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Some examples of discontinuity in climate data series

1. Temperature: 4 daily max. temperatures (Collegeville, NS)
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3. Precipitation - discontinuity due to joining of observations from nearby stations

Annual total rainfall for Moose Jaw Sask

Use caution before
adjusting to short
interval
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Courtesy of Lucie Vincent and Eva Mekis
See Vincent and Mekis (2008), Discontinuities due to joining precipitation station observations in Canada,

J. App. Meteor. Climatol., in press.




4. Relative humidity — discontinuity due to introduction of dewcel in June 1978

Kuujjuag, Québec Original values
Adjusted values
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Courtesy of Lucie Vincent
See Vincent et al. (2007), Surface temperature and humidity trends in Canada for 1953-2005. J. Clim., 20, 5100-5113.




5. Fog & low ceiling occurrence frequency - Effects of mean-shift on trend estimation

Prince Rupert A (1066481)
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6. Cloudiness frequency data

Hay River A Hay River A
% a5 | Clear sky occurrence ' 1207400: 0110 cloudiness 4 % ' ' 2202400: 7110 cloudiness
(R ‘
aQ -L o Ll _
$ jN I z 25 [ || ‘||||.L‘ hIHJ |“ |L MJ
g 2 i gyl w [ [T n I
S ol 4 [iEAR : “u W
o 35 1 I v 330 111
L 5
745 f - 7
E Y 7 = 45
2 24| il
T S5 i %
= 6 1 1 | 1 | | 1 1 ] = S 1 1 | | 1 | | 1 1 ]
1935 1960 1965 | 1970 1975 1980 1985 1990 1995 2000 1955 | 1960 1965 1970 1975 1980 1985 1990| 1995 2p00
Year Year
] 0 Hayl River A T | I T wQ Hay IRE6 A é 1 I h T T T T
£ osl 2202400: 9/10 cloudiness i g 05| vercast occurrence 2202400: 10/10 cloudiness —f— |
g QL i ‘ 8 0
g W | g
s 15+ lli J1L I \lﬂ ll HIH ” J |1 il i = Q.5
: PR : N ” ‘ |
: l“ﬂ“.""ﬁ“w TR rrive gol ERR LIV I mHanm | lll
o Ty Bl
2 -3 - =
k= A= 25 _
Toast -3 Ll i
E 1T 1E ast .
= =
*g 4.5 n ‘g 4+ B
= Sk | | | ! | | | | | | = 45 = | | | | | | ! | | | -
1955 1960 1965 1970 1975 1980 1985 1990 1995 2000 1955 1960 1965 1970 1975 1980 1985 1990 1995 2000

Year Year




/. Pressure data:

A=91.4hP

De-seasonalized monthly mean 0.009574
. . -0.002386
~station pressure series (Burgeo,

Monthly pressure anomalies (hPa)
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- Another problematic hourly pressure series (relocation with elev. drop of 27.4 m)
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Data discontinuities are inevitable due to inevitable changes in

observing instrument/location/environment... and evolving technology

Such discontinuities not only affect trend assessment, but also affect

- calibration of statistical relationships for use in statistical weather forecast,

- estimates of other statistics that are used to study climate variability and

climate extremes, and to validate model simulations

- many other aspects of our study and understanding of the climate system

Huge amount of $ spent on collecting climate data

= more and more effort devoted to climate data homogenization



.g., hydrostatic equation to adjust pressure data for elevation changes,
Data Homo ge nization Tools: / log wind profile for anemometer height adjustments for wind speeds

Metadata <1. Use physical relationships to correct some known shifts

2. Use statistical methods to detect shifts and estimate their magnitude

Most commonly used statistical methods include

1) SNH test for detecting mean-shifts in zero-trend series (Alexandersson 1986):
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2) TPR3 test for detecting mean-shifts in constant trend series (Wang 2003):

\

Special cases: : o~
1 \:
e.g., urbanization effects on T \
Use a variant of TPR3' 3) TPRA4 test for detecting mean-shifts and/or (Lund & Reeves 2002):

(a trend-change without an ] :

accompanying mean-shift) —_—



Problems/drawbacks of these changepoint detection methods:
1. Uneven distribution of false alarm rate and detection power (details next)

2. Model errors are assumed 11D Gaussian

3. For a series that contains at most one changepoint

Our recent studies
1. Propose two penalized tests to even out distribution of false alarm rate & detection power
2. Extend these penalized tests to account for the first order autocorrelation

3. Propose a stepwise testing algorithm for detecting multiple changepoints

Now, developing methods to deal with non-Gaussian data (e.g. daily precip.), and
multi-categorical data (e.g., frequencies of cloudiness conditions)

The remainder of this presentation - outline

- The uneven distribution problem of the old methods

- The new methods and their detection power aspects (vs. those of the old methods)
- The RHtestV2 software package

- Examples of application



Problems!

