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Time series data are often found to be dirty, e.g., with anomalies or sensor failures. Such dirty data obviously
hinder the downstream analysis tasks such as forecasting, clustering or classification. Simply discarding the
potentially dirty data points is not an option, making the time series incomplete and incompatible to machine
learning models. While many time series data cleaning techniques have been developed in the last decade,
e.g., with the help of constraints on value fluctuation, the seasonal features are surprisingly ignored. In this
paper, we propose to clean time series by first capturing seasonal and trend constraints, and then enforcing
them for cleaning. Unfortunately, directly applying existing seasonal-trend decomposition methods is found
imprecise (itself affected by errors) and incomplete (not computed at the beginning or end of the series).
Moreover, unlike efficient cleaning with simple value fluctuation constraints, the time series cleaning problem
with seasonal and trend constraints is proved to be NP-complete. In this sense, we first improve seasonal and
trend filter with tolerance to errors and extension on two directions. Then, an efficient heuristic is designed to
iteratively repair the time series and refine the seasonal and trend constraints. The approach has now become
a built-in function in a product system Apache IoTDB. Experiments on real-world datasets demonstrate the
superiority of our proposal in cleaning seasonal time series and improving downstream applications.
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1 INTRODUCTION

Seasonal features are commonly observed in time series. For instance, the load on electrical grids
and the power consumption of a city in the daily cycle, as shown in Figure 1. Seasonal-trend
decomposition (STD), which decomposes the data into the seasonal, trend and other components,
is widely used in seasonal data analysis [15, 35]. The seasonal and trend components represent the
regular patterns in the data, capturing periodic variations and long-term trends, respectively.
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Fig. 1. Example of dirty seasonal time series and the corresponding clean series.

1.1 Motivation

However, time series data often contain errors due to sensor or instrument failures [25, 38, 42].
Not surprisingly, these errors may break the seasonality of the time series, and thus obstruct the
downstream data science applications performing, such as time series forecasting, classification
and clustering as shown in Section 7.2.2.

Example 1. Asshown in Figure 1a, the load on electrical grids in a factory presents a periodic sudden
increase at the start of working hours and a periodic sudden decrease in the end of working time.
Routine inspections also produce some spikes in electrical load every night. However, the grid data
occasionally decreases at noon, around time 500 denoted by red X, due to sensor errors rather than the
decrease in electricity supply. Such errors violate seasonal features of grid data in the real world. They
prevent the discovery of factories with similar electricity consumption patterns.

Likewise, in Figure 1b, the power consumption of Tetouan city [22] increases gently in the morning,
then decreases slightly in the afternoon. At night, it increases to the peak value and then falls to the
initial value before the next morning. However, at time 600 in Figure 1b, a shift error [39] occurs
owing to granularity mismatch or unit error. There also exists some single point errors in power data.
Obviously, these errors break the seasonal features of power data, and impede the prediction of power
consumption in the city.

1.2 Intuition

To address the aforesaid single and consecutive errors in time series, a number of cleaning methods
have been developed in the past decade, using many constraints like speed [25] and statistical
features [38]. However, due to the large deviation between periodic sudden increases and their
neighboring values, such smoothing-based methods will mistakenly treat these increases, regular
in each day, as dirty data to be repaired, e.g., Xog0, X1040, X1100, - - + in Figure 1la. Therefore, it is

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 308. Publication date: December 2025.



Cleaning Time Series under Seasonal and Trend Constraints 308:3

necessary to leverage seasonal features to distinguish between different periods to detect dirty
data. Surprisingly, none of the existing repair methods consider such seasonal features.

In this paper, inspired by seasonal-trend decomposition [4, 11, 18], we present a novel constraint-
based method designed for cleaning seasonal time series data. Seasonal-Trend decomposition,
which decomposes the data into the seasonal, trend and other components, is widely used in sea-
sonal data analysis [15, 35]. The seasonal and trend components represent the regular patterns
in the data, capturing periodic variations and long-term trends, respectively. Inspired by the sea-
sonal and trend components denoting the underlying patterns, we consider points that deviate
significantly from these components as dirty data. Therefore, we define the seasonal and trend
constraints to detect dirty data. As a remedy, we utilize the seasonal and trend components of the
corresponding points with white noise to generate a repair. The white noise captures short-term
random fluctuations in the data.

1.3 Challenge

Unfortunately, existing decomposition methods such as STL [4], OnlineSTL [18] and OneShotSTL
[11] are found to be both imprecise and incomplete to capture seasonal and trend constraints for
cleaning time series.

1.3.1 Imprecise Seasonal Component. The seasonal filters [4, 11, 18] are sensitive to errors. For
example, the errors in Figure 1b may cause the above decomposition methods to produce impre-
cise seasonal components (see Figure 4 below). Then seasonal components at the same times on
other days may deviate from their true values due to the influence of these imprecise components.
This may also affect the aforementioned repair method. In this sense, the existing decomposition
methods must be adapted to the repair of dirty data.

1.3.2  Incomplete Trend Component. Moreover, the seasonal-trend decomposition methods [4, 11,
18] use a trend filter to extract the trend component. These methods use a sliding window to es-
timate the trend feature referring to the neighbor points on either side. However, there are no
sufficient observations to compute at the beginning and end of the series, which leads to incom-
plete trend components near the endpoints. For example, in Figure 1a, the period of grid data is
1440 as a day with data collection in every minute. For the dirty point occurring at time 500, i.e.,
in the first half of the period, there are no enough points for the sliding window to compute trend
component. Hence, we need to extend the trend components at the beginning and end of time
series.

1.4 Contribution

To the best of our knowledge, this is the first study on cleaning time series having seasonal features.
Our main contributions in this paper are summarized as follows.

(1) We formalize the problem of cleaning time series under seasonal and trend constraint in Section
3.1t is to find a repaired series in which each value satisfies the seasonal and trend constraints, and
the modification is minimized. Unfortunately, Theorem 1 proves that the corresponding decision
problem is NP-complete.

(2) We address imprecise seasonal components in Section 4.1, avoiding the sensitivity to violations
in existing methods. As shown in Figure 4, OnlineSTL [18] mistakenly detects x434 and xs75 as er-
rors. Proposition 1 guarantees that our median-based filters tolerate specific errors and accurately
detect violations in Figure 5.

