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1. INTRODUCTION

 The enormous amount of data that is being gathered by networks such as SCIGN and the 
Plate Boundary Observatory (PBO) can potentially provide many new insights in any transient 
crustal motion that may be occurring in addition to the secular strain accumulation. This project 
was aimed at participating in the “blind test” (i.e., Phase II Group A) organized by SCEC to 
detect such transients. Our contribution to this exercise was in applying an original approach – 
Multiscale Trend Analysis (MTA) – for the detection of time-series transients. While the MTA 
method is a powerful tool to detect transients and assess their regional extent, we have not yet 
attempted to interpret the transients in terms of the underlying signal. 

 
2. APPROACH

2.1. Background

The MTA method is based on optimal piecewise linear approximations of time-series [Zaliapin  
et al., 2004]. A hierarchical tree is constructed that describes the trend structure of a given time 
series  X(t) for a generalized time interval [0,1]. Trend is defined here as a linear least square 
approximation of  X(t) at a subinterval of the observational time interval. At the first step the 
whole time-series  X(t),  t ɛ [0,1] is approximated by a single trend – the linear least square fit 
L0(t). This trend forms level 0 (root) of the hierarchal tree. We define the approximation error 
L0(t) as

E0=∫ X  t −L0 t  
2 dt (1)

where  the  integration  is  taken over  the  entire  observational  interval.  At  the  next  step  MTA 
evaluates the most prominent deviations of  X(t) from  L0(t) and depicts them by the first-level 
approximation,  L1(t), which consists of  N1 linear segments and has the approximation error  E1 

(following 1). How to determine the optimal N1 and the associated L1(t), and those of subsequent 
levels in the hierarchy is a critical part of obtaining meaningful results with MTA. Formally, to 
construct the approximation L1(t) some quality measures are introduced [Zaliapin et al., 2005a] 
such  that  the  chosen  approximation  maximizes  the  quality  increase.  To  construct  the  next 
approximation,  L2(t), we apply a similar procedure, but only to one of the  N1 segments at the 
time.  Which  segment  to  choose  depends  on  the  maximization  of  the  corresponding  error 
decrease.  The  N2 segments  of  this  approximation  comprise  the  hierarchy’s  second  level. 
Similarly, at each consecutive step we apply the same procedure to one of the segments of the 
current  approximation  Lk(t)  to  form  the  next  approximation  Lk+1(t).  Each  segment  of  the 
approximation  Lk+1(t) is embedded into or coincides with a segment from  Lk(t). As a result, a 
series  of  piecewise  linear  approximations  Lk(t),  k=1,2,…  of  X(t)  is  obtained,  with  each 
approximation  having  increasing  detail  and  the  larger  k  the  larger  the  number  Nk of  linear 
segments within Lk(t), and the smaller their characteristic duration.

One of the important  applications  of MTA is correlation  analysis  of time-series.  The 
major  drawback  of  classical  correlation  analysis  is  that  interpretation  of  its  results  may  be 
completely ruined by the presence of long-term trends and/or modest amplitude modulations of 
signals. The MTA approach can naturally avoid these problems by depicting the essential local 
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properties of the analyzed series. MTA provides two measures of similarity between time-series. 
One is  based on the closeness  of time interval  partitions  and another  takes  into account  the 
directions  of  local  trends.  In  this  project,  we propose  to  use  and further  develop  the  MTA 
correlation analysis based on both duration and direction of local trends. Transients, the main 
targets of our analysis, will be recognized as simultaneous deviations from the long-term trend in 
the GPS signals at different stations.  

2.2. Application of MTA towards transient detection

We developed a pilot MTA-based algorithm for detecting transients and applied it to the 
test data sets from Group A, Phase II. Here we briefly describe the developed approach.

Each transient is assumed to be a local temporal deviation of the record Xi(t) at station i 
from its “normal” dynamics, which consists of a linear trend Li(t), seasonal component Si(t) and 
noise Ni(t). Here, the structure of noise can be arbitrarily complicated, in particular the different 
station’s  noises  can be correlated,  and the  proposed method will  not  rely  on any restrictive 
assumption about Ni(t). MTA of Sect. 2.1 is applied to the detrended station signal (see details 
below)  and  each  local  linear  MTA segment  T on  interval  [tstart,  tfinal]  is  considered  to  be  a 
candidate  to a transient.  In order to distinguish the true signal (a transient) at a station  i from 
numerous noise fragments,  we employ the  following three measures.  Signal  amplitude  AT is 
defined as the difference between the station’s values at the ends of the corresponding interval: 

AT = |X(tstart) – X(tfinal)|.

