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Abstract: Gauge stations have uneven lengths of discharge records owing to the historical hydrologic
data collection efforts. For watersheds with limited water data length, the flood frequency model,
such as the Log-Pearson Type III, will have large uncertainties. To improve the flood frequency
prediction for these watersheds, we propose a Bayesian Log-Pearson Type III model with spatial
priors (BLP3-SP), which uses a spatial regression model to estimate the prior distribution of the
parameters from nearby stations with longer data records and environmental factors. A Markov
chain Monte Carlo (MCMC) algorithm is used to estimate the posterior distribution and associated
flood quantiles. The method is validated using a case study watershed with 15 streamflow gauge
stations located in the San Jacinto River Basin in Texas, US. The result shows that the BLP3-SP
outperforms other choices of the priors for the Bayesian Log-Pearson Type III model by significantly
reducing the uncertainty in the flood frequency estimation for the station with short data length. The
results have confirmed that the spatial prior knowledge can improve the Bayesian inference of the
Log-Pearson Type III flood frequency model for watersheds with short gauge period.

Keywords: BLP3-SP; flood frequency analyses; Log-Pearson Type III distribution; Bayesian; spatial
prior; uncertainty

1. Introduction

A design flood is a hypothetical peak discharge graph representation of previous
knowledge of precipitation frequency in an area, which is commonly used to evaluate
the construction of dams, bridges, canals, and flood damage desistance systems. Flood
records do not fit any specific known statistical distributions. Nevertheless, to make
the determination of flood frequency trackable, it is convenient to select a reasonable
distribution. Bulletin 17C recommends the Log-Pearson Type III (LP3) distribution for
design-flood prediction in the United States [1]. Several algorithms can be used to estimate
the LP3 distribution parameters. The methods of moments and the maximum likelihood
are the most commonly used methods in flood frequency analysis [2]. The limited length
of gauged data is one of the major sources of the uncertainties of the predicted design
floods. For example, the 100-year flood is an international default design flood. The longer
the gauge records, the more accurately predicted design flood. However, most areas are
ungauged or recently gauged, leading to large uncertainty in flood frequency models.
Spatial information expansion (SIE) is a technique used to employ the knowledge learned
from nearby sites or sites from similar environments to substitute space from time [2–5],
in order to improve the accuracy of the flood frequency estimate at the site of interest.
The assumption is that the hydrological regime of nearby watersheds is similar, therefore
resulting in similar flood frequency distribution.

Meanwhile, Bayesian methods have also been applied to flood frequency analysis
using instrumental data when it is possible to use conjugate priors or semi-conjugate
priors [2,6–9]. The Markov chain Monte Carlo (MCMC) algorithm has been used to esti-
mate the parameters of the Bayesian inference if conjugate or semi-conjugate priors are
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absent [10,11]. Several flood frequency studies have applied Bayesian approaches with
priors obtained from regional information [7,12–16]. Merz et al. and Viglione et al. made
the spatial expansion in flood frequency hydrology with a geostatistical regionalization
method called top-kriging [17–19]. Nguyen et al. took advantage of the index flood princi-
ple, assuming that the average annual peak discharges are scaled to the drainage area in
a statistically homogeneous region [20]. Lima et al. applied a hierarchical Bayesian GEV
model to improve the estimation of local and regional flood quantiles, which assumed that
both the location and scale parameters for all sites were identical except a scale factor based
on the watershed area [21]. These studies considered either spatial proximity or catchment
attributes for the spatial extension. However, Merz and Blöschl compared four flood
regionalization methods and concluded that spatial proximity, together with catchment
attributes, outperformed spatial proximity only and then catchment attributes only [22].

This paper proposes a Bayesian Log-Pearson Type III model with spatial priors
(BLP3-SP) that considers both spatial proximity and catchment attributes as the prior
information to reduce the uncertainty in estimated flood frequency. The hyperparameters
of the prior distribution is calculated from regional sites with longer systematic data series
than the target site, using the spatial lagged model and the spatial error model. The research
question is whether the BLP3-SP model can produce accurate flood prediction without
using long-time series observation data. In the following sections, the question is answered
by analyzing the data of the 15 streamflow gauge stations located in the San Jacinto River
Basin in Texas, US.