SNH & TPR3 suffer from the effect of unequal sample sizes (N, = k # N, = N-k, generally)
> FAR(A) =afk) £a, pfk) £p!

TPR3: W-shape FAR(4) curves! SNH test: U-shape FAR(A) curves!

False alarm rate (FAR)

False alarm rate (FAR)




Wang et al. (2007) propose a Penalized Maximal #(PMT) test
to even out the U-shaped FAR(4) curves of the SNH type tests:

N-shape penalty P(K):
(thick curves)

PToa = max |[PK) T(K)]
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FAR(k): SNH test vs PMT test
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7 Each value from 1000 simulations

Power of detection: PMT vs SNH
(real mean-shift A at t = k)

Ratio of mean hit rate

Mean Hit Rate:

(PMT/SNH)

Detect it in [k-2, k+2]
& withp = 0.95

150 200 250 300 350 400 450 500

Time series length

averaged over
2= ksN-2 ——Mean Position Rate:

(PMT/SNH)

Detect it in [k-2, k+2] ~—— ‘
reg ardl eSS Of p 0 50 100 150 200 250 300 400 450 500

Time series length

Ratio of mean position rate

Mean Significance Rate:
(PMT/SNH)

Detect it with p = 0.95
regardless of position

H

Q
=
<
o
3]
2
5]
2
=
=
=
)
7]
-
5]
b5
g
o
o}
o
‘=
5
&~

100 150 200 250 300 35 400 450 500
Time series length




Wang (2008a) proposes a Penalized Maximal F~ test (PMF test
to even out the W-shaped FAR(A) curves of TPR3 test

M-shape penalty Py(k):
(thick curves)

(SSEy —SSEA)/1°
SSEA/(N =3) ~

where  F(k) =

Changepoint position k

N A
SSEO = Z(Xt _,[l() _ﬁot)z; ’ 5 5 X 3 35 ' 0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 8
t:1 T T T T T T T T T T T T

o
@

k . N N . A2
SSEa =2 (Xt =4 = )"+ 2(Xi—pp — )

] i : [ oo
d p
t=I1 ‘ ‘ ‘ :
: @
- 1
7 \
'l \ \
j

R, — Fnax(2e (K))
Frnax(0.05)




False alarm rate (FAR)

FAR(k): TPR3 vs PMF tes
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Each value from 10,000 simulations

Power of detection: PMF vs TPR3
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PMT and PMF tests: still assume |[ID Gaussian errors!

Autocorrelation and Periodicity
- inherent features of most climate data series

Common practice:
- use ref series to diminish periodicity (and trend)
> problem: ref series are not always available or homogeneous!
- apply tests to annual series to reduce autocorr.
(usually autocorr. can not be diminished by using ref series! example)
—> sample size: only N/12
—> diff. shift-years identified in diff. month series for the same shift!

Some people ignore the effects, unaware of them



alue estimated from 10 million simulation
Effects of autocor. ® on PT, .

Consider AR(1) errors:
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Power aspects: False Alarm Rate (FAR) and Hit Rate (HR; k+18)

(Each value estimated from 10.000 simulations
PMTred algorithm (for zero-trend series): Power of accurate detection ):
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The RHtestV2 software package

- recognized by WMO at COP-13 (Bali, Dec. 2007)
(R & FORTRAN)

1. PMTred algorithm

- for zero-trend series with 11D or AR(1) Gaussian errors

- for use with reference series
- FindU.wRef, FindUD.wRef, StepSize.wRef

2. PMFred algorithm

- for constant trend series with 11D or AR(1) Gaussian errors

- can be used without reference series
- FindU, FindUD, StepSize



Input data format for the RHtestV2
(Annual series) OR  (Monthly series) OR (Dalily series)