(3) We address incomplete trend components in Section 4.2, handling boundary violations ignored
by prior methods. As shown in Figure 4, OnlineSTL fails to detect x50 while our method correctly
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Table 1. Frequently used notations

Symbol Description

time series data

i-th data point of x

trend component of x;
seasonal component of x;
de-trend component of x;
time series length

period length

trend filter window size
seasonal and trend constraint threshold
set of detected errors
clean data of x;

repair data of x;

R <s 2 I 380 o8 ox

identifies it in Figure 5. Proposition 2 ensures the extension is robust to violations when errors are
extreme.

(4) We enforce seasonal and trend constraints for cleaning in Sections 5. To our knowledge, this
is the first iterative cleaning method to use trend and seasonal constraints for time series cleaning.
First, for data points that violate the constraint, we generate repair values. Proposition 3 shows that
the proposed seasonal repair is optimal for extreme dirty data. Furthermore, we design an iterative
decomposition-based cleaning algorithm. Note that the decomposition result of the repaired series
may differ from that of the original series. Consequently, some other data points may be detected
as violations. Therefore, performing detection and repair iteratively ensures that all points satisfy
the seasonal and trend constraints. This process is proven to converge when errors are rare in
Proposition 4.

(5) We deploy the proposed method in a time series database Apache IoTDB [14, 30] in Section 6.
It is now available for using as a built-in function of this product system. The repair function can
be called directly as a SQL statement [6].

(6) We report an extensive experimental evaluation on real-world data in Section 7. The results
demonstrate that our method achieves the best performance in cleaning seasonal time series com-
pared to the existing methods. As a consequence, the downstream applications are improved after
cleaning, such as forecasting, clustering and classification.

Table 1 lists the frequently used notations in this paper. The proofs of some theoretical results are
provided in the supplementary.

2 RELATED WORK

We discuss the related studies on (1) seasonal time series analysis, (2) seasonal-trend decomposition
and (3) time series cleaning.

2.1 Seaconal Time Series Analysis

Many time series analysis methods account for seasonality. We contrast our proposed approach
with seasonal prediction and anomaly detection as examples. (1) Prediction and cleaning are or-
thogonal tasks: seasonal prediction methods, such as SARIMA [24], predict future unobserved
values in a time series, while our cleaning method repairs/modifies existing/observed erroneous
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values. Cleaning can improve downstream prediction, i.e., complementary as evaluated in Section
7.2.2. Moreover, seasonal prediction models can detect violations by thresholding the distance be-
tween predicted and observed values. A method using SARIMA for detection and linear interpo-
lation [26] for repair (SARIMA_Linear) is evaluated in Section 7.2 and Section 7.3. Due to inaccu-
racies in both steps, SARIMA _Linear yields limited repair quality. (2) Seasonal anomaly detection
methods, such as matrix profile [36], identify anomalous points, while our cleaning methods in-
volves both error detection and repairing to enhance data quality. Notably, anomaly detection can
be combined with interpolation for cleaning. Thus, Section 7.2 and Section 7.3 evaluate a hybrid
method using matrix profile to detect and linear interpolation to repair. Since Matrix Profile can-
not adapt to anomalies of varying scales under a fixed subsequence length, the repair quality is
limited.

2.2 Seasonal-Trend Decomposition

As seasonal features are commonly observed, seasonal-trend decomposition is important to facili-
tate anomaly detection and forecasting. Seasonal-trend decomposition is divided into batch meth-
ods and online methods. (1) Batch methods decompose the entire data. It can deal with long cycles,
etc., but the computation is complicated, and the decomposition process is very time-consuming.
The latest methods such as RobustSTL [32] have further improved the decomposition performance,
at the expense of efficiency. (2) Online methods have high decomposition efficiency, and can be
applied to real-time processing scenarios. However, its performance is poor and cannot handle
violations. Currently, there are only two online methods, OnlineSTL [18] and OneShotSTL [11].
OnlineSTL uses a tri-cube filter to extract trend component and exponential smoothing to extract
cycle component. OneShotSTL uses an 11-norm filter to extract trends and cycle components. Both
methods cannot handle extreme violations.

2.3 Time Series Cleaning

Time series cleaning methods offer various options for cleaning data, which can be categorized
into three types referring to [31]. (1) Smoothness-based methods often smooth out highly irreg-
ular fluctuations in short intervals. The Exponentially Weighted Moving Average (EWMA) [13]
is a typical method widely used in time series analysis. It refers to an average of data with expo-
nentially decreasing weights. However, the original series may suffer from overly modifying with
these methods, leading to low accuracy. (2) Constraint-based methods formalize rules for some
evidence patterns to guide the repair. SCREEN [25] is a typical method that constrains the speed
of value changes. Unfortunately, the method cannot handle consecutive violations. (3) Statistical-
based methods learn models from the statistical features of the data to generate a repair. LsGreedy
[38] is a typical method that maximizes the probability distribution of speed changes. (4) Model-
based methods leverage the results of time series prediction models for data repair. IMR [39] is
a typical method that utilizes ARX models to predict and repair while iteratively estimating the
model parameters until convergence. To the best of our knowledge, all these methods ignore sea-
sonal features.

3 PROBLEM STATEMENT

In this section, we first present seasonal-trend decomposition (STD) and its resulting components.
Then, we introduce the seasonal and trend constraint on the decomposed components. Finally, we
define the problem of cleaning time series under seasonal and trend constraints.
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Fig. 2. Seasonal and trend constraint on clean data.

3.1 Seasonal and Trend Constraints

Consider a time series of n observations, x = {xi,..., x,}, where x; is the value of the i-th data
point. To extract features from x, we consider the additive decomposition model [2],

Xi=t+s+r, (1)

where t; is the trend component of x; reflecting the long-term progression, s; is the seasonal com-
ponent of x; reflecting seasonality with a period m, which can be estimated by period detection
methods [9, 28, 33], and r; is the residual component of x; reflecting irregular influences.

Inspired by the seasonal and trend components in decomposition, in this section we introduce
seasonal and trend constraints to enforce the stationarity of seasonal and trend features in time
series.

