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Abstract 

Production data is an important part of industrial big data. Production data has three 
significant characteristics: electronic tags are read by readers, missed, misreaded, etc; 
the amount of data is large and the growth rate is fast; the characteristics of data and 
Manufacturing workshop operations are inseparable. The above characteristics cause 
the collected sample data to contain a lot of incomplete, abnormal, duplicate and other 
dirty data. Aiming at the above problems, this paper proposes a clustering-based 
production data cleaning model. The model is divided into three aspects: first, clustering 
based on improved k-means to obtain sample clusters; secondly, an anomaly detection 
and elimination algorithm is designed based on the clustering; finally, redundant data 
detection and elimination algorithms are designed. Through the data cleaning 
experiment analysis on the data of a certain auto parts manufacturing workshop, the 
accuracy and efficiency of the cleaning model were verified. 
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1. Introduction 

The popularity of the Industrial Internet of Things, the development of digital technology, and the 

development of modern computing capabilities make big data analysis face huge challenges in all 

walks of life. Manufacturing has also been greatly affected. First of all, the development of 

information technology has fundamentally changed the production mode, and the manufacturing 

process in manufacturing has become more and more complicated and full of uncertainty [1]. 

Secondly, the development of the Internet of Things and sensor technology has led to a rapid growth 

of data extracted from the intelligent manufacturing process. These data cover all elements, processes, 

and businesses related to production. These data present complex, multi-source, and diverse structural 

features [ 2]. The size of the data set has exceeded the scope of current database software management, 

storage, and analysis. Then, data mining refers to mining hidden information from data. Big data 

brings challenges to traditional data mining techniques. Finally, real-time changes in demand have 

led companies to adopt new technologies to respond. For example, predict product quality, evaluate 

product defect rate, and find production faults in a short time [3]. 

Data analysis in the manufacturing process has attracted more and more attention. Data quality is one 

of the most important issues in data analysis, and dirty data can lead to erroneous data analysis results 

and incorrect business decisions. At present, the common data cleaning tasks mainly include four 

categories: data outlier detection, data conversion, data error repair, and data duplicate detection and 

deletion [4]. One of the biggest problems with data collected by sensors is low quality. Improving 

data quality has always been a hot topic in data mining research in the industrial field. The quality 

problems of industrial production data are mainly concentrated in two aspects, namely the detection 

and elimination of abnormal data and redundant data. Aizhang Guo, Ningning Zhang, and others 

proposed a method for cleaning abnormal data based on the Hadoop platform. This method has 
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achieved good results in terms of speed and accuracy of cleaning. However, this method is limited to 

detecting abnormal data and has no effect on the cleaning of redundant data [5]. Prakashgoud Patil et 

al. Proposed a data redundancy elimination algorithm based on SVM algorithm, which is mainly 

aimed at sensor data. The advantage of the algorithm is to minimize redundant data and eliminate 

erroneous data. But this algorithm does not involve the detection and processing of abnormal data [6]. 

SNM algorithm is a classic algorithm for redundant data detection. The algorithm is simple and easy 

to implement, and the algorithm effect is obvious, so it is widely used. Miao Li, Qiang Xie, etc. 

proposed an optimization algorithm based on the SNM algorithm. By setting the size and speed of 

the sliding window variable to avoid missing record comparisons and reduce unnecessary record 

comparisons, a cosine similarity algorithm is used in attribute matching. To improve the detection 

accuracy [7]. Ningning Zhang, Aizhang Guo et al. Proposed a dynamic fault-tolerant algorithm based 

on effective weights for the shortcomings of the SNM algorithm, which aims to improve detection 

efficiency [8]. Yang qiaqiao researched similar duplicate records in industrial big data. The improved 

SNM algorithm has improved the detection accuracy and efficiency in identifying similar duplicate 

records. It also validates the application of similar duplicate record recognition algorithms in 

industrial big data value [9]. 

According to the above difficulties in cleaning production data, this paper proposes a big data cleaning 

model based on grouping and clustering. The main idea of the model is: First, the concept of 

information entropy grouping is added to the k-means clustering algorithm. After clustering, the 

boundary sample recognition algorithm is used to detect abnormal data. After excluding abnormal 

data, the improved SNM algorithm is used to eliminate redundant data on the basis of sample clusters. 

