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ABSTRACT 

The issue of global climate change due to increased 
anthropogenic emissions of greenhouse gases in the atmosphere has 
gained considerable attention and importance. Climate change 
studies require the interpretation of weather data collected in 
numerous locations and/or over the span of several decades. 
Unfortunately, these data contain biases caused by changes in 
instruments and data acquisition procedures. It is essential that 
biases are identified and/or removed before these data can be used 
confidently in the context of climate change research. 

The purpose of this paper is to illustrate the use of an 
adaptive moving average filter and compare it with traditional 
parametric methods. The advantage of the adaptive filter over 
traditional parametric methods is that it is less effected by 
seasmal patterns and trends. The filter has been applied to upper 
air relative humidity and temperature data. Applied to generated 
data, the filter has a root mean squared error accuracy of about 
600 days when locating changes of 0.1 standard deviations and about 
20 days for changes of 0.5 standard deviations. In some 
circumstances, the accuracy of location estimation can be improved 
through parametric techniques used in conjunction with the adaptive 
filter . 



I. Introduction 

In recent years the issue of global climate change due to 
increased anthropogenic emissions of greenhouse gases in the 
atmosphere has gained considerable attention and importance. 
Recognizing the need for a long-term data base to address global 
climate changes, the National climatic Data Center (NCDC) has 
embarked on a project to create an upper air data base consisting 
of radiosondes, pibals, surface reports, and station histories for 
the northern and southern hemispheres. Unfortunately, these data 
contain biases caused by changes in instruments and data 
acquisition procedures (Elliott and Gaffen, 1991; Schwartz and 
Doswell, 1991; Garand, et al. 1992). It is essential that biases 
are identified and/or removed before these data can be used 
confidently in the context of greenhouse-gas induced climate 
modification. 

The primary object of this investigation is to develop and 
apply purely statistical methods of detection and adjustment for 
biases in the upper air temperature and humidity data. A purely 
statistical approach is needed because detailed knowledge of 
radiosonde instrumentation, data reduction methods and changes in 
data acquisition procedures are often unavailable. Even when there 
are good station histories, purely statistical methods can provide 
independent confirmation of and information about suspected biases. 

In addressing this problem, it is presumed that changes in 
data due to instrument change are characterized by their abrupt and 
persistent nature in contrast to changes due to long term climate 
(slow but persistent modification of data characteristics) or due 
to short term weather systems (abrupt but ephemeral modification of 
data characteristics). 

Detection of abrupt changes due to instrumentation or data 
reduction is complicated by the nature of daily temperature and 
humidity data. This data can be characterized as high frequency 
noise combined with low frequency seasonal and trend components. 
The seasonal components vary from year to year, limiting the 
ability of traditional parametric techniques, which rely on their 
removal. In this paper we describe a procedure which locates 
suspected discontinuities using a low-pass filter (KZA) and compare 
it with better known parametric techniques. 

The KZA filter is a modification of the low pass KZ filter 
(Zurbenko, 1986, Rao and Zurbenko, 1994) designed to remove short 
term fluctuations attributable to seasonal and short term climate 
change, but which tends to smooth abrupt discontinuities, making 
estimation of their time of introduction difficult. The KZA filter 
is an adaptive form of the KZ filter which more precisely defines 
abrupt discontinuities in time series. 
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The KZ and KZA filters have the spectral characteristics of a 
rectangular filter, but do not require the latter's complicated 
parameter estimation. As such, the KZ and KZA filters remove some 
frequencies leaving others untouched, permitting physical 
scientists to apply their expertise and intuition to filtered data. 
In other words, data filtered by the KZ or KZA reflect physical 
phenomena, unlike data treated by other techniques, which may 
remove unwanted components of the data but distort phenomena of 
interest . 

Parametric methods used include those of Alexandersson 
(Hawkins, 1977; Alexandersson, 1986) and Schwarz' criterion 
(Schwarz, 1978). These methods assume normally distributed, 
independent data and are suitable when applied to seasonally 
adjusted monthly averages of upper air data having relatively 
large, not too closely spaced, breaks. As the number of breaks 
increase these methods lose power, in part because of the 
difficulty of seasonal adjustment in the presence of large numbers 
of discontinuities. 

