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Abstract

We applied the ISPSO-GLUE method, which integrates the Isolated-Speciation-based Particle Swarm
Optimization ISPSO) with the Generalized Likelihood Uncertainty Estimation (GLUE) method, to the uncer—
tainty analysis of the Topography Model (TOPMODEL) and compared its performance with that of the
GLUE method. When we performed the same number of model runs for the both methods, we were able
to identify the point where the performance of ISPSO-GLUE exceeded that of GLUE, after which ISPSO-
GLUE kept improving its performance steadily while GLUE did not. When we compared the 95% uncertainty
bounds of the two methods, their general shapes and trends were very similar, but those of ISPSO-GLUE
enclosed about 5.4 times more observed values than those of GLUE did. What it means is that ISPSO-
GLUE requires much less number of parameter samples to generate better performing uncertainty bounds.
When compared to ISPSO-GLUE, GLUE overestimated uncertainty in the recession limb following the
maximum peak streamflow. For this recession period, GLUE requires to find more behavioral models to
reduce the uncertainty. ISPSO-GLUE can be a promising alternative to GLUE because the uncertainty
bounds of the method were quantitatively superior to those of GLUE and, especially, computationally
expensive hydrologic models are expected to greatly take advantage of the feature.
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10. For #1 to 7,
11. Let S={}.
12. For each ¢,€B, let S={S;, S}

13. Sort S in S and accumulate P(X,) =

such that Y] L(6,[X)P(X) =1.

9B

. Define the likelihood function L(AlX), where 6 is a parameter set and X is observed data.
. Select a likelihood threshold value, Lp, that separates models into behavioral and non-behavioral.

If Z(6,|1X) is greater than Lg, let B={6,, B} and store the simulated output, S,

1

2

3. Determine the number of samples, V.

4. Let B={}.

5. For =1 to N,

6. Sample a set of parameters, 6;, randomly from the parameter space.

7. Evaluate L(¢,X).

8.

where =1 to 7 and 7 is the number of simulated time steps.

L0 X)P(X)

9. For all §,€B, calculate P(Xl, ):’40,

where P(Xl6,) is the posterior likelihood and C is a normalizing constant, Y, Z(6,|X)P(X).

L(0,|X) P(X)

where P(X,) is the posterior likelihood and C is a normalizing constant

14. Find the lower and upper percentiles of the cumulative posterior likelihood curve
to determine the uncertainty range at time step ¢

0EB

in the same sorted order as S,

Algorithm 1. Pseudo Code for GLUE
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Fig. 1. Clear Creek Watershed in City of Denton, Texas

Table 1. NCDC Precipitation Gages and Contribution Areas

Gage Number Name Latitude | Longitude |Contribution area (km?”) | Contribution rate (%)

GHCND:USITXDNO015 | Sanger 1.8 | 33.35040 | -97.20630 51 6.6
GHCND:US1TXDNO0003 | Sanger 5.4 | 33.40700 | -97.25220 326 427
GHCND:USC00416130 | Muenster | 33.65361 | -97.37528 372 48.8
GHCND:USC0041098 Bowie 3355110 | -97.84720 14 1.9
Total 763 100
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Table 2. Ranges of the TOPMODEL Parameters Used in this Study

Parameter Units Minimum Maximum Description
Q0 m/h 0 50 Initial subsurface flow per unit area
TO In (m%h) -7 10 Areal average of ln (70)
SZM m 0.001 0.25 Scaling parameter
SRO m 0 0.01 Initial root zone storage deficit
SRMAX m 0.005 0.08 Maximum root zone storage deficit
TD h 0.001 40 Unsaturated zone time delay per unit storage deficit
RV m/h 50 2000 Internal subcatchment routing velocity
XKO0 m/h 0.0001 0.2 Surface hydraulic conductivity
HF m 0.01 0.5 Wetting front suction
DTH 0.01 0.6 Water content change across the wetting front
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T
1o00a

Method Min NS | Max NS SD NS # NS>0 [ # NS>0.2 | # NS>04 | # NS>0.6 | # NS>0.8
ISPSO-GLUE -5.85 0.82 0.44 3899 3426 2441 360 84
GLUE -11.56 0.47 0.39 584 174 2 0 0
Min: minimum, Max: maximum, SD: standard deviation, # NS>x: number of NS values greater than x.
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