2. Relation Work 

2.1 Quality Analysis of Industrial Data 

In the IoT system, sensor devices are used to collect equipment and machine data. These data involve 

different types, such as environmental data, production data, logistics data, geographic traffic data, 

and so on. It has four significant characteristics: First, the amount of data is large: In manufacturing 

systems, sensor perception involves all aspects of production, and the amount of data is large and 

growing rapidly. Second, the presence of electronic tags is read more by readers and leaks These 

factors lead to "noise" in the data, such as incomplete, honor, and inaccurate records. Third, the data 

is special: the trajectory data collected by sensors in production is closely related to the complex 

operations of the manufacturing workshop. The correlation is complex [18, 19]. Fourth, time and 

space are highly correlated: IoT sensor data collected by devices at specific locations is marked with 

a volume. The data stream is continuously measured. Spatial and temporal correlations in streams are 

inherent. This is also one of the most critical attributes of a production dataset [3] [15]. Poor data 

quality of the production data set will greatly affect the effect of data use, so it is necessary to clean 

the data. 

2.2 K-means algorithm principle and def 

The k-means algorithm makes the most widely used algorithm in the current clustering algorithm. 

This algorithm uses the distance between data objects as an evaluation index of similarity. The 

clustering process is a continuous loop and iterative process. Clustering of data points and adjustment 

of cluster center points are performed alternately until the cluster center points do not change. The 

final result is high similarity within the same cluster and low similarity between different clusters 

[10]. However, the k-means algorithm also has obvious defects. The clustering effect of the k-menas 

algorithm is affected by the selection of the initial clustering center and the distance calculation 

formula during the iteration. Canopy-kmeans mainly uses the Canopy algorithm to perform coarse 

clustering preprocessing on the data set to quickly calculate k Canopy center points. Then use the 

distance formula to complete the clustering [11, 12]. 
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Although the k-means algorithm is widely used, it is also flawed. The K-means algorithm has two 

disadvantages: one is the influence of the initial cluster center; the other is the influence of distance 

calculation during the iteration. 

2.3 SNM Algorithm Introduction 

2.3.1 SNM Algorithm Princip 

SNM algorithm is a classic redundant data identification and removal algorithm. The idea of the 

algorithm is simple and easy to implement. The effect of the algorithm is more obvious than other 

methods. Therefore, the SNM algorithm is widely used. The basic idea is: first select the key attributes 

and then gather similar records by sorting and then close the positions, then set the sliding window 

according to the sorted result, and detect the data records in the sliding window. The sliding window 

is moved sequentially. If there are similar records in the sliding window, two similar records are 

merged into one. Immediately after the first record of the current window is detected, the next data 

record of the current window is moved in [13]. The schematic diagram of the SNM algorithm is 

shown in Figure 1.  

 

Figure 1. Principle of SNM algorithm 

2.3.2 SNM Algorithm Flow 

The SNM algorithm consists of three key steps: first, create a sort key: first generate the key attributes 

in the dataset, and then use the key attributes as the sort key. Key attributes require strong 

discrimination. The stronger the attribute, the more different records can be distinguished. Second, 

sort the keywords: the entire data set is sorted by the set keyword to collect duplicate records that 

may have similarities, thereby limiting the scope of matching; finally, set the sliding window: After 

the keywords are sorted, a fixed size window w is set. The first record in the window is then compared 

to the remaining W-1 records. After the comparison is completed, the first entry into the window will 

slide out of the window, the last record of the next record will be moved into the window, and then 

W will be used as the next comparison record. The above sliding process is repeated. In the 

comparison process, if the similarity judgment rule is satisfied, the data is deleted. The sliding 

window w is called the window width, which means that W data can be stored. 