All existing seasonal trend decompositions employ a combination of trend filters, seasonality
filters, denoising filters [32], differencing filters, or optimization filters [7, 34]. For simplicity, we
assume that STD only uses one trend filter and seasonality filter for decomposition. The trend filter,
denoted as 7;, is a function used to extract the trend component #;. It typically takes data within
a window of length w centered at x; as input, and outputs its corresponding ¢; in polynomial time,
ie.,

= 125 g 1 ) @

Since the seasonal component s cannot be extracted on data with trend, we first subtract the
trend component from the original series, i.e., x — t. It leads to the detrended series d = dj, ..., d,
by subtracting the trend component from the original series, i.e., d; = x; — t;. The detrend process
removes the trend component directly from the original series, eliminating trend features to facil-
itate the extraction of seasonal features. The seasonality filter, denoted as S;, is a function used
to extract the seasonal component s;, can then take data with the same phase as d; as input, and
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output its corresponding s; in polynomial time, i.e.
sizsi([dj;1sjsm\(j—i)|m]eﬂli"’“r?fd’”). 3)

fori=1,...,m.

Inspired by time series stationarity constraints, which means the statistical properties of a time
series do not change over time, we introduce a seasonal and trend constraint to limit the distance
between the original series and its seasonal and trend components. Intuitively, this constraint
guarantees that the underlying seasonal and trend patterns remain stable over time. The threshold
for this constraint is denoted by 7.

Definition 1 (Seasonal and Trend Constraint). Given time series data x; and seasonal and trend
components s; € s, t; € t decomposed by x;, the distance between x; and its components s; + t; should
be within the threshold n; and n,, i.e.,

n < si+ti—x < na.

The constraint can be interpreted from two perspectives. First, s— 5, < x—t < s+, constrains
the de-trend series to remain within a distance of n; and 7, from the seasonal component, thus
ensuring the stability of the seasonal pattern. Second, t — 2 < x —s < t + n; constrains the
de-seasonal series to remain within a distance of 1 from the trend component, thus ensuring the
stability of the trend pattern.

Example 2 (Seasonal and trend constraint). Consider the time series in Figure 2, a real segment from
the Power dataset [22], with 864 observations collected in ten-minute intervals over 6 days. We use
time-based x-axis labels (e.g., "1-1", "1-2") to represent month and day. This highlights daily periodicity
of the data, i.e., the period is 144. De-trend refers to the original series with the trend component
removed, i.e., x — t. Similarly, de-seasonal denotes the original series with the seasonal component
removed, i.e., x — s. In Figure 2, the second and third subplots illustrate the two interpretations of the
seasonal and trend constraints, ie.s—n < x—t < s+nandt—n < x —s < t+1, respectively. As
shown, all data points in the clean series lie within the range defined by seasonal and trend constraint
(the red dashed lines). Therefore, the clean series satisfy the constraints.

3.2 Optimization Problem

In practice, the ground truths for errors are unknown; otherwise, there is no need to clean. Hence,
it is infeasible to optimize based on the distance between error and truth. Consequently, exist-
ing constraint-based methods [3, 25, 40] propose to minimize the data modification such that the
specified constraints are satisfied, rather than considering how far it might be from the true (un-
known) signal. Following the same principle, our optimization problem also aims to minimize the
modification between the dirty input x and repaired output x’. Let us first define the repair cost,

Definition 2. The repair cost is evaluated by the number of data points modified from the original
x to the cleaned x’,

A(x,x") = card({x; € x; x; # x]}).

We perform cleaning by modifying the data to satisfy the seasonal and trend constraints, which
incurs a repair cost. Moreover, a higher repair cost reflects a larger overhead. Therefore, we propose
to find a repair that (i) satisfies the constraints and (ii) minimizes the repair cost while decompos-
ing.
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Fig. 3. Transformation for the example set Y3 = {uy, uc}.

Problem 1. Given a time series x with n observations, trend filter T, seasonal filter S, and constraint
thresholdn, the cleaning problem is to find cleaned series x" such that A(x, x") is minimized, and each
x| satisfies the seasonal and trend constraint.

We can formalize the cleaning problem as

min  A(x,x") = card({x; € x; x; # x{})
-1 -1
s.t. tl{ =’7,7([x,-+j; L—mTJ S] < |_m2 _]] GRm)

oy
d =x{ — ]

$=Si(ld1<j<na(-i|m])
?71Ss,-+t,-—x,-S772
i=12,...,n

where x| are variables in problem solving, #/, s; and d] are the trend, seasonal and de-trend com-
ponents of x;.

The problem of minimizing repair cost under seasonal and trend constraints is generally hard.
We investigate the decision version of the original decomposition problem, and illustrates its hard-
ness as follows.We give only a sketch of the proof and a few details. The full proof is available in
[27].

Theorem 1. Given time series x = x1,X2, - , Xn, trend filters T;, seasonality filters S;, constraint
threshold n and constant t, the problem is NP-complete to determine whether there is a cleaned time
series x' = x7,%,,+ -, X;, having (1) seasonal and trend constraint n, < s; + t; — x; < 1y satisfied for
each x| € x’, (2) the repair cost A(x,x") < 7.

ProoF skETCH. Given that 7; and S; are executable within polynomial time, we can also verify
whether the solution is correct or not in polynomial time, hence the decomposition problem is in
NP. We prove the NP-complete of the decomposition problem by a reduction from the set cover
problem, one of Karp’s 21 NP-Complete problems [16]. Figure 3 shows the transformation of a set
cover problem instance into a valid repair problem instance. O

4 CAPTURING SEASONAL AND TREND CONSTRAINTS

In this section, we first determine the trend filter 7~ and seasonal filter S proposed in Section 3.1 to
capture seasonal and trend constraint in Section 4.1. Moreover, considering the incomplete trend
components, we propose a component extension method in Section 4.2.
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to incomplete trend component, while clean data points x434 and x578 are mistakenly identified as violations
to the imprecise seasonal constraint.

4.1 Median Filter

As introduced in Section 3.1, the cleaning method uses trend filter and seasonal filter. However,
existing decomposition methods, such as OnlineSTL, and their proposed seasonal and trend filters
often suffer from two main limitations: (1) intolerance to violations, where the resulting compo-
nents are distorted due to violations, and (2) the use of sliding windows in trend filters leads to
incomplete trend components. As a result, these methods are inadequate for capturing constraints
for cleaning. In this section, we present a simple yet robust method for computing constraints to
ensure error tolerance in the cleaning process.

Based on these insights, we propose a trend constraint that limits the distance between the trend
of x; and the median value within a window of length w centered at x;. In particular, the trend filter
is shown as

w—1 w—1

—lsjs 1t J]) @
fori=1- L—WT_IJ, o n— WT_IJ, implementing 7 in Formula 2. Given the seasonality, we set
the window size equal to the period, i.e., w = m.

