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Background

❖외조기공정(OA, Out Air Process)

▪ 외조기란?

▪ 요구되는온도, 습도및이슬점을원하는양으로공급하는것을의미

▪ 외조기공정: 공장내에요구되는신선한공기를외부로부터공급하는공정

▪ 실내의공기를 100% 외부로배출하고, 외부의공기를사용
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Problem statement

❖Early Fault Detection

▪ 이상상황의조기감지필요

▪ 조기감지시유지보수비용절감, 수명주기및안전성향상의이점존재

▪ 알람발생전 10분 ~ 60분전사이에조기이상탐지를목표로함
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Key idea

❖Anomaly detection using correlation

▪ Sliding window를사용하여상관계수를계산

▪ 초기에는시간을누적해가며상관계수를계산

▪ Window size만큼누적이되면 window를 이동해가며계산
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Datasets

❖데이터설명

▪ 외조기의개별센서에서데이터수집

▪ 개별센서에대한알람시점정보가존재, 알람발생시점을이상상황으로판단

▪ 외조기시계열데이터는극히적은알람상황이기록된불균형데이터
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Add data

❖Correlation coefficients 변수추가

▪ 정상상황에서불규칙한패턴을갖고있는센서데이터는상관계수변동이심함

▪ 규칙적인패턴을가지는센서데이터를사용하여상관계수변수생성

▪ 센서데이터가상관관계변수보다이상상황에대한민감도가클수있음

▪ 기존의센서데이터를제거하지않고상관계수를 dataset에추가
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Anomaly detection using clustering

❖ K-means clustering based anomaly detection

▪ 정상데이터로만든군집의중심과관측치의거리가이상탐지의지표

▪ 군집의 centroid 및이상판단기준인임계치계산

▪ 군집의 centroid와군집의경계까지의거리를임계치로설정
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Experiment

❖ Test 기간에대해서조기감지여부확인

▪ 알림이울리기 3시간전부터를 test 기간으로하여검증

▪ 두설비의 dataset 모두상관계수를추가했을때보다정확한조기이상탐지
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Conclusion

❖ 결론

▪ 상관관계기반의 k-means clustering 방법론을통한 early anomaly detection 

제안

▪ 센서데이터만사용하는경우부정확하고빈번한조기탐지

▪ 상관계수를추가할경우보다정확한조기탐지

▪ 정상데이터가규칙적이고일정한패턴을가져야좋은성능을보임

❖ 평가

▪ 규칙적이고일정한패턴을갖는시계열데이터는모든이상탐지기에서좋은성

능을기대할수있다고생각

▪ Time stamp 간의상관관계를반영하는방법이이상탐지에유의미함을보임
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Limitation and Improvement

❖ Limitation

▪ 제안한이상탐지방법은복잡한데이터에서정상데이터도이상으로판단할수

있음

▪ 상관계수추가로인해단순한시계열대비시간복잡도증가가클것으로예상

❖ Improvement

▪ Window size의 chart 또는이미지에대해이상탐지를학습하는방법

▪ Window를보고이상을판단한다면이상발생전의 window를 보고조기이상

탐지가가능할것
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Background

❖AutoEncoder-based Methods

▪ 정상데이터를학습에사용하여모델이정상패턴만학습함

▪ 데이터에라벨을필요로하지않아비지도학습으로실제응용에유리함
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Problem statement

❖Restruction performance

▪ 실제시계열데이터는복잡한패턴으로구성

▪ 대칭적 AutoEncoder는재구성성능을보장하기어려움

▪ 재구성성능을향상시켜정확한이상탐지기가필요
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Key idea

❖ LSTM AutoEncoder & Convolutional AutoEncoder

▪ LSTM은 RNN의장기의존성문제를해결하여시계열데이터에많이사용

▪ Convolutional 필터는시계열데이터를 generic non-linear transformation 함

▪ 다양한 Convolutional 필터는시계열의다양한 discriminative features를학습

함
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Datasets

❖ Fast Fourier Transform on Pump Dataset

▪ Fast Fourier Transform (FFT)은 신호를개별스펙트럼구성요소로변환하여

신호에대한주파수정보를제공함

15



Result of LSTM AutoEncoder

❖ LSTM AutoEncoder
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Result of Convolutional AutoEncoder