2.3.3 SNM Algorithm Defect 

Although the detection rate of the SNM algorithm has been improved, there are still the following 

disadvantages: (1) the number of comparisons with the amount of data to be detected increases, 

making the algorithm less efficient; (2) in the process of judging similar records, weighting Sum to 

get the final similarity. However, in the absence of attributes, the similarity is likely to be zero in the 

process of weighted summation, that is, the records that actually constitute similar duplicates are 

misjudged as duplicate records. However, in cases where the property is really serious, this 

misjudgment will lead to a large number of similar repeated record cleaning failures, which also 

means that the accuracy of the algorithm cannot be guaranteed [14]. 
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3. Industrial Big Data Cleaning Model Based on Grouping Clustering 

Production data cleaning refers to the process of detecting and correcting abnormal data and 

redundant data in the detected production big data [15]. Data cleaning is divided into the following 

stages: data preparation, normal cluster sample acquisition, abnormal data identification and 

correction, redundant data identification and correction, and data storage. Data preparation is to 

transfer the data from the traditional database to a non-relational database that can be processed by 

big data, and then load the data set into the elastic distributed data set of Spark; the normal cluster 

sample acquisition is through improved Canopy-kmeans The algorithm obtains the normal cluster 

samples; the abnormal data identification and correction refers to the abnormal detection and 

correction of the boundary samples; the redundant data cleaning stage mainly applies the SNM 

algorithm to detect redundancy and remove duplicates in each sample cluster after the abnormal data 

cleaning; Finally, the corrected data is stored. The industrial big data cleaning model is shown in 

Figure 2.  

 

Figure 2. Production data cleaning model 

4. Clustering-based Abnormal and Redundant Data Detection and Correction 

Algorithms 

The production logistics system consists of multiple interrelated elements. Each record in the 

production data obtained using electronic equipment contains detailed processing information for the 

production steps of the product. There are many types of production data and there are many similar 

attributes describing the same thing. Some attributes are key factors in the data set. The scale of data 

collected by electronic readers such as RFID is large. Due to the large amount of calculation and low 

recognition efficiency, abnormal data processing cannot be performed directly on the data set. 

Therefore, an algorithm for identifying and correcting abnormal data based on clustering is proposed. 

First, the artificial or grouping method is used to classify similar or similar attributes into the same 

group; secondly, the concept of information entropy is added to the grouping to redefine the k-means 

distance formula; then, the cluster center is determined using the canopy algorithm, and the 

improvement The k-means algorithm of the distance formula clusters the data set to obtain multiple 

clusters. Finally, the improved distance formula is used to calculate the outlier value of each point. If 

the requirements are met, the point is considered to be abnormal data and the point is deleted. 

Algorithm related definitions are as follows: 

Definition 1: Let the data set be composed of n * m-dimensional data objects, so as to construct the 

attribute value matrix,  𝑎𝑖𝑗 represents the j-th value of the i-th data object in the data set,  =

1,2,3,4,5, … , n; 𝑗 = 1,2,3,4,5, … , m; 

R = [

𝑎11 ⋯ 𝑎1𝑚

⋮ ⋱ ⋮
𝑎𝑛1 ⋯ 𝑎𝑛1

].                            (1) 
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Add artificial experience to group attributes, 𝑎𝑖𝑗 represents the value of the j-th dimension of the i-

th data object in the data set. The m-dimensional data is divided into q groups, and each group has p 

attributes. 𝑝 ≤ m; 𝑞 ≤ m; 

R = [(

𝑎11 ⋯ 𝑎1𝑝

⋮ ⋱ ⋮
𝑎𝑛𝑚 ⋯ 𝑎𝑛𝑝

) … (

𝑎1𝑖 ⋯ 𝑎1𝑝

⋮ ⋱ ⋮
𝑎𝑖𝑚 ⋯ 𝑎𝑛𝑝

) … (

𝑎11 ⋯ 𝑎1𝑝

⋮ ⋱ ⋮
𝑎𝑛𝑚 ⋯ 𝑎𝑛𝑝

)]            (2) 

Definition 2: Let 𝑀𝑞be the information entropy of the qth group. The calculation formula of 𝑀𝑞 is 

as follows: 

𝑀𝑞 = −𝑙 ∑ ∑ 𝐴𝑖𝑗𝑙𝑛𝐴𝑖𝑗
𝑛
𝑖=1

𝑝
1 ; (𝑞 ≤ m, 𝑙 = (ln 𝑛) − 1)            (3) 

 𝐴𝑖𝑗 =
𝑎𝑖𝑗

∑ 𝑎𝑖𝑗
𝑛
𝑖=1

⁄                              (4) 

Among them, 𝐴𝑖𝑗is the standardized data. 