Before capturing the seasonal constraint, we first avoid the influence of the trend feature in the
original series by subtracting, i.e., d; = x; — t; for i = 1,..., m. We again use the median as S; for
1 < i < n to avoid the influence of errors. Note that the trend component is absent in the first and
last half-periods, these data are excluded from the calculation

t = median ( Xivjs L=

si=median({d;; 1< j<nA(j—i)|m}) (5)
fori=1,..., m, which implements S in Formula 3.

We now show that our violation-tolerant constraint can completely eliminate the impact of
violations under certain cases.
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fully identified.

Proposition 1. Let x; > max(xy,- -+, Xj—1, Xis1, """ , Xn) andx <min(xy, -+, Xjo1, Xjst, - 5 Xn)
be the maximum and minimum values in a clean series. For any vzolatzons x; > x} and x] < xJ occur-
ring on these two values, the trend and seasonal constraint by Formulas4and 5on [xy, -+, x;, -+, xj, - - -
with violations is exactly the same as that on the clean series [x, - - X J* xn]

The proof of Proposition 1 is provided in the supplementary.

4.2 Component Extension

Recall that when defining trend constraint, in Formulas 4, we use a window centered at x; to limit
the smoothness of time series. However, we do not have enough observations to compute the
moving median on both sides of the series, resulting in incomplete trend components near the
endpoints. To solve this problem, we propose an extension method that incorporates the repair
process.

We first shift the indices of the original series to the back by one period m, i.e., the original
series is NOW X, Xim+1s - - - » Xm+n- Since the incomplete trend is caused by the lack of data at the
end, we can combine the results of the local seasonal-trend decomposition to give the prediction
value of the original series, i.e., x; = me|m=1] + Sivm fori=1,...,m x = bypm-| et ) + Siem for
i=n+m+1,...,n+2m. Finally, we can compute the extension of ¢ as follows. At this point, we
shift the indices back.

t; = median({x;; l—L—mT_lj <j< i+[mT_1J}U (6)

. m—1 . m—1
{t1+L’"T’1j+sj;m+l_|_TJ <j< m+1_L_TJ})

fori= .,—L—’"T_IJ.
-1 -1
4= median({xj;i+|_—mTJ <j< —I_mTJ}U (7)
m—1 . . m—1
{tniLmTflJ'FSj;n_m_l_TJ <j<i-m+ LTJ})
fori=n+1- LmT_lj,...,n.
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Note that the trend extension is also error tolerant. Similar to Proposition 1, we have the same
extension results with/without errors under certain cases.

Proposition 2. Let W, = {x;; (I —-k) | m)A(l £k} U{x; 1 <] <m}forl <k <m
in a clean series, x; > max(W;) and x; < min(Wy) be the maximum and minimum values in
Wk. For any errors x; > x;, x; < x; occurring on these two values, the trend extension by For-
mula 6 on [xq,- -+, %, ,Xj, -, x| with errors is exactly the same as that on the clean series

[ e .
The proof of Proposition 2 is provided in the supplementary.

Example 3 (End-to-end comparison of OnlineSTL and violation-tolerant filter, Example 2 contin-
ued). Consider the Power dataset again. Figures 4 and 5 illustrate the seasonal and trend constraint
captured by OnlineSTL and our proposed violation-tolerant filter seperately. OnlineSTL is a representa-
tive of online decomposition methods. To study how the errors affect the result of OnlineSTL, we inject
single point errors in x5y and x99 and continuous errors in twenty points Xsoo, . . ., Xe09. We analyze
the data point x434 and xso. For x434, OnlineSTL is obviously affected by errors in de-trend component
ds34. Note also that x50 has no trend component, as shown in Figure 4, since ds is in the first period of
the series. In real-world scenarios, such errors frequently occur. For example, GPS data often contains
errors during startup, searching for satellite signals. Existing decomposition methods yield incomplete
trend components, then such errors cannot be detected and repaired. Such errors degrade downstream
task performance. For example, in power consumption forecasting, continuous errors in xsqp, . - . , X609
may cause the subsequent prediction xg¢19 to deviate.

In contrast, our method ensures that the decomposition of x434 is not affected by surrounding errors,
preventing it from being mistakenly detected as a violation. Therefore, the decomposition in Figure 5
is more robust to violations than that in Figure 4. Based on the trend component obtained, we also
conduct an expansion. This allows the detection of errors occurring in the first and last half cycles. For
example, the error x5y has no residual component in Figure 4. Expanding the trend component resulted
in a de-trend component x5y — tso of -7452.68. Clearly, cleaning with extended components improves
downstream tasks such as prediction, where boundary points are less affected by errors.

5 CLEANING UNDER SEASONAL AND TREND CONSTRAINTS

In this section, we perform time series cleaning under trend and seasonal constraints. Section 4.1
detects values that violate the constraints. Then, Section 5.2 generates candidate repairs. Finally,
Section 5.3 introduces an iterative repair algorithm to ensure all points satisfy the constraints.

5.1 Violations to Seasonal-Trend Constraints

We introduce the method for detecting data points that violate the seasonal and trend constraints

mentioned in Section 3.1, i.e. points that violate the regular features. To specify the threshold 7,

and 7, of seasonal and trend constraint, we use the three sigma principle [19], which refers to

data within three standard deviations from a mean. In particular, the threshold 1 in Definition 1 is
no( )2 no(v_e_p)\2

computed as n; =, = 3\/2‘1(x’n S (Z’:l(x’n K t‘)) .

As noted in Section 3.1, data points with a large deviation between x; and its corresponding
components s;+1; are considered violations in time series that exhibit a seasonal pattern. Therefore,
the data points identified by the three sigma principle are regarded as errors and are aggregated
into a set, denoted as V, i.e.,

V:{i|1£i§n/\ 771Ssl-+ti—xi£772.}.
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Example 4 (Violation detection, Example 3 continued). Consider the power consumption series with
injected errors, we then treat the seasonal component s and trend component r from the decomposition
result in Example 3 to detect violation. First, we calculate the constraint threshold . We have n =
1,693.23. Then, we can identify x; as violation where x; —s; —t; < —1,693.23 orx; —s; — t; > 1,693.23.
Note that x99 — S290 — ta00 is -20060, and thus it can be easily detected as an violation.
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Fig. 6. Example of iterative cleaning by refining seasonal and trend constraint.

5.2 Median Repair

As discussed in Section 1, the existing time series cleaning methods such as SCREEN [25] or IMR
[39] are often based on temporally close neighbors, without considering the seasonal features in
periods. To repair the aforesaid violations detected by seasonal decomposition, we propose a new
method, called Seasonal Repair Generation (SRG).