❖Convolutional AutoEncoder
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Conclusion

❖Conclusion

▪ 실제데이터에 AutoEncoder 기반의다양한이상탐지방법론적용

▪ Decoder를깊게쌓은비대칭 AutoEncoder를 통해데이터의재구성성능을높

임

▪ 비대칭 AutoEncoder를통해이상탐지성능향상

❖Evaluation

▪ 재구성성능증가를확인할수있는실험결과부재

▪ 이상탐지성능향상에대해서도확인이어려움
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Limitation and Improvement

❖ Limitation

▪ Fast Fourier Transform의 적용할이유가없어보임

▪ 이상탐지에재구성오차의필요성을모르겠음

❖ Improvement

▪ FFT와 임계치를이용하여진동수를이용한이상조기탐지방법제안

▪ 이상발생전일정기간의주파수에대해분석
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Background

❖ Lack of abnormal data

▪ 많은딥러닝을이용한이상탐지에서이상데이터는극히일부

▪ 균형이무너진데이터로학습했을때, 모델의 accuracy가 높더라도이상탐지

성능은기대하기어려움
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Problem statement

❖이상탐지기성능고도화

▪ 시계열이상탐지에서비지도학습의성능을기대하기는어려움

▪ 지도학습을위해이상과정상을분류하는과정필요

▪ 지도학습을하기위해데이터불균형문제를해결할필요가있음
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Data Augmentation

❖Augmentation

▪ 데이터불균형을해결하기위해 Augmentation 기법사용

▪ Time series data augmentation 기법적용
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Classification

❖ InceptionTime

▪ Inception-v4에 영감을받아만들어진 1D-CNN 시계열분류알고리즘

▪ CNN의앙상블로시계열데이터의 local 및 global 패턴파악

▪ Inception network 5개의앙상블로시계열분류문제에서높은성능을보임
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Datasets

❖ UCR Time Series Anomaly Detection 2021, Wafer Time Series

▪ 두데이터셋모두불특정시점에비정상신호가발생

▪ 이는실제반도체공정에서발생하는데이터의형태와유사

▪ Wafer time series: 웨이퍼제작공정시계열데이터로정상(89%), 이상(11%)

▪ UCR: 다양한도메인의데이터가포함되어있으며 2~6개의 데이터가같은도메인으로구

성
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Comparison of augmentation results

❖Dataset: Wafer Time series Dataset

▪ 제안된증강방법은잘정제되어있는시계열데이터에서좋은성능일보임

▪ 시계열데이터형태에따라최적증강기법이다른것으로확인
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Performance comparison for training and test data ratios

❖Dataset: UCR Time series anomaly detection 2021

▪ 시계열이상탐지문제에서딥러닝방법을사용할경우다양한이상유형에대한

학습이부족할경우낮은성능을보임

▪ 데이터증강기법을사용한모델에서는부족한학습에대한성능감소폭이낮아

짐을확인할수있음
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Conclusion

❖Conclusion

▪ 몇개의증강기법에서성능향상

▪ 증강기법적용후 train data 비율이낮아지더라도성능감소의폭이줄얼듦

❖Evaluation

▪ 증강기법이후성능증가에의미를부여하기어려움

▪ Train-test data 비율에대한비교도명확하지않으며, 유의미하다고보기어려

움
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Background

❖딥러닝모델과시계열분석기법이결합

▪ 딥러닝모형이발전함에따라머신러닝모형에비해서딥러닝모형이좋은성능

을보임

▪ 최근다양한연구들을통해서그림과같이시계열분석기법과딥러닝모형을

결합하는방법이제안되고있음
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Problem statement

