performance”, which is calculated by taking the 469 

average difference between the absolute performance of this strategy and that of all the other strategies 470 

(Calikus et al. 2020). The relative performance calculation formula is as follows. 471 

 𝑅𝑒𝑙𝑑𝑀 =  1|𝑆𝑑| ∑ ∑ 𝑠−�̂��̂�∈𝑆�̂�max(𝑆𝑑∪𝑆�̂�)−min(𝑆𝑑∪𝑆�̂�)𝑠∈𝑆𝑑  (5) 472 

Where 𝑑 is a target data set, 𝑆 is the absolute performance list under method 𝑀 , and �̂� is the list of 473 

absolute performance of other methods. Table 10 shows the relative performance of these 8 strategies in 474 

the three typical data types. 475 

 476 

Table 10 Calculate relative performance on three typical data types and compare algorithm combination 477 

strategies. 478 

Strategy Relative sensitivity Relative specificity Relative PPV Relative NPV 

1 - N - D 3.82 2.04 10.39 2.93 

1 - N - C -10.73 -7.25 -53.61 -3.88 

1 - N - S 4.48 0.89 9.44 3.64 

1 - P - D -6.30 -0.09 -12.72 -2.14 

1 - P - S -4.54 0.60 -6.94 -1.65 

1 - W - D 4.69 1.18 10.16 3.87 



19 

 

1 - W - C -26.85 0.89 -43.54 -4.38 

1 - W - S 1.85 1.09 5.43 1.26 

2 - N - D -7.50 1.03 -7.65 -2.75 

2 - N - C 1.62 -2.85 -4.39 0.42 

2 - N - S 6.95 -1.78 4.69 5.26 

2 - P - D -15.23 5.34 2.88 -3.39 

2 - P - S 3.06 -2.85 -1.96 1.86 

2 -W -D -1.75 5.27 11.20 0.42 

2 - W - C -2.19 -3.59 -12.73 -2.32 

2 - W - S 0.63 -1.87 -3.96 0.21 

3 - N - D -7.94 -0.58 -6.96 -4.26 

3 - N - C 0.12 -2.69 -4.99 -0.59 

3 - N - S 4.30 -2.44 -1.57 3.30 

3 - P - D -8.57 4.40 3.50 -3.48 

3 - P - S 5.15 -2.44 -0.99 4.20 

3 -W -D -1.95 5.93 8.21 -0.40 

3 - W - C -1.60 -0.97 -3.54 -1.35 

3 - W - S 3.18 -2.44 -2.42 2.21 

 479 

We can see the advantages of the combination strategy adopted by this model for the three typical 480 

data types. Under the premise of global false positive rate limit, outlier detection pays more attention to 481 

sensitivity and negative predictive value, which have the highest scores under the strategy selected in 482 

this paper, and the corresponding specificity and positive predictive value also perform well. On the other 483 

hand, the data type identification step in the outlier detection framework is crucial for subsequent 484 

algorithm matching. The accuracy of the automatic classification model in this paper can reach 93.3%, 485 

and the decrease in the relative sensitivity of the model caused by the judgment error is also controllable, 486 

as shown in Table 11. This result strongly validates the effectiveness of this framework and the 487 

superiority of the strategy. 488 

 489 

Table 11 The degree of decrease in the relative sensitivity of outlier detection caused by type 490 

recognition errors 491 

Real datatype Detected as datatype1 Detected as datatype2 Detected as datatype3 

Datatype1 0.00% -0.05% -2.05% 

Datatype2 -2.75% 0.00% -1.23% 

Datatype3 -3.52% -0.43% 0.00% 

 492 

According to the characteristics of data type 1, on the premise of keeping normal oscillation by 493 

using wavelet transform, outliers which are obviously different from neighboring points can be detected 494 

by using density-based algorithm of residual sequence. However, the trend fitting algorithm based on 495 

prediction can't reflect the sharp value in data type 1 because it depends on the trend of historical data, 496 

which leads to the normal peak point being judged as abnormal due to its large residual error. Data type 497 