Recall that, in Section 4.1, we obtain the trend components #; and seasonal components s; of
x; through filter. As illustrated in Figure 5, our violation-tolerant filter is robust to errors, with
seasonal components s and trend components ¢ over the dirty data almost the same as those for
the clean data. In this sense, s; and ¢t; of x; have no need to be modified. In addition to regular
seasonal and trend patterns, time series often exhibit random fluctuations. To account for this,
we capture such variations from historical data and incorporate them into the cleaning process.
Specifically, we add white noise with zero mean and a standard deviation of % Finally, we combine
the unchanged trend and seasonal repair with the white noise to obtain the repair x; of x;.

x=tiesite e~ NO.(D)) ®

We now show that seasonal repair generation achieves the optimal repair under certain cases.
The proof is available in [27].

Proposition 3. Let x] > max(xy, -, Xi—1, Xit1, "+ * , Xn) and x}‘ < min(xy, -+, Xj1, Xju1, -0 5 Xn)
be the maximum and minimum values in a clean series. For any errors x; > x; and xj < x} occurring

on these two values, the seasonal repair x” generated by Formulas 8 is always the optimal repair with
cost A(x, x") = 2.

Example 5 (Repair generation, Example 4 continued). Consider the power consumption series with
injected errors. In Example 4, we detect an error in the data point x,99. We will describe the seasonal
repair generation process for xzo0 here. Firstly, we obtain the trend and seasonal repair using their
original values, i.e., t;o, = troo = 32615.70, S}y = Sp90 = 408.44. Subsequently, we calculate the white
noise as € = 25.99. Finally, we sum up all the repair components to obtain x,,, = 33050.13. Considering
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the original x, value before injecting the error is 32652.15, our method effectively generates a suitable
repair.

5.3 Iterative Repair

Note that in Section 3.2, we reduce our problem from the Set Covering Problem, whose greedy
algorithm iteratively selects the subset with the minimal cost-effectiveness ratio. Inspired by this,
we iteratively repair the data by cleaning the minimal number of points required to satisfy the
constraint. It is necessary because the decomposed result of the cleaned series may deviate from
that of the original series, which leads to other points being detected as new violations after a
round of repair.

5.3.1 lterative Algorithm. Algorithm 1 introduces the iterative algorithm procedure. Let x(*) de-
note x in the h-th iteration, where x(®) is the original time series. The main steps are as follows:

(1) Decomposition. Line 3 decompose x"~1) into seasonal and trend components. It applies the
proposed violation-tolerant filter in Section 4.1 and trend extension in Section 4.2.

(2) Detection. Line 4 detects the violations to be cleaned (in Section 5.1).

(3) Generation. Line 7 generates the repair xl.(h) for violations, while leaving the remaining series
unchanged. We employ the proposed repair generation method in Section 5.2.

Algorithm 1: Cleaning Time Series under Seasonal and Trend Constraints

Input: time series data x € R"”
Output: cleaned time series data x(") € R"
1 x « x(©;
2 for h « 1 tomax_iter do
3 st () Decompose(x(h_l));
4 v Detect(r(h));
5 if V(") = ( then
6 ‘ break;
7 xl.(h) — Generate(sW, 1) r(h) y(h)),
8 return x(P;

Example 6 (Iterative decomposition, Example 5 continued). The process of iterative cleaning is
shown in Figure 6. Considering the power consumption series with injected errors, we show the process
of iterative cleaning x,90 and xg09 below.

In the first iteration, as shown in Figure 6a, we have threshold -5453.42 and 5453.42. ryq is -20371.98
and easily detected as an violation. However, rgo is 5285.96, so the violation cannot be detected. Then,
we use the same method as in Example 5 to obtain the repair for rag9, whose value is 33050.13.

In the second iteration, as shown in Figure 6b, we have threshold -3806.94 and 3806.94. rxq is -47.37,
thus it does not need to be repaired. However, this time xq00 is considered an violation, since xg00 is
5346.38. The repair x;,, = 44032.43 is obtained using the same seasonal repair generation method.

In the third iteration, as shown in Figure6c, the threshold is -2901.66 and 2901.66. r290 and r291
are -47.37 and 1.2, respectively. The other data points are also not detected as violations, so the series
is completely cleaned. Note that the original value of x,90 is 32652.15 and xs¢ is 43413.56, our method
works well.
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5.3.2  Convergence Analysis. We show below that the iteration of cleaning guarantees to converge
in certain cases. The proof is available in [27].

Proposition 4. When the violations occur only in one cycle, Algorithm 1 can always generate a
repair x" of x that satisfies the seasonal and trend constraint, i.e., converged.

Note that the proposed iterative cleaning scheme converges not only when violations occur only
in one cycle. Indeed, the algorithm converges rapidly in real-world scenarios. Section 7.4.2 shows
that the algorithm converges in 4 iterations under 5%. error rate and converges in 8 iterations
under 50%. error rate. In practice, errors are often rare, e.g., typically below 50%.[23]. For general
cases in practice, we use a parameter, max_iter, to restrict the maximum number of iterations. It
avoids the situation that the repaired time series continuously detects violations.

5.3.3 Complexity Analysis. As shown in Algorithm 1, the algorithm is divided into three parts:
decomposition, detection, and generation. (1) For decomposition, both the trend and seasonality
filter use the median filter. Thanks to the algorithm proposed in [1], the calculation of median
filter takes O(n) time. (2) For detection, we only need to calculate the standard deviation, which
has a time complexity of O(n). (3) For generation, we only need to add the components with an
time complexity of O(1). In summary, the time complexity of each repair round is O(nlogm).
Note that we use these steps iteratively, the total time complexity of the algorithm is calculated by
multiplying the number of iterations with O(nlogm).

6 SYSTEM DEPLOYMENT

We deploy our proposed method for cleaning seasonal time series in an open-source time series
database system, Apache IoTDB [14, 30]. The document is available on the product website [6] and
the code is included in the GitHub repository of the system [5].

6.1 SQL Statement

We use SRD to refer to our time series cleaning method under seasonal and trend constraints. For
the time series stored in Apache IoTDB, we implement SRD as a built-in function. Leveraging
the query write-back mechanism of Apache IoTDB, the cleaned data can be directly computed
and stored using SQL queries. For example, by executing the following SQL statement, users can
obtain the SRD cleaning results for the time series root.Power with a period of 12.

select SRD(value, 'period'=12)
from root.Power
where time>=20 and time<=100

The parameter ‘period’ represents the period of the time series x, which can be estimated by period
detection methods [9, 28, 33]. At this point, the cleaned time series x” with timestamps in the range
of [20, 100] are returned.