Definition 3: Let data set B be the attribute group set weighted and summed by information entropy, 

and 𝐵𝑖 and𝐵𝑗 are two points in the attribute group set. 

D(𝐵𝑖 , 𝐵𝑗) = √∑ 𝛽(𝐵𝑖𝑘 − 𝐵𝑗𝑘)
2𝑞

𝑗=1                        (5) 

βq =
𝑀𝑞

∑ 𝑀𝑞
𝑞
1

⁄                                (6) 

Where β is the weight of the q-th attribute group. 

Definition 4: Let D be the outlier degree set composed of all deviation distances 𝑑𝑖, and let the outlier 

degree value be AD, 

AD =
1

𝑚
∑ 𝑑𝑖

𝑚
𝑖=1                                (7) 

Among them, 𝑑𝑖 is the deviation distance from the center point𝑄𝑆 of each cluster to any point outside 

the cluster. 

Definition 5: For any point 𝑑𝑖 in the outlier degree set D, if 𝑑𝑖 is greater than the outlier value AD, 

the data in the cluster where it is located is considered abnormal data. 

Definition 6: Define the similarity formula as  

𝜃 = D(𝑄𝑃, 𝑄𝑇)−1                             (6) 

The D(𝑄𝑃, 𝑄𝑇) distance formula is used to calculate the similarity between two points. The smaller 

the distance, the greater the similarity, and vice versa. 

If the similarity is greater than the threshold α, the two data are considered redundant. When the 

similarity between the data in the sliding window is less than β, it means that the similarity of the 

remaining data is very small, you can stop sliding and save time. 

The anomaly and redundant data detection algorithm can obtain cluster sample clusters through data 

clustering. Based on the clustering, the anomaly data detection algorithm is used to eliminate points 

far from the center of the sample cluster to achieve the purpose of eliminating abnormal data. After 

the abnormal data is eliminated, the SNM algorithm is used in each sample cluster to eliminate 

redundant data, see Table 1. 

Table 1. The Proposed Algorithm 

Input: logisticsData 

Output:Normal data 

1. class DataCleaning 

2. method DataPacket)/* Group raw data attributes based on expert experience */ 
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3. for each attribute  in ALL attributes do 

4. data_A ←GroupAttribute  /* Expert experience divides attributes into q groups with p values in each 

group */ 

5. data_B  ←Sort  /* Sort fields by contribution */ 

6. 𝑀𝑞 = −𝑙 ∑ ∑ 𝐴𝑖𝑗𝑙𝑛𝐴𝑖𝑗
𝑛
𝑖=1

𝑝
1  /* Calculate the entropy of each group of information */ 

7. βq =
𝑀𝑞

∑ 𝑀𝑞
𝑞
1

⁄    

8. return βq,  

9. return data_B 

10. end for 

11. method TrajectoryDataClustering  /* Data initial clustering */ 

12. for each data_B in all data_B 

13. cluster  ← canopyClustering  /* Clustering raw data using canopy */ 

14. select {𝐶1, 𝐶2, … }and NumCluster from cluster /*Select the center point of each cluster and the number 