2 oscillates frequently and has no periodic characteristics, which makes it difficult to fit the trend of the 498 

original sequence. However, it often has consistent statistical characteristics in the sliding window, so it 499 

is suitable for directly applying the outlier recognition algorithm based on statistics, and updating outliers 500 
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smoothly in time. Prediction-based method can effectively fit the trend of data type 3, and ZScore 501 

algorithm can be used to detect outliers with obvious different statistical characteristics. However, the 502 

residual preprocessing strategy based on wavelet analysis retains some details of the original data, and 503 

weakens the abnormal degree of outliers. Therefore, combined with the algorithm principle and data 504 

characteristics, the outlier detection framework and algorithm combination strategy proposed in this 505 

paper have obvious advantages in dealing with three typical data types. 506 

4. Conclusions 507 

In this research, we creatively match data types with high-performance algorithms from the perspective 508 

of data characteristics. The framework we proposed can be applied to three typical data types to complete 509 

outlier detection tasks in multiple scenarios in the field of industrial pollutant monitoring. Five mutually 510 

independent core steps are used to solve the basic tasks in outlier detection, which can automatically 511 

identify data types and match the highest performance algorithm combination strategy for each data type. 512 

The quantitative evaluation of the model in this paper was carried out on the actual data of the factory, 513 

and the relative performance of the traditional single outlier detection algorithm and other combination 514 

strategies in the framework were compared in the data set. For the pollutant monitoring process that is 515 

not included in the three typical data types, it is necessary to further consider the most suitable outlier 516 

detection algorithm. The following conclusions can be drawn from our research: 517 

(1) The characteristic sequence obtained by wavelet transform and the two indicators representing 518 

discreteness and volatility can form a feature vector to distinguish data types. The classification accuracy 519 

of the parameter-optimized BP neural network model can reach 93.3%, and the degradation of outlier 520 

recognition performance caused by classification errors can be controlled within 3.52%. The results 521 

shows that the data type identification step can cope with the scene migration and the change of working 522 

conditions in the process of pollutant monitoring, and provide reliable guarantee for the adaptive 523 

adjustment of outlier detection strategy. 524 

(2) The combined outlier detection model adopts corresponding algorithms for different data types: the 525 

wavelet transform and the density-based LOF algorithm for Type 1 data, and a sliding window and the 526 

statistics-based ZScore algorithm for Type 2 data. On this basis, the LOF model combines with the 527 

context-based ARIMA algorithm to process Type 3 data. Under the premise of an 8–15% false positive 528 

rate limit, our model can increase the outlier detection accuracy of the three typical data types to 70–529 

90%, which is better than the accuracy of other algorithm combination strategies in the framework. 530 

(3) The outlier detection framework includes two main parameters: the threshold scaling factor 𝑧 and 531 

the calculation window length 𝑘, which have an important impact on the data quality improvement in 532 

the actual pollutant monitoring process. A grid search can be used to determine the best values of these 533 

parameters, and the search target must be determined according to the false positive rate required by 534 

actual monitoring. 535 
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Figures

Figure 1

The framework of the type recognition step shows the input, output and structural settings of the neural
network model.

Figure 2

Multi-scene outlier detection framework suitable for three typical data types includes �ve core steps to
automatically improve data quality.



Figure 3

Three types of original sequence operational trend extraction: a oil fume, b oil mist, c PM2.5.



Figure 4

The feature sequence diagrams of three types of original data sets are used to demonstrate the effect of
wavelet transform and normalization processing.



Figure 5

Outlier detection results for three types of original data sets: a oil fume, b oil mist, c PM2.5.



Figure 6

Gap-�lling results for three types of original data sets: a oil fume, b oil mist, c PM2.5.



Figure 7

Outlier detection results for three types of labeled data sets: a oil fume, b oil mist, c PM2.5.



Figure 8

The 5th group of outliers of Type 3 data is shown here as an example of the variation in outlier detection
accuracy rate with z under different k values in the grid-search process.



Figure 9

The 5th group of outliers of Type 3 data is shown here as an example of the variation in the FP and FN
rates for outlier detection with k under different z values in the grid-search process.



Figure 10

Comparison of outlier detection accuracy rates of 8 strategies in three typical data types