6.2 Query Processing

Figure 7 presents the query process of SRD in IoTDB. Given that SRD is implemented as a function,
as mentioned in Section 6.1, IoTDB first retrieves data points from TsFile that satisfy the filtering
criteria through the FileSeriesReader interface, as shown in Figure 7. Based on the specified query
path and the target file, all data points in the file for the specified time series are retrieved in
ascending order of timestamps. For the iterative cleaning process, we detect constraint violations
on the data x") in the h-th iteration. If violations are still present, the process proceeds to the
(h + 1)-th iteration, where xh*D) gverwrites x(®, thus incurring no additional space overhead.
Figure 7 illustrates this process.
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Fig. 7. Query processing of SRD in Apache loTDB.

Table 2. Features of datasets

Time series size Dirty data Number of periods

Grid 21,647 Embedded 16
Insurance 82,545 Embedded 287
Airline 37,508 Embedded 131
Telecom 49,389 Embedded 172
GPS 1,754,400 Embedded 10,442
Power 5,241,600 Clean 36,400
Voltage 22,825,440 Clean 15,851
Traffic 1,747,200 Clean 10,400
Weather 5,256,000 Clean 36,500

7 EXPERIMENT

In this section, we perform experiments to evaluate (1) the repair performance and the improve-
ment of downstream task performance on real datasets with real violations, (2) the scalability and
the repair performance on different violations on real datasets with injected errors, (3) the inves-
tigation of the proposed methods, including cleaning methods and iterations by comparing with
other existing methods as baselines. The code and data of the experiments are available online for
reproducibility [10].

7.1 Experimental Setup

All experiments are carried out on a computer with an Intel Core 17-9750H CPU and 16 GB of
memory, running Apache IoTDB 0.9.3.

7.1.1 Datasets. We use five datasets with real-world errors naturally embedded and four real
datasets with synthetic errors following the same line of [39]. We consider only time series with
seasonal features. Like any other constraint-based cleaning methods [3, 25], SRD is applicable only
to the data where the constraints such as functional dependencies, denial constraints [3] or speed
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constraints [25] hold, instead of "all" (time series) data. Thereby, the constraint-based methods are
best effort cleaning. The datasets and their properties are briefly listed in Table 2.

Grid, Insurance, Airline, and Telecom datasets are collected from IoT devices across different
domains and contain real-world errors. However, to the best of our knowledge, no public seasonal
dataset with real-world violations and ground truth exists. Therefore, we collect and annotate
the GPS dataset around our campus buildings with real-world errors and ground truth under a
bridge. Power dataset contains records of power consumption from three different distribution
networks in Tetouan city, located in northern Morocco [22]. Voltage dataset contains records of
electricity consumption in a house located in Sceaux [12]. Both datasets are sourced from the UCI
Machine Learning Repository [29]. Traffic and Weather are widely used public datasets from
[41]. We expand Power, Voltage, Traffic and Weather by 100/10 times using the method of splicing
the beginning and end. The selected source datasets represent general real-world scenarios. Due to
space limitations, results for the Voltage and Weather datasets are provided in the appendix [27].

7.1.2  Metrics. As shown in Table 2, some datasets employed for the evaluation contain embedded
errors with positions. However, we do not know their ground truth. Therefore, we solicit the
participation of domain experts to provide reference repair values.

The repair methods remove errors from dirty data x and generate repair data x’. We compare
the repair data x” with clean data x* to evaluate the performance. (1) For experiments with real
errors, the original data is regarded as dirty data x due to the presence of errors, whereas the
data after applied reference value substitution is considered as clean data x*. (2) For experiments
with synthetic errors, errors are intentionally injected into the original data to create dirty data x,
whereas the original data without such noise is deemed as clean data x*. Since our method makes
no assumptions about error types, we inject diverse errors into the data: Gaussian noise with a
few extreme values added as outliers.

Root mean squared error (RMSE) measures the difference between two series. To evaluate the
performance of repair methods, we calculate the RMSE as RMSE(x*, x") where x* denotes the
clean data, and x” denotes the repair data.

7.1.3  Methods. We compare various time series cleaning methods, following the categorization
of related works in Section 2. We select only one representative method from each category.

SRD is our proposed algorithm (Algorithm 1), which performs seasonal repair by capturing
seasonal and trend constraints as described in Section 4.1. SCREEN [25] repairs time series data
using speed constraints. LsGreedy [38] maximizes the probability of speed changes based on a
modeled distribution. IMR [39] iteratively estimates the parameters of a time series prediction
model to guide repair. ASAP [21] is a smoothing-based method that adaptively balances noise re-
duction and trend preservation. HoloClean [20] is a relational data cleaning framework that uses
user-specified constraints, including seasonal and trend constraints, to detect errors. We also de-
sign two hybrid methods: MP_Linear, which combines Matrix Profile [36] for detection, based on
distance spikes between subsequences, and linear interpolation for repair; and SARIMA_Linear,
which uses SARIMA [24] to detect anomalies via thresholding the distance between predicted and
observed values.

We use the default parameter settings from the original papers for all baseline methods. For
example, for the pruning threshold 7 in Holoclean, we set it to 0.1 according to the default value
in the Holoclean source code.

7.2 Comparison on Real Violations

The experiments on real errors consist of two parts: (1) comparing the effectiveness of error repair,
and (2) comparing the effectiveness of repair results on downstream data science tasks.
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Table 3. RMSE of various cleaning methods over datasets with real-world dirty data

Grid Insurance Airline Telecom GPS

SRD 0.07 0.06 0.05 0.03 0.09
SCREEN 044 0.3 0.63 0.75 0.44
LsGreedy 0.3 0.23 0.59 0.2 0.24
IMR 0.24 0.31 0.57 0.14 0.23
ASAP 0.37 0.17 0.23 0.22 0.19
HoloClean 0.2 0.12 0.17 0.16 0.18
MP_Linear 0.26 0.26 0.36 0.42 0.31
SARIMA Linear 0.18 0.23 0.28 0.31 0.2
B Clean SRD I | sGreedy ASAP B MP_Linear
Dirty B SCREEN . MR HoloClean EEE SARIMA_Linear
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Fig. 8. Performances of applications over clean, dirty and repaired data by various approaches.