We describe and demonstrate procedures using synthetic data 
with known characteristics, and actual data from Oakland, 
California and Hilo, Hawaii, and Hong Kong, stations with well 
known histories. Simulations with synthetic data provide operating 
characteristics of statistical methods under controlled conditions. 
Usually, the performance of a method using normally distributed 
independent data will reflect its most optimistic expectation. 
Actual data are needed to design appropriate conditions for 
simulations and, in the case of stations with well documented 
histories, may also provide some insight into method capability. 
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11. Methods 

A. Parametric methods 

Simulation studies by Easterling and Peterson (1992) suggested 
that the method of Alexandersson's (AM)(Hawkins,l977; 
Alexandersson, 1986) was the most effective of several techniques 
for locating single discontinuities in time series of independent, 
normally distributed\ random variables. 

AM is the maximum likelihood estimator for a single change 
point in a time series of independent, normally distributed 
observations. It considers the null hypothesis that there are no 
discontinuities against the alternative that there is one. The 
power of AM method applied to normal, independent data is described 
elsewhere (Porter et.al 1994). The test statistic for AM is To, 
computed as follows: 

(n-r I F ~ I  

where n is the sample size, r is the break location, x, and are 
the sample means occurring before and after the break, 
respectively, and X represents data standardized to 0 mean and unit 
variance. Under &, T, is distributed as x:. The value of To is 
compared with the appropriate critical value. Critical values 
depend on the minimum sample size that is considered acceptable, 
in this study, 5. 

The original single break point (BP) AM performs well for 
single breaks of relatively large size (say 0.5 standard deviations 
of a process) but poorly when multiple breaks are present (Porter, 
et.al, 1994) When two consecutive breaks occur in the Same 
direction, they may be interpreted as one large break, distorting 
the break time estimate. Two breaks occurring in opposite 
direction tend to be averaged, avoiding detection. 

A modification of AM that looks for multiple breaks performs 
better than single BP methods when multiple breaks are actually 
present. However, the single BP AM is most powerful when there is 
actually a single BP. 

The principle problem with AM is that it requires independent, 
normally distributed observations, necessitating adjustment for 
trend and seasonality. Daily observations of seasonally adjusted 
upper air data are serially correlated, reducing the effective 
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sample size, and changing the test's critical values. If critical 
values are not adjusted for serial correlation, too many false 
positives result. 

The Schwarz' criterion (SC) (Schwarz, 1978; Yao, 1988) was 
also used for multiple break point problems. SC is given by: 

(4 )  n SC(R/) = In of, + R/ In n 

where R' is the number of break points minimizing SC(R'), n is 
sample size, and 02, is the variance of the residuals created by 
subtracting the R'+1 means. SC(R) is computed for all possible 
values of R and break locations, the minimum being SC(R')* (SC is 
closely related to the Aikaike information criterion). 

B. Seasonal adjustment 

When parametric methods were applied to actual data or 
synthetic data having seasonal patterns, the original series of 
daily observations data were first averaged by month and 
deseasonalized using the program PEST (Brockwell and Davis, 1991). 
PEST uses a 12 point moving average to compute the seasonal 
component, which is then subtracted from each datum. PEST assumes 
that the seasonal component is invariant, meaning that there is a 
single value for the January seasonal Component that is subtracted 
from all January averages. The invariance assumption is 
approximate since the January seasonal effect changes from year to 
year. 

C. Adaptive moving average filter 

Since a long term moving average which filters out seasonal 
variation and high frequency noise dampens sharp breaks in time 
Series data, an adaptive filter was developed that dynamically 
adjusts the length of the moving average according to the rate of 
change of the process. As the rate of change increases, the length 
of the filter changes. 