of clusters */ 

15. end for 

16. method Improved_k-means   /* Clustering using improved k-means algorithm */ 

17. Initialize the ClusterCenter  /* Initialize the cluster center of the improved k-means algorithm */ 

18. New  𝐶{𝐶1, 𝐶2  … }   ←   D(𝐵𝑖 , 𝐵𝑗) = √∑ 𝛽(𝐵𝑖𝑘 − 𝐵𝑗𝑘)
2𝑞

𝑗=1   /* Recalculate cluster center using 

improved distance formula for all data */ 

19.  if {𝐶1, 𝐶2, … } was not change /* Centroid no longer changes */ 

20.  do 𝐶 = {𝐶1, 𝐶2, … }  /* Output clustering */ 

21.  end if 

22.  return data_C /* Output Data */ 

23.  method CleaningAbnormalData /* Clean abnormal data */ 

24.  set AD =
1

𝑚
∑ 𝑑𝑖

𝑚
𝑖=1     /* Set outlier value */ 

25.  for each data from data_C 

26.  if 𝑑𝑖 > AD  

27.  Remove data         /* If greater than outlier value, remove the point */ 

28.  end if 

29.  end for 

30.  return data_D  

31.  method CleaningDuplicateData  /* Cleaning redundant data */ 

32.  data_D ←Sort  /* Sort each cluster by distance */  

33.  set 𝑤, α /* Set window size and similarity threshold */ 

34.  for each cluster from data_D 

35.  if 𝑑𝑖 > α   

36.  Remove data   /* If it is greater than the set similarity threshold, then remove the piece of data */ 

37.  end if 

38.  end for 

39.  return data 

References are cited in the text just by square brackets [1]. (If square brackets are not available, 

slashes may be used instead, e.g. /2/.) Two or more references at a time may be put in one set of 

brackets [3, 4]. The references are to be numbered in the order in which they are cited in the text and 

are to be listed at the end of the contribution under a heading References, see Table 1.  
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The algorithm flow is as follows: 

Step 1: Use artificial experience grouping method to classify similar or similar attributes into the same 

group; 

Step 2: The contribution degree of each group of attributes is different, and the information entropy 

of each group is calculated, and the weight β of each group is calculated. 

Step 3: Redefine the distance formula with different weights for each group; 

Step 4: Use the canopy algorithm to obtain k clusters, and calculate the center point {C_1,C_2,…} in 

each cluster; 

Step 5: k-means method initialization; 

Step 6: Recalculate the class center using the defined distance formula until the class center no longer 

changes; 

Step 7: Calculate the outlier value of each class. If the class meets the requirements, consider the point 

to be abnormal data and delete the point. 

Step 8: Select the central point Q_S of each cluster set, calculate the distances between all points in 

the cluster set and Q_S, sort the distances from small to large, and sort the data objects in the cluster 

set according to the distance sorting rule. 

Step 9: Set the sliding window w to start sliding, and use the D(Q_P,Q_T ) distance formula to 

calculate the similarity between the two points. If the similarity is greater than the specified threshold, 

it is considered as a redundant point to delete the point. 

5. Experiments and Results Analysis 

5.1 Experimental Data and Measurement Indicators 

5.1.1 Experimental Data 

Take the production data of an auto parts manufacturer as the research object of data cleaning. This 

production data has a total of 1233427 records from a manufacturing workshop. The sampling interval 

of real-time production data is 1 second. The data collection time is from August 1, 2018 to October 

30, 2018.  

(1) Attribute group weight setting: The original data contains multiple attributes. Due to the different 

contributions of attributes and multiple attributes describing the same content. Therefore, the 

experiment first uses expert experience to group the fields and rank them according to their 

contribution. 

(2) Record similarity threshold during similarity detection is set to 0.85. 

(3) Collect the characteristics of industrial data and set the window size of the SNM algorithm to 60 

5.1.2 Detection Index 

(1)Detection efficiency: In the data set, the ratio of all recorded data to the problem records that can 

be detected by the algorithm. 

Detection rate = ((TF + TP) / TA) × 100% 

Among them, TP indicates the number of problem records accurately detected by the algorithm; FP 

refers to the number of problem records that are not problem records in the real situation but are 

recognized by the algorithm as errors; TA is the number of all records. 

(2)Accuracy: The ratio of the problem records that can be accurately identified to the problem records 

detected by the algorithm in the data set. 