7.2.1  Repair Performance Comparison. Table 3 presents the results of various models on datasets
containing real errors. Since the IMR method requires partial labeling of data, 20% of the data
points are labeled, which creates an unbalanced comparison. Despite this, our method SRD demon-
strates superior effectiveness. For example, in the Grid dataset with significant seasonal features,
SRD achieved a more than 50% reduction in RMSE over other cleaning methods. This is because
the SRD method utilizes the overall seasonal features of the data to conduct repairs, rather than
restricting repairs to local data characteristics as other methods. SRD also outperforms hybrid
methods such as MP_Linear, as matrix profile is sensitive to trend shifts and linear interpolation
may introduce new errors. Note that SRD also achieves the best decomposition on GPS, confirm-
ing its effectiveness on real-world data with ground truth. We also find that SRD is not limited to
a single data type such as IoT, and applies to any dataset with seasonal patterns.

7.2.2  Case Study on Data Science Applications. We evaluate the impact of cleaning on state-of-
the-art downstream analysis. Specifically, we evaluate the performance of repaired data by domain
experts as "Clean’, original data with real errors as "Dirty", and repair data using different methods.
Through our analysis, we provide insights into the efficacy of different data cleaning methods for
improving the accuracy and reliability of data science applications.

Time Series Prediction. Time series prediction is a commonly utilized task in time series analysis.
For instance, our partner factories frequently require predicting future grid loads based on the
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Grid dataset. Figure 8(a) displays the prediction results by using N-Linear model [37], with RMSE
serving as the evaluation metric, measuring the variance between predicted and actual values.

As expected, the performance of the Dirty dataset is poor, as errors can interfere with model
training. It highlights the importance of cleaning errors before data science tasks. Compared to
other methods, our proposed SRD method demonstrates significantly higher prediction accuracy.
Notably, the performance of the SRD outperforms Clean on the Telecom dataset. This performance
improvement indicates that the effectiveness of the SRD in cleaning errors sometimes even exceeds
that of domain experts. Furthermore, SRD improves prediction performance on the GPS dataset,
demonstrating its practical potential on real-world data.

Time Series Classification. According to suggestions for datasets partitioning provided by our
industry partner, the Grid dataset was divided into 2 parts, while the insurance, airline, bank, and
telecom datasets were divided into 11, 8, 13, and 6 parts, respectively, resulting in a total of 40
parts. Moreover, we use the dataset names as labels to perform time series classification tasks.
We employed 70% of the data for training and 30% for evaluation, with the F1-score serving as
the evaluation metric. Figure 8(b) presents the classification results from applying GRU-D (8],
demonstrating our proposed SRD method’s superior performance compared to other methods.
After cleaning dirty data, it is easier to capture the similarity between time series. Furthermore,
the SRD method is the most effective in making the data conform to the original seasonal features,
hence it performs the best.

Time Series Clustering. We performed a clustering task on the identical 40 subsets as those uti-
lized for classification in Section 7.2.2. We employed the Random Index (RI) as the evaluation
metric and dataset names as labels. We use CRLI [17] as our clustering model. As illustrated in Fig-
ure 8(c), our method outperforms all other repair methods in enhancing clustering performance.
This is due to the easier measurement of similarities between different time series as a result of
error removal.

7.3 Comparison on Synthetic Violations

The experiments on synthetic violations compare (1) the scalability of the violation repair under
different data sizes, and (2) the effectiveness of the repair under different violation types.

7.3.1 Scalability. Figure 9 examines scalability by varying the size of time series. MP_Linear and
HoloClean require significant feature learning time, resulting in runtimes exceeding 12 hours in
this experiments, significantly longer than other methods. Due to their excessive time overhead,
MP_Linear and HoloClean are not suitable for large-scale data cleaning. Therefore, we exclude
them from the scalability experiments. As the data size increases, the accuracy of each method gen-
erally remains stable. Not surprisingly, the proposed SRD have much lower RMSE than SCREEN,
LsGreedy, and ASAP under complex error types because they ignore the seasonal patterns of the
time series. SRD also outperforms seasonal methods such as SARIMA _Linear, which relies on fore-
casts sensitive to violations and uses linear interpolation that fails to capture seasonal shifts. In
contrast, SRD adopts violation-tolerant decomposition and generates repairs from seasonal decom-
position results.

The time costs of all methods are positively correlated with data size. Compared to other meth-
ods, SRD has a moderate time complexity and consumes less time than LsGreedy and IMR.

7.3.2  Period. Figure 10 examines scalability by varying the period of the time series. We adjust
the period using downsampling. Overall, all methods show consistent performance across different
period settings. Since larger downsampling may reduce data variability, methods such as SCREEN
exhibit slightly lower time cost when the period is small.
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Fig. 10. Varying period m.

7.3.3  Window Size. Figure 11 explore the impact of window size w in trend filter. As the window
size w increases, the performance of SRD first improves and then degrades. SRD performs best
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Fig. 11. Varying window size w (of SRD).

when window size w equals the period m, i.e., w = 168 for Traffic dataset in Figure 11(a) and
w = 144 for Power dataset in Figure 11(c). while other methods are unaffected since they do not
use this parameter.

7.3.4 Varying Error Rate. Figure 12 shows the results at different error rates. As the error rate
increases, the RMSE of almost all methods increases. However, SRD exhibits low sensitivity to
error rates because it effectively utilizes the median, reducing the impact of Gaussian noise with
zero mean. Hence, an increase in the error rate has a minimal effect on the SRD method.

7.3.5 Varying Error Range. Error range refers to the absolute size of errors injected into the time
series. In contrast to other repair methods, SRD remains almost unchanged or even decreases when
the error range increases as illustrated in Figure 13. This is due to its error-tolerant design and use
of means that reduce the impact of extreme values. The larger the error range, the greater the
probability that the series exceeds the constraint threshold, and the more accurate the violation
detection method. In contrast, existing methods such as LsGreedy train directly on original data
and are sensitive to large-range errors. Furthermore, the time cost of SRD does not increase signif-
icantly with increasing error range. This is because although a broader error range may result in
identifying more violations, generating repairs for them is not excessively time-consuming.