The adaptive filter must be preceeded by a simple moving 
average filter (KZ) (Zurbenko, 1986) run iteratively until a series 
that is absent of high frequency noise is obtained. The simple 
moving average is computed as follows: 
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where 2q+l is the filter window. The moving average process is 
iterative in that the process is repeated, with yi replacing in 
equation (5). Termed the @@KZ@@ filter, this iterative simple moving 
average is an efficient low pass linear filter discussed in detail 
in Zurbenko (1986). 

The adaptive filter is then accomplished as follows: 

0 

0 

0 

The original time series, X(t) , is subjected to the KZ,,p 
filter, where q is the half length of the simple moving 
average and p is the number of iterations of the same filter. 

The absolute values (D(t)) of the differenced Z(t) are 
defined: 

The slope of D(t) is defined: 

D ' ( t )  = D ( t + l )  - D ( t )  

When a data point is located on an upslope area of D(t) the 
half length of the moving average before the data point (tail, 9,) 
remains the same q as in the original filter, while the length 
ahead of the data point (head, qH), is shortened as a function of 
D(t) In a downslope area (with respect to D(t) ) , only the half 
length behind the data point (head) will be reduced. The reduced 
length in the vicinity of a break point "sharpens" the moving 
average . 

The adaptive filter is then defined by : 
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q, if D'(t) < 0 

f(D(t))@q, if D'(t) 2 0 

q, if D'(t) > 0 

f(D(t))@q, if D'(t) i 0 

q is the half length 
f (D (t) ) corresponds to: 

in the initial KZ,,,, filter and 

Plots of the filtered data (YJ and the first differences of Yt 
provide visual evidence of discontinuities in time series. 

Probablistic statements about suspected discontinuities are 
made by comparing the filter relative standard deviation (RSD) With 
the standard deviations occurring near suspected breaks. Values of 
the RSD much larger than 1 indicate abrupt changes in the mean 
level . 

The adaptive filter alone, the adaptive filter used in 
combination with AM, and the Schwarz' criterion were evaluated 
under various conditions described below. Previously reported 
results (Porter et al. 1994) indicated that AM applied to data 
having a single break point had better accuracy than the KZA, but 
that KZA was more powerful, suggesting that in combination the two 
techniques might reflect the strengths of both methods and overcome 
their weaknesses. In combining the KZA and AM, the AM was applied 
to a window of size 4oRMSE centered on the location identified by 
the KZA, where RMSE refers to the root mean squared error of the 
break location estimate. In the case of seasonal or actual data, 
when the window size was larger than 60 days, AM was applied to 
seasonally adjusted data. When windows were 60 days or smaller, AM 
was applied to raw data. For such small windows, the effect of 
seasonality or trends is quite limited. 
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Do Simulation studies 

Simulations were carried out using standard normal random 
numbers with breaks inserted. Break sizes ranged from 0.1 to 1.0 
standard deviation of the random numbers, denoted t'o@t . Simulation 
studies were also conducted with data resembling relative humidity 
data by summing three sin functions together with white noise. The 
period of the function was 360 days. The cycle did not repeat 
exactly from year to year in order to simulate the variable 
seasonal effects observed in actual data. The white noise 
represented 50% of the total variability of the seasonal data, and 
break sizes ranged from 0.1 to 1.0 standard deviations of the white 
noise (Fig. 1). 

. Unless otherwise noted, for each combination of break pattern, 
break size, noise level, ten repetitions were carried out. This 
number is quite adequate for comparing methods and for indicating 
whether a procedure has merit, the principle intent of this paper. 

D. Data Base 

The actual data used in the study included relative humidity 
data collected at lOOOmb for Hilo, HI and Oakland, CA, and 
temperature data collected at 850mb at Hong Kong. Data collected 
at 0 : O O  h Greenwich time were used. The Hilo series runs from 1950 
to 1990, the Oakland series runs from 1948 to 1990, and the Hong 
Kong data from 1956 to 1990. All of these stations have relatively 
well known station histories. 