Time-coherence CT is defined as the proportion (with respect to the total number of stations) of 
the  stations  that  have  a  candidate  signal  starting  within  ∆ months  from  tstart. Finally,  space-
coherence  RT is defined as the proportion of stations located within  ρ km from station  i and 
having a candidate signal within time ∆ from tstart. We often consider as a useful parameter the 
total amplitude of all stations used in computing space-coherence. In our analysis, we always 
used ∆ = 1 month. 

Formally,  the  transient  detection  algorithm is  realized  via  the  following sequence  of 
steps:

1. Detect and remove the global linear trend Li(t) at each station. The global linear trend is 
determined by the least-square method and coincides with the zero level of the MTA 
decomposition.

2. Detect and remove the seasonal component Si(t) at each station. The seasonal component 
is assumed additive and having period of  one year. Accordingly, the value of  Si(t) at a 
given day, say November 6 is estimated as

Si(d) = 
X i  Nov . 6,2000−Li  Nov .6,2000 . ..X i  Nov . 6, 2008−Li  Nov .6,2008 

8
3. Find the best piece-wise linear MTA approximation of the residuals Xi(t) – Li(t) – Si(t) at 

each station. Each trend is characterized by onset time tstart, duration τ, amplitude A, and 
(station) location.

4. Find the distribution of the onset times. 
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5. Find the distribution of onset times weighted by amplitude.
6. Find spatial extent of signals with prominent amplitude and/or time-coherence.
7. “Signal” corresponds to a set of trends with high values of two out of the three measures: 

time-coherence, space-coherence, amplitude.

Figure 1a) Example detrended time-series.

Figure 1b) Example detrended time-series minus seasonal signal.

Figure 1c) Example MTA level 1 (3 trends) in red. Blue line is 120 day  
moving average.

Figure 1d) Example MTA level 9 (22 trends) in red. Blue line is 120 day  
moving average.
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3. RESULTS FROM PHASE III

We here present results from Phase III Group A, which reveal how MTA is much less 
successful when the transient are subtle, compared with its ability to detect the larger signals in 
phase II.  Now, to identify actual transient, manual inspection is required to remove false 
positives.

An MTA run on Phase III Group A originally gave us four significant trend changes 
(Figure 2)

Figure 2) Top, histogram of stacked amplitude. Bottom, histogram of number of stations  
indicating rate changes in set IIIA.

Next, we identify any station that is part of each detected slope change that is anomalous 
either in terms of its location or in terms of its time-series. An example for the slope change in 
2002 is shown in Figure 3. We identified several stations as part of this group that were outside 
the main cluster and that seem to have only a marginal signal at the identified time of the slope 
change in the time-series. Removing these outliers resulted in a much tighter result, but required 
manual inspection. Using this approach only the anomaly in 2002 seemed likely, the other three 
were not.
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Figure 3) Top left; map with stations that comprise the group that showed a slope  
change in 2002; Other figures are (detrended) time-series of some stations that fell well  
outside a group of closely clustered sites that showed the signal.

Figure 4) As in Figure 3, after removal of outliers
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4. APPLICATION TO THE GREAT BASIN

As part of our proposed work, we also looked at real time-series of long-running stations 
in the Basin Range. There, systematic regional velocity changes have been proposed by others 
(Davis et al., 2006; Wernicke and Davis, 2010). We evaluated our own-time series, which had 
low noise because common-mode noise had been removed. MTA detected three significant trend 
changes (Figure 5). 

Figure 5) Top, histogram of stacked amplitude. Bottom, histogram of number of stations  
indicating rate changes in the Basin and Range. The one in 2001 was non-coherent and  
the one in 2004 was controlled by only one station.

Figure 6) Left, map of 5 stations that had a coherent slope change around 2006. Right,  
Map for reference.
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Of the three detected candidates only the one in 2006 showed some spatially coherent signal 
(Figure 6), although the stations were still far apart. This may be a limitation of the station 
spacing in the Basin and Range, and this makes it difficult to assess whether the signal in 2006 
was real. Many other stations in the area did not have a slope change at that time.

5. CONCLUSIONS

1. The used method (MTA) is based on combination of amplitude, time and space coherence of 
signals from different stations.

2. MTA approach is very sensitive to subtle variations in amplitudes, leading (in part) to signal 
detections that have high temporal coherence, but poor spatial grouping.

3. Our findings improved after iterative removal of outliers, but this required manual inspection.

4. In phase III, two strong candidate signals were identified in set A and C, and two possible 
signals in set D and E. 

5. An attempt to apply MTA to real data in the Basin and Range does not look promising, given 
large station spacing, making it difficult to identify spatial coherent signals. 

6. Given the above, we conclude that at present MTA is not a suitable method to detect small 
and/or real-time transients.
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