YYYY MM DD data YYYY MM DD data YYYY MM DD data
1974 00 00 -4.87 1967 7 00 1015.70 1994 1 27 8.1
1975 00 00 -3.88 1967 8 00 1015.95 1994 1 28 5.3
1976 00 00 -5.65 1967 9 00 1016.10 1994 1 29 4.9
1977 00 00 -3.34 1967 10 00 -999.99 1994 1 30 4.9
1978 00 00 -5.72 1967 11 00 1010.71 1994 1 31 4.0
1979 00 00 -4.08 1967 12 00 1011.58 1994 2 1 3.9
1980 00 00 -4.97 1968 1 00 1009.37 1994 2 2 7.2
1981 00 00 -2.58 1968 2 00 1003.07 1994 2 3 8.7
1982 00 00 -4.48 1968 3 00 1011.94 1994 2 4 6.3
1983 00 00 -999. 1968 4 00 1014.74 1994 2 5 -999.
1984 00 00 -3.40 1968 5 00 1009.59 1994 2 6 -999.
1985 00 00 -4.58 1968 6 00 1011.77 1994 2 7 -999.
1986 00 00 -4.25 1968 7 00 1014.35 1994 2 8 -999.
1987 00 00 -2.25 1968 8 00 1010.87 1994 2 9 9.0
1988 00 00 -3.94 1968 9 00 1016.45 1994 2 10 6.0

A Ref series should be in a separate file of the same format!

Base and Ref series can have data for different periods or missing values
at different times, but they must have the same missing value code!




Stepwise testing algorithm
- Possible multiple change-points in one single time series
- Most methods developed assuming at most one change-point

—> 15 change-point: might be false or inaccurate (“contaminated”)

[1] Find the most probable changepoint in the series being tested:

t a C —
1* eheck = ———p———————————
an Check 9 ?1 }é ..... e nssssnsssnsnnnnne,, aseeees S.2 ........... 1
31d check = = YSS ol
S.~¥S,+S.

(re-assessment of change-point C, 2 C,,)

No (End!)

Is the largest among C,,, C,,, C,; significant at the nominal level a? Yes



Stepwise testing algorithm for detecting multiple changepoints
[1] Find the most Main points: :d 2 C,

[2FM =N _>Tchar (1) Significant changepoints are addedto > N.+1 segments.
Tt e o the list of changepoints, one by one: K.} (i=1,2,... N+1)
the most significant, the next most...
\ ]
. 2) Significance of a changepoint is always
[S] Estimate  jssessed in the presence of others listed, N the presences
{C;} (=1 andre-assessed if the list changes. ~ pm the whitened sries
[4] Find the | (3) In the resulting list, each changepointis | NAA) .
significant in the presence of all others
in the list.

Is it/ sigi

’ 4) Final estimates <-(N.*1)-phase model fit

to de-seasonalized base series, and
to the base-minus-reference series ($=0)

) = if areference series is used - _
[5] Flnd fl’le Sma vu\. Al i1Ivi Is LI lvc (© ] | IIII..\J, I UV LVOUVY 1LV \Jlgnlflcance In t

pres encr of others. Is it S|gn|f|cant at the nomial level a?

repeat [2]-[4]

[6] output the list {C, } (j=1,2,... ) and
obtain the final estimates of
- shift significance
- shift size <(AN_+1)-phase model fit




Burgeo monthly station pressure series

omalies (hPa)

Examples of application

1. Single changepoint case
- PMTred - Base-Ref series
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Examples of application Amos monthly means of daily minimum temperatures

2. Two changepoints
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Examples of application

3. Multiple changepoints case

- PMTred = Base-Ref series

Two estimates of shift-size -
Any notable inconsistency
between them indicates ...
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PMTred_gRef PMFred
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Apply PMFred to a Ref series to eliminate
large artificial shifts (if any) before it 1s used!
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For more details about using the RHtestV2, please refer to

“Wang, X. L. and Y. Feng, 2007: RHtestV2 User Manual.”

Available at 5

along with the open source software
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Thank you very much!


http://cccma.seos.uvic.ca/ETCCDMI/software.shtml
http://cccma.seos.uvic.ca/ETCCDMI/software.shtml
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