The Oakland 1000 mb data has a total variance of 18.0 (%RH)? 
and a noise variance of 10.3 (%RH)2. The same figures for the Hilo 
data are 11.2 (%RH)' and 5.8 (%RH)*/ while for Hong Kong, the values 
are 4.0 and 0.7 "C2, meaning that high frequency noise accounts for 
57%,  52%, and 18% of total variability in the Oakland, Hilo, and 
Hong Kong data, respectively. On visual observation, seasonal 
variation is much stronger in the Hong Kong temperature data than 
in the relative humidity data of Oakland and Hilo. 

0 
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111. Results and Discussion 

A. Independent, normally distributed random numbers 

The accuracy of break location estimation depends on break 
size and pattern. For the KZA, breaks are located more accurately 
when consecutive breaks occur in opposite direction than when they 
occur in the same direction. For the former pattern, the KZA 
locates discontinuities with an accuracy of about 190 for 
discontinuities of 0.1 Q to about 70 for discontinuities of 0.5 0 
(root mean squared error of break location) (Table 1) For the 
latter pattern, the range is 600 to 180 RMSE. When breaks are 0.1 
Q OL smaller, the KZA detects them, but the accuracy is poor and 
the number of false positives increases. Figure 2 is a typical 
result with KZA, showing also the result obtained with the original 
KZ filter. 

Table 1. Accuracy of break location estimation, appliedto normal, 
independent, random numbers. Values are root mean 
squared error of the break location estimate. 

** break not detected *** large numbers of false positives 

Break pattern does not much affect the SC method and for the 
case of normal random numbers, estimates breaks more accurately 
than the KZA when breaks are 0.2 Q or larger. When breaks are on 
the order of 0.1 Q, the SC method produces a large number of false  
positives. 

For normal random numbers (white noise), it is not useful to 
use parametric methods in conjunction with the filter. For small 
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breaks, the window identified by the KZA and searched by AM is 
quite large (estimated location k 2 RMSE). When break sizes reach 
0.5 [I, the SC method alone is better than the KZA.  

B. Random numbers with a linear trend 

The presence of a trend does not significantly impair the 
performance of the KZA. The RMSE for data having three breaks in 
the same direction and a trend magnitude of 0.0005% was 700, 650, 
400, and 20 for break sizes of 0.1, 0.2, 0.5, and 1.0 6, 
respectively. For the 
data of Figure 3, SC estimated break locations midway between 
actual breaks. The trend cannot be removed from this data using 
parametric methods because for the trend is negated by the breaks. 
First differences would remove the trend, but would reduce the 
amount of information available about the break. 

Figure 3 shows typical results for the KZA. 

C. seasonal patterns 

Seasonal patterns decrease the accuracy of estimation of 
discontinuity location and, as with white noise, the accuracy of 
break location depends on break pattern and size. Again, for the 
KZA, breaks are located more accurately when consecutive breaks 
occur in opposite direction than when they occur in the same 
direction (Table 2). A typical result for the KZA is shown in Fig. 
4. 
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Table 2. Accuracy of break location estimation, applied to 
Values given are root mean simulated seasonal pattern. 

squared error of break location estimate. 