❖ STL decomposition과 Deep learning 결합

▪ STL decompostion은시계열분석, 분해에서많이사용되는방법

▪ Trend와 Seasonality가서로간에영향을줄수있는요인임에도독립적인데이

터로학습하는문제가있음
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Key idea

❖ Correlation Recurrent Units, CRU)

▪ 시계열분해요소간에서관련성(Autocorrelation과 Correlation)을학습하기위

해새로운 Gate를제안
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Autocorrelation, Correlation Gate
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❖ Gate structure



Hidden State update
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❖ State update method



Datasets

❖데이터종류
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Experiment

❖ 예측성능결과평가
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Conclusion

❖Conclusion

▪ CRU 새로운 Cell 구조를제안

▪ CRU는 sigmoid function을 이용한 Correlation Gate, Autocorrelation Gate를

구성

▪ 단기및장기예측에서제안된 CRU가가장좋은성능을보여주었으며, 

RNN/LSTM/ GRU에비해최대 20%, Multiple-RNN/LSTM/GRU에비해최대

10%이상개선된성능을보여주었음

❖Evaluation

▪ 실험데이터의 trend, seasonality가관계가있는데이터인지설명이부족

▪ Trend, seasonality 상관관계를학습후성능향상이있음을보여줌
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Limitation and Improvement

❖ Limitation

▪ Gate의출력이 1 과 0일때상관관계에대한설명이부족함

❖ Improvement

▪ Sigmoid를추가한 unit이아닌상관계수를입력받는 RNN (LSTM) 모델
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Background

❖Transformer for Time-series Analysis

▪ Sequence를입력으로받아 sequence를출력하는구조이므로, 시계열에도적

용가능함

▪ 기계번역을위해제안된모델이므로복잡한다변량시계열에적용하는연구들

이제안
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Problem statement

❖Variable Temporal Transformer

▪ Transformer block 내의 attention을 수정하여변수와시간과의상관관계를파

악

▪ 변수의정보, 상관관계설명이가능한 transformer가필요
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Key idea

❖ Embedding, Attention 수정

▪ Variable Temporal attention이라는 새로운 attention 방법을제안

▪ 변수간정보와시간성을유지하기위한임베딩방법을제안
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Embedding

❖ 1D Casual Convolution

▪ Time step t의 output을내기위해서 time step t까지의데이터만고려

▪ Dilated casual convolution layer를사용하여 up-sampling을수행
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Embedding

❖ 1D Casual Convolution

▪ Time step t의 output을내기위해서 time step t까지의데이터만고려

▪ Dilated casual convolution layer를사용하여 up-sampling을수행
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Embedding

❖ 1D Casual Convolution

▪ Time step t의 output을내기위해서 time step t까지의데이터만고려

▪ Dilated casual convolution layer를사용하여 up-sampling을수행
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Attention module

❖ Variable self-attention

▪ 기존의입력을전치하여 attention을 수행

▪ 변수간의상관관계를고려함
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Datasets

❖다변량시계열데이터벤치마크데이터셋

▪ SWaT (the Secure Water Treatment)

▪ 수질관련시계열데이터

▪ PSM (Pooled Server Metrics)

▪ Ebay에서 Application server node를기록함

▪ SMD (Server Machine Dataset)

▪ 인터넷회사에서수집, 총 28개의 serve에서 5주간수집한 33개의 metric 정보임
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Comparison of results of the overall model

❖전체모델과비교했을때의결과
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Comparison of results of the Transformer model

❖기존 Transformer 모델과비교진행

▪ 기존 Transformer보다제안된방법에서더좋은성능을볼수있음
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Conclusion

❖Conclusion

▪ Temporal attention과 variable attention을 통해해석가능한모델을제안

▪ Kernal 사이즈를다양하게한 1d casual convolution을 통해 multi resolution 정

보를활용함

▪ 기존모델 6가지와비교했을때더좋은성능을보임

❖Evaluation

▪ 몇개의성능지표에서유의미한성능증가를보임

▪ 임계치설정방법이 Best F1-Score는이상탐지결과비교에적합하지않아보

임
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