7.3.6  Varying Consecutive Errors. As for cases of consecutive violation detection, our methods still
perform very well. In particular, when the length of consecutive error equals 1, this is the case of
single point violation detection. Figure 14 illustrates the results on various lengths of consecutive
error. In single point violation detection, LsGreedy and SCREEN output similar RMSE as SRD do.
However, as the length of consecutive error increases, RMSE computed by LsGreedy and SCREEN
increases significantly while RMSE computed by SRD almost keeps stable. Moreover, the time cost
of SRD is not significantly impacted by longer consecutive errors, since these types of errors do
not affect SRD’s overall repair.
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Fig. 13. Varying error range.

7.4 Evaluation of Proposed Techniques

In this section, we assess how different design choices, i.e., decomposition method, iteration strat-
egy, and constraint thresholds, synergize to produce the observed improvements. We (1) replace

Proc. ACM Manag. Data, Vol. 3, No. 6 (SIGMOD), Article 308. Publication date: December 2025.



308:22 Zijie Chen, Aogian Zhang, and Shaoxu Song

—e— SRD —— LsGreedy = —— ASAP —+— MP_Linear
—»— SCREEN —=— IMR —%— HoloClean SARIMA_Linear
(a) Traffic (b) Traffic

F—r =1 7 ]

103 | - -

Time cost (ms)

10! 1 o
2 4 6 8 10 2 4 6 8 10
Consecutive errors Consecutive errors
(c) Power 5 (d) Power
0.4#%&\‘\_‘\ 10 = = = 5
03p—u ‘ g0 .
@ \E\E——E %
1 —a—8—g5—-*
E 0.29 8 103 4
g " — 1
011 £ 102 5 )
0.0+ T T T Y Y v
2 4 6 8 10 2 4 6 8 10
Consecutive errors Consecutive errors
Fig. 14. Varying length of consecutive errors.
Hm SRD Bmm SRD-OnlineSTL SRD-STL
B SRD-Multiplication B SRD-OneShotSTL  mEE SRD-RobustSTL
(a) RMSE (b) Time
_107
w
£
g 108
o
g
5
E 10
10* | |
\Q e une o PO A0 € e 0 PO
el oo AR e [c\4 el e et R “@e® G®

Fig. 15. SRD with various decomposition methods.

the decomposition module in SRD with different design choices in Section 7.4.1, (2) evaluate dif-
ferent numbers of iterations in Section 7.4.2, (3) evaluate different constraint thresholds in Sec-
tion 7.4.3.

7.4.1  Impact of Decomposition Method. We evaluate the impact of different decomposition meth-
ods on the repair effect. We aim to demonstrates the contributions of different SRD components,
compared to the other baseline methods, inclusing online methods OnlineSTL [18], OneShot-
STL [11] and batch methods STL [4], RobustSTL [32]. Moreover, our method can be extended
to support multiplicative seasonal-trend patterns by modifying the constraint extraction step (Sec-
tion 4). The detection, repair, and iteration procedures remain unchanged. We compute the trend
as in Equation 4, detrend via d; = ’T‘—j and estimate seasonality using Formula 5. The component
extension combines trend and seasonal components multiplicatively, e.g., replacing #,,| mo1) + 8
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Fig. 16. SRD by varying maximum number of iterations.

with £, m1 | Xs;. We validate this method (SRD-Multiplication) below. Figure 15 shows the results,
where SRD refers to the repair using violation-tolerant decomposition, SRD-OnlineSTL refers to
the repair using OnlineSTL, and so on.

Figure 15(a) shows that SRD method outperforms SRD-OnlineSTL, SRD-OneShotSTL and SRD-
STL in most datasets. This reflects the violation-tolerant median filter in SRD outperforms filters
used in other decomposition methods, such as the tri-cube filter in OnlineSTL. Notably, real-world
data is often additive, making SRD-multiplication perform worse than SRD. Note that RobustSTL,
which is the method with the highest decomposition performance, can mitigate the impact of vi-
olations. Nevertheless, SRD is comparable to SRD-RobustSTL on Grid and Insurance. Figure 15(b)
shows that the efficiency of SRD method is much higher than other methods on all datasets. Al-
though SRD-RobustSTL achieved the effect only second to SRD in Figure 15(a), its decomposition
efficiency is too low to be directly applied.

7.4.2  Impact of Iterations. In this section, we explore the impact of iterations in SRD by adjusting
max_iter, which means the maximum number of iterations. Figure 16(a) and 16(c) shows that, as
max_iter increases, the RMSE of SRD gradually decreases, because more violations are detected
and repaired. However, RMSE stabilizes beyond a certain max_iter, indicating SRD convergence as
iterations no longer increase. Figure 16(b) and 16(d) show that more iterations increase time cost,
as each iteration involves full decomposition, detection, and repair. The time cost stabilizes once
max_iter exceeds a certain point. In Figure 16(b), SRD converges in 4 iterations for the voltage
dataset at a 5%oerror rate, and 8 for 10%.. It validates Proposition 4, as violations are more likely to
occur within fewer periods when the violation rate is low.

7.4.3 Impact of Constraint Threshold 1. In this section, we explore the impact of threshold 7;
and 7, in seasonal and trend constraint. Figure 17 shows the results. We set 1; and 7, as integer
multiples of the standard deviation of the original data. When 5; and 7, are too small, even normal
points may be repaired, causing over-repair. Conversely, if they are too large, real errors may be
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Fig. 17. SRD by varying threshold n; and 5.

missed, resulting in under-repair. Proper tuning is thus essential. Note that the optimal values of
n1 and 75, vary across datasets; for example, 11 = 4 is optimal on Traffic, while n; = 5 is optimal on
Power, indicating that different datasets vary in their tolerance to over- and under-estimation.

8 CONCLUSION

In this paper, we propose a novel data cleaning method SRD with seasonal and trend constraint
for the time series having seasonal features. First, to capture seasonal and trend constraint, we
introduce an violation-tolerant median filter that robustly extracts the long-term trend and the
same-phase seasonal components. Moreover, we extend the incomplete trend components. With
the remedied decomposition, violations to the seasonal and trend constraints are detected. After
recognizing NP-completeness of the cleaning problem (Theorem 1), we heuristically repair the vi-
olations by referencing the seasonal and trend components of corresponding points in the same
phase across cycles. Since the captured seasonal and trend constraint may vary after a round of
data cleaning, we design an iterative algorithm. While the iteration of cleaning guarantees to con-
verge in certain cases (Proposition 4), in practice, we may set a maximum number of iterations
to terminate early. The proposal has now become a built-in function in Apache IoTDB, a product
system of time series database. Experiments on real-world datasets show that our method outper-
forms existing methods in cleaning seasonal time series and improving downstream applications.
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