RMSE 

alone AM alone 

break sample break 
pattern size size filter filter + sc 

single 5400 0.1 525 * ** 
0.2 240 160 90 in center . 
0.5 125 30 40 

* two 5400 0.1 230 * ** 
25 0.2 130 160 

0.5 70 10 20 

0.1 270 * 300 

0 . 2  220 * 230 

0 . 5  110 40 55 

break 

breaks in 
opposite 
direction 

two 
breaks 
same 

direction 

~~~ 

filter error too large ** break not detected 

When break sizes are small (0.1 a) , window sizes are quite 
large ( 2  2 RMSE, or about 2000 days), and the KZA used with AM is 
not more accurate than KZA alone. At break sizes larger than 0.20, 
the accuracy of KZ used with AM is better than KZA alone (Table 2). 

Data were also tested which had seasonal patterns and multiple 
breaks occuring in opposite directions. The KZA is able to detect 
multiple breaks where SC cannot. Figure 5 is a typical result for 
such data, showing seasonal data having breaks about every 400 days 
and the KZA result. SC was unable to detect any of the breaks in 
data with this break pattern because the multiple breaks disrupt 
attempts at seasonal adjustment. 

D. Hilo and Oakland relative humidity data 

Hilo relative humiditv, tOO, 1000 mb: 

Breaks found by the KZA in the Hilo data are summarized in 
Table 3. The raw and filtered data are shown in Figs. 6a and 6b. 
Break times were also estimated by AM applied to a window 
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identified by the KZA method, and by SC applied to monthly, 
seasonally adjusted averages. For each of the five breaks 
identified by the KZA, there is a possible explanation in the 
station history. 

The Schwarz criterion (SC) located a break in 1987 that was 
not considered significant using the KZA. The SC method provides 
a single result for the number of breaks and their locations. The 
KZA, on the other hand, provides probability levels and one can 
rank the breaks in order of probability level. O n l y  those breaks 
considered significant at the 95% probability level are listed in 
the table under the KZ method. 

Oakland relative humiditv. tOO. 1000 mb: 

The KZA of the Oakland data indicates the breaks listed in 
Table 4 (Figs. 7a and 7b). Station histories may explain the 3 
largest breaks. SC detected a break in addition to those of KZA. 
As with the Hilo data, the additional SC break is evident in the 
filtered data, but not considered significant (Figs. 7a and 7b). 

Honcr Kona Temperature, tOO. 8 5 0  mb: 

[AS OF THE TIME OF PREPARATION OF THIS DRAFT, THE STATION HISTORY 
FOR HONG KONG HAD NOT BEEN REVIEWED BY THE AUTHORS.] 

The KZA estimated 5 breaks in the Hong Kong data ranging in 
size from 0.7 to 2.8 OC. SC alone did not find the break of size 
0.7 OC in 1985 (Table 5 and Figs. 8a and 8b). 
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Table 3. Estimated break locations and sizes for Hilo, Hawaii, 
relative humidity at 1000 mb and tOO 

sc 
alone 

56/11 

64/12 

69/03 

filter 
alone 

relative standard 
humidity deviations 

( % I  of noise 

3.81 0.66 

1.08 0.19 

57/02/2 
8 

65/01/2 
8 

69/06/0 
‘9 

72/04/2 
6 

81/10/0 
8 

date 

filter 
+ A M  

65/03/3 
0 

69/01/2 
9 

72/07/0 
6 

81/07/2 
0 

break size 

72/02 I 10.73 I 1.87 

81/12 I 1.28 I 0.22 

87/03 I I 
(a) Station move August, 1957 
(b) Carbon hygristor was introduced on February 27, 1965 
(c) Computerization of data reduction took place in 1969 
(d) A new sensor was put into operation on May 2, 1972 
(e) A modified carbon hygristor was introduced 
(f) No station history supporting this break 

station 
history 

a 

b 

C 

d 

e 

f 



2.0 

1.5 

1 .o 

0.5 

0.0 

-0.5 

-1.0 

-1.5 

-2.0 

-2.5 

-3.0 

MA67 -/ 'I 
AEKR BU81 L/l 

-40 -30 -20 -10 0 10 20 

Temperature (deg. C) 
Fig.3 Measure of  errors for  some approximations of 
over  wa te r  with respect to Wewler (1976) 

40 50 

vapor pressure 
form u I a tio ns. 



13 

Table 4. Estimated break locations and sizes for Oakland, 
California, relative humidity at 1000 mb and tOO 

filter 
alone 

63/07/0 
3 

69/09/2 
- 1  

72/04/1 
9 

77/03/2 
4 

79/07/1 
0 

break size I date 

filter + Schwarz relative standard 

of noise 
AM criteria humidity deviations 

( W  
5 6 / 0 6  

63/03/23 6.38 0.62 

69/09/22 70/02 3.97 0.38 

72/08/09 
~~~ 

