COLUMBIA WATER CENTER

THE EARTH INSTITUTE AT COLUMBIA UNIVERSITY

Simulating Climate Variability and Change for Central Asia Using a

Nonhomogeneous Hidden Markov Model
S. Sellars!, A. Robertson?, T. Siegfried!

The International Research Institute
for Climate and Society

5

1-The Columbia Water Center: Columbia University, 2-International Research Institute for Climate and Society, Palisades, NY

Introduction

We demonstrate one potential method of using a 8 - State, Nonhomogeneous Hidden
Markov Model (NHMM) to stochastically generate two future 50 year precipitation series
for 110 subcatchments in the Tien Shan region in Central Asia (60-80E, 40-50N). The first
is a baseline scenario derived from TRMM Observations (2000-2009) and the second is a
IPCC AR4 SRES A2 (2070-2099) experiment trend adjusted scenario.
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Figure 1: 1 Central Asia:Tien Shan Region (60-80E, 40-50N) on the left and | 10 suncatchments of the Tien Shan region on the right

TRMM Observations: 1 10 Catchments
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Figure 2:, | |10 subcatchment precipitation averages from TRMM
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Figure 3: Representation of the Nuonhonogeneous Hidden Markov Model. X is the predictor used by the NHMM, S is the state which is influenced by the predictor and R is the rainfall
Dissertation: Kishner S. (2005). Modeling of Multivariate Time Series Using Hidden Markov Models

Step | - Baseline Scenario - Derived from TRMM:

Input (Baseline Predictor): |)TRMM Daily Averaged Observations (2000-2009) for the
Tien Shan region, 2) Apply Low Pass Filter (60 Days), 3) Interpolated daily values, 4) Repeat to
|0 years, 5) Standardize

TR‘MM Obs: Mean Daily P‘recipitation ‘and Low Pa‘ss Filter (69 Days) *Baseline* Predictor: Low Pass Filter (60 Day), Interpolated to Daily Values (10 Years)
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Figure 4. TRMM daily precipitation average for the Tien Shan region (Red) with a 60 day low-pass filter (Blue) on left and the 60 day low-pass filter repeated 10 years on right.

Step 2a - GCM Trend Extraction:

WCRP-CMIP3 IPCC AR4 GCM Monthly data (60-80E, 40-50N):
® 20th Century Experiment (20C3M: 1950-1999), 18 Models (56 runs)
® SRES A2 Experiments (SRESA2:2070-2099),18 Models (37 runs)

First we define the mean monthly cycle (average values for each month of the year) for the

Step 3 - Predictor Comparison:
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NHMM Baseline (BL) and SRES A2 Delta Adjusted (DA) Predictors
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Figure 5. Comparison of predictors for training the NHMM.The baseline predictor is in red and the delta adjusted predictor is in blue.

Step 4 - NHMM Training and Simulation:

TRMM All Station Observations

NHMM 8 State: Simulation

\ NHMM Simulation: Baseline

NHMM—
Predictor: Baseline or Delta Adjusted/ :
Ba;lseline Predictor: Low Pass Filter (60 Day), Repeat to 10 yealy

Time

Figure 6. Representation of the NHMM methodology

Results

NHMM Simulations: I) Baseline Simulation 2) GCM Delta Adjusted

TRMM observations and the GCM 20C3M Funs. NHMM Simulation I: Baseline NHMM Simulation 2: SRES A2, 2070-2099
Data Sources - - - -
18 GCM 20¢3m (1950-1999): MMC (All Runs) and TRMM: MMC
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Hadlev Centre for Climate Prediction and Research UK UKMO-HadGEM1 Figure 6. Representation of the NHMM methodology

Table 1.WCRP-CMIP3 IPCC AR4 GCM Maodels, highlighted models were used in the final analysis

We demonstrate the ability of NHMM to represent precipitation at the regional level. Ve
also developed one potential method of incorporating regional GCM information into this
model framework. NHMM can be seen as useful tool for simulating stochastic precipitation
for hydrological model and reservoir operating rules testing. The stochastic nature of

We then average delta values for all SRES A2 model runs. Next we interpolate to daily values
and multiply the daily delta values by the baseline predictor deriving the “delta adjusted”
predictor (Eq. 2).

Methodology
NHMM - Description

SRESA2(run) ydrologic eser astic
The NHMM fits a single model to the |10 subcatchment observed rainfall records. The = 20C3M (ensemble) (1) precipitation is represented in this methodology, but some problems did arise. Extreme
NHMM introduces a small number discrete rainfall states. Each state has a precipitation precipitation events seem to not be well represented and further research is needed.
distribution for each location. Using a mixture model approach for each of the |10 Delta Adjusted = & * Baseline (2) References

subcatchments, a Delta function represents wet/dry days and a mixture of one or two
exponentials or gammas to represent the rainfall distribution on wet days. In a NHMM a
“predictor” or “input” is introduced to modulate the transition probabilities between
states as seen in Figure 3.
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Step 2b - GCM Delta Adjusted Scenario:

*Input (Delta Adjusted Predictor):|) TRMM Daily Averaged Observations, 2) Low Pass
Filter (60 Days), 3) Delta Adjusted (Monthly, SRES A2,2070-2099), 4) interpolated daily values, 5)

Repeat to |0 years, 6) Standardize