Accuracy = (TP / (TP + FP)) × 100% 

Among them, TP indicates the number of problem records accurately detected by the algorithm, and 

FP refers to the number of problem records that are not considered problem records by the algorithm 

in the real situation. 
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5.2 Experimental Data and Measurement Indicators 

Experiment 1: For common anomalous data removal algorithms, this paper tests several commonly 

used outlier detection algorithms. The test data is the amount of all order data in August, and the 

detection rate of the algorithm is kept in different ranges. Compared with the traditional k-means 

algorithm, the detection rate of the algorithm in this paper is greatly improved, and compared with 

the CURE algorithm, it is relatively improved. The test results are shown in Table 2. 

Table 2. Anomaly data algorithm detection efficiency 

Algorithm name Detection efficiency (%) 

k-means 73.2 

canopy-kmeans 79.6 

CURE 

Algorithm in this paper 

86.9 

87.2 

Experiment 2: Because the exact abnormal data records in the original data were not known, the 

experiment extracted data for four orders with a sample size of less than 10,000. Then the sample size 

is detected through manual statistics and manual operations to detect abnormal data values and 

redundant record values, as shown in Table 3. 

Table 3. Three Scheme comparing 

Sample Number Abnormal uplicate 

1 620 4 41 

2 1520 12 105 

3 3477 25 231 

4 5200 41 341 

In order to verify the accuracy of the detection algorithm for anomalous data, the validity of the 

algorithm is retested with the experimental environment unchanged. It is known from the results that 

with the increase of the sample size, the detection efficiency of artificial abnormal data and the 

detection efficiency of algorithm abnormal data are gradually decreasing. However, with the increase 

in the number of conversion samples, the manual detection efficiency decreases faster than the 

algorithm's detection efficiency. If the number of manual detections is the number of actual abnormal 

data, the accuracy of the algorithm will gradually increase.The detection results are shown in Table 

4 and Table 5. 

Table 4. Three Scheme comparing 

Numble Manual detection 
Manual detection 

rate(%) 

Algorithm 

detection 

Algorithm detection 

rate(%) 

620 10 1.61 13 2.07 

1520 19 1.25 23 1.51 

3477 31 0.89 36 1.04 

5200 43 0.82 49 0.94 

Table 5. Algorithm accuracy test 

Numble Actual abnormal data Algorithm detection Accuracy 

620 10 13 0.77 
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1520 19 23 0.83 

3477 31 36 0.86 

5200 43 49 0.87 

Under the condition that the experimental environment is unchanged, the accuracy of the detection 

algorithm for redundant data is verified. Through experimental analysis, it can be known that as the 

amount of data increases, the artificial accuracy of  the repeated recording detection algorithm 

gradually decreases with the size of the sample size; and the detection efficiency of the algorithm 

gradually increases with the increase of the sample size. The test results are shown in Table 6. 

Table 6. Algorithm accuracy test 

Numble Manual detection 
Manual detection 

rate(%) 

Algorithm 

detection 

Algorithm detection 

rate(%) 

620 41 6.613 43 6.93 

1520 103 6.78 110 7.24 

3477 231 6.64 259 7.42 

5200 332 6.38 392 7.53 

6. Conclusion 

This article first establishes a data cleaning model based on production data based on the 

characteristics of production data. The model mainly includes three parts: data clustering, abnormal 

data detection and cleaning, and redundant data detection and cleaning. The cleaning model has the 

following characteristics: 1) Clustering data with an improved k-means algorithm and applying data 

clustering to data cleaning. 2) The proposed anomaly data detection algorithm is compared with the 

classic anomaly detection algorithm to prove the effectiveness of the anomaly data detection 

algorithm in anomaly data detection. 3) Manual and statistical methods are used to detect abnormal 

data and redundant data in the original data as a control group and compare the effectiveness of 

abnormal data detection and redundant data detection. However, there are still problems in this article, 

that is, some subjective factors will be added in the manual grouping, and the result of the grouping 

will affect the clustering effect; secondly, the redundant data cleaning algorithm is not compared with 

the commonly used algorithms for redundancy detection, and the efficiency of the redundant 

algorithm Further proof is needed. In view of the above problems, we need to further explore the 

optimization and continue to improve the production data cleaning model in future work. 

Acknowledgments 

Natural Science Foundation. 