72/06 1 10.84 1 1.05 

76/11/20 

79/06/08 

station 
history 

a 

b 

C 

d 

e 

e 

~ 

(a) New wind equipment October, 1954 
(b) Carbon hygristor was introduced on April 3, 1963 
(c) A quick fix: manual to computerized data reduction 
(d) A new sensor was introduced on May 12, 1972 
(e) No station histories to support these changes 

Table 5.  Estimated break locations and sizes for Hong Kong 
temperature data at 850 mb and tOO 

date 

filter filter + 
alone AM 

66/03/2 t 67/11/1 

11 72/8/30 

~ 

65/12/25 

66/10/16 

72 /09 / 2  1 

74/01/01 

break size I I 
Schwarz temperatur 
criteria e 

OC 

66/11 0.7 

67 /04  I 0 . 8  
I 

72/11 I 0.5 

73/4 1 2.8 

standard 
deviatio 
n of 
noise 

1.0 

station 
history 

t 

1.1 I +- 

I 
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85/12/3 8 6 / 0 2 / 0 5  0 . 7  1.0 +- 
1 
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IV. Summary 

The KZA is a non-parametric approach to locating 
discontinuities in time series of upper air data that is capable of 
detecting breaks of size 0.1 Q in the presence of seasonal patterns 
and trends. When breaks are larger than about 0.2 Q of process 
noise, parametric methods may more precisely locate breaks. 
Multiple breaks prevent meaningful seasonal adjustment, hampering 
the use of parametric methods. Even when seasonal adjustment is 
effective, parametric methods lose power as the number of breaks 
increase. 

More accurate location of relatively small breaks may be 
possible by using the KZA to approximately locate them, followed by 
a parametric method like AM. AM is not much affected by 
seasonality when applied to windows of raw data smaller than about 
60 days. In this application, it would be assumed that a break 
existed, and AM would be used to search for its precise location. 
Detecting and precisely locating breaks smaller than 0.1 Q may be 
possible with a regional filter that utilizes information from 
neighboring stations and several elevations at the same time. 
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Figure 1. Synthetic seasonal data (a) Sum of sin curves (seasonal 
pattern), (b) normal noise ( 0 , l )  , (c) sum of noise 

and seasonal pattern 

Figure 2. KZA(100,3) result for 3,000 N ( 0 , l )  random numbers 
with breaks of size 0.5 at 1,000, 2000, 3000 and 4000. 
(A) R 

Figure 3. KZA(100,3) applied to 3,000 N(0,l) random numbers 
with breaks of size 0.6 at 1,000 and 1 . 2  at 2 , 0 0 0  and a 
trend of magnitude 0.0006/day. (A) Raw data, (B) data after RZ 
filter, ( C )  data after KZA filter, (D) trend line and break 
pattern 

Figu’re 4. KZA(100,3) applied to 5,400 seasonal data and N ( 0 , l )  
random numbers with breaks of size 0.5 at 1,000, 2,000, 

3,000 and 4,000 (A) Raw data, (B) data after KZ filter, (C) 
data after KZA filter, (D) trend line and break pattern 

Figure 5. KZA(100,3) applied to 5,400 seasonal data and N ( 0 , l )  
random numbers with multiple breaks of size 0.5 about 

every 300 days (A) Raw data, (B) data after KZ filter, (C) 
data after KZA filter 

Figure 6. KZA(365,3) for Hilo, Hawaii (a) Raw data; (b) Filtered 
data 

Figure 7. KZA(365,3) for Oakland, California (a) Raw data; 
(b) Filtered data 

Figure 8 . KZA( 365,3) for Hong Kong (a) Raw data; (b) Filtered data 
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Fig.1 Relative errors of  basic fo rmu la t i ons  of  vapor pressure with 
respect to Gof f -Gratch formulation ( I  946). 
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Fig.3 Measure of  er rors  for  some approx imat ions o f  vapor  pressure 
over wate r  with respect to Wexler  (1976) formulations. 