References 

[1] Belhadi A, Zkik K, Cherrafi A, et al. Understanding Big Data Analytics for Manufacturing Processes: 

Insights From Literature Review and Multiple Case Studies [J]. Computers & Industrial Engineering, 2019, 

137 (Issue missing): 106099. 

[2] Zhong RY, Xu X, Klotz E, et al. Intelligent Manufacturing in the Context of Industry 4.0: a Review [J]. 

Engineering, 2017, 3 (5): 616-630. 

[3] Cheng Y, Chen K, Sun H, et al. Data and Knowledge Mining with Big Data Towards Smart Production 

[J]. Journal of Industrial Information Integration, 2018, 9 (period missing): 1-13. 

[4] Ihab F. Ilyas and Xu Chu. 2019. Data Cleaning. Association for Computing Machinery, New York, NY, 

USA. 



 

 

197 

International Core Journal of Engineering 

ISSN: 2414-1895 
Volume 6 Issue 3, 2020 

DOI: 10.6919/ICJE.202003_6(3).0033 

[5] A. Guo, N. Zhang and T. Sun, "Research on Exception Data Cleaning Method Based on Clustering in 

Hadoop Platform," 2017 10th International Symposium on Computational Intelligence and Design 

(ISCID), Hangzhou, 2017, pp. 316 -320. 

[6] P. Patil and U. Kulkarni, "SVM based data redundancy elimination for data aggregation in Wireless Sensor 

Networks," 2013 International Conference on Advances in Computing, Communications and Informatics 

(ICACCI), Mysore, 2013, pp. 1309-1316. 

[7] Li M., Xie Q., Ding Q. (2015) An Improved Data Cleaning Algorithm Based on SNM. In: Huang Z., Sun 

X., Luo J., Wang J. (eds) Cloud Computing and Security. ICCCS 2015. Lecture Notes in Computer 

Science, vol 9483. Springer, Cham. 

[8] N. Zhang, A. Guo and T. Sun, "Research on data cleaning method based on SNM algorithm," 2017 IEEE 

2nd Advanced Information Technology, Electronic and Automation Control Conference (IAEAC), 

Chongqing, 2017, pp. 2639 -2643. 

[9] Yang Qiaoqiao. Research on key technologies for cleaning similar and repeated records of industrial big 

data [D]. Qingdao University, 2018. 

[10] Anil K. Jain, Data clustering: 50 years beyond K-means, Pattern Recognition Letters, Volume 31, Issue 8, 

2010, Pages 651-666, ISSN 0167-8655. 

[11] S. Wang et al., "K-Means Clustering With Incomplete Data," in IEEE Access, vol. 7, pp. 69162-69171, 

2019. 

[12] M. Li et al., "Community Detection and Visualization in Complex Network by the Density-Canopy-

Kmeans Algorithm and MDS Embedding," in IEEE Access, vol. 7, pp. 120616-120625, 2019. 

[13] Zhang Jianzhong, Fang Zheng, Xiong Yongjun, Yuan Xiaoyi. Optimization of data cleaning algorithms 

based on SNM [J]. Journal of Central South University (Natural Science Edition), 2010, 41 (06): 2240-

2245. 

[14] Yu Xiaosheng, Hu Sunzhi. Similar duplicate record elimination based on improved SNM algorithm [J]. 

Journal of Chongqing University of Technology (Natural Science), 2016, 30 (04): 91-96. 

[15] Z. Li, L. Sun and R. Higgs, "Research on, and Development of, Data Extraction and Data Cleaning 

Technology Based on the Internet of Things," 2017 IEEE International Conference on Computational 

Science and Engineering (CSE) and IEEE International Conference on Embedded and Ubiquitous 

Computing (EUC), Guangzhou, 2017, pp. 332-341. 

[16] Qu Chaoyang, Zhang Yijing, Wang Yongwen, Zhao Ying. Big Data Cleaning Model of Energy Internet 

Power Energy Based on Spark Framework [J]. Electric Measurement & Instrumentation, 2018, 55 (02): 

39-44. 

[17] Lu Qunwu. Research on data cleaning strategy of RFID system for logistics storage [D]. Wuhan University 

of Technology, 2015.  