2. Methods

To improve the parameter estimation for the LP3 distribution, we incorporate spa-
tial information as the prior of a Bayesian inference framework (Figure 1). The prior
distributions are estimated from the parameters of nearby sites using spatial regression
models. The posterior distribution is inferred by an ensemble MCMC algorithm as well a
Metropolis and Metropolis–Hastings algorithm within a Gibbs sampler. The estimations
and uncertainties of the parameters and quantiles are calculated by sampling directly from
the posterior distribution.

Figure 1. Flowchart of the BLP3-SP processing.

2.1. Log-Pearson Type III Distribution

The Log-Pearson Type III (LP3) distribution is recommended by the United States
Water Resources Committee for the flood frequency estimation [1,2,23,24]. When the flood
peak discharge time series {Q1, Q2, . . . , QN} are distributed as a Log-Pearson Type III
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distribution, X = log(Q) distributes as a Pearson Type III distribution, with a probability
density function (pdf):

fX(x) =
|β|

Γ(α)
[β(x− τ)]α−1e−β(x−τ) (1)

where α, β, and τ are the shape, scale, and location parameters, respectively; and Γ(α) is the
gamma function.

Another parameterizing of LP3 distribution is usually used to calculate the pth quantile,
which is based on the mean (µ), standard deviation (σ), and skewness (γ) [2]. First, the
Pearson variate X (log Q) is transferred to the standard normal variable z for modest skews
γ by applying the Wilson–Hilferty transformation [25]:

fX(x) = φ(z)
dz
dX

=
φ(z)

σ[ γ
2

(
x−µ)

σ

)
+ 1]

2
3

(2)

where φ(z) is the standard normal probability density function for z. The cumulative
distribution function (cdf) is:

FX(x) =
∫ x

0
fX(t)dt (3)

Meanwhile, the pth quantile can be calculated as:

xp = µ + σKp(γ) (4)

where Kp(γ) is the pth quantile of the LP3 distribution with mean 0, standard deviation 1,
and skewness γ, named as the frequency factor. It can also be approximated by the
Wilson–Hilferty transformation for |γ| < 2 [25]:

Kp(γ) =
2
γ
(1 +

γzp

6
− γ2

36
)

3

− 2
γ

(5)

where zp is the pth quantile of the standard normal distribution.

2.2. Bayesian Theorem for LP3 Distribution

According to the Bayes theorem, the probability of parameter θ given the observed
dataset X = {x1, x2, x3, . . . , xs} (posterior) is proportional to the product of the probability
of θ (prior) and the probability of X given θ (likelihood). Assuming the independence
between the observations, the posterior can be calculated as below:

p(θ|X) ∝ p(θ)l(X|θ) =
s

∏
i=1

p(θ)× fX(xi) (6)

where p(θ|X) is the posterior distribution, p(θ) is the prior distribution, l(X|θ) is the
likelihood, and f X( ) is the pdf for X. In this study, θ comprises mean µ, standard deviation
σ, and skewness γ in Equation (2).

2.3. Prior Distribution

The posterior belief of the parameter’s distribution is based on a prior belief. In
this study, we assume normal distributions for the mean µ and skewness γ, while a log-
normal distribution for the standard deviation σ is based on the previously suggested
distributions [2,18,26].

µ ∼ N
(

µµ, σ2
µ

)
(7)

log(σ) ∼ N
(

µlog (σ), σ2
log (σ)

)
(8)
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γ ∼ N
(

µγ, σ2
γ

)
(9)

where
{

µµ, σ2
µ, µlog (σ), σ2

log (σ), µγ, σ2
γ

}
are the are the hyperparameters for the prior distributions.

The prior distribution of the main model is calculated from the data of nearby stations
using spatial regression models. A spatial regression model takes both the catchment
characteristics and the spatial proximity into consideration at the same time. It deals with
the spatial autocorrelation in two ways: the spatial lagged model (SLM) and the spatial
error model (SEM). SLM assumes that the magnitudes of the dependent variable depend
on the magnitude of its neighbors [27], which is expressed as follow:

y = ρWy + Xβ + ε (10)

where y is a vector of the variable of interest (the flood distribution parameters in this
study), r is the spatial coefficient, W is the spatial weight that defines the strength of the
spatial autoregressive process, X is a matric of the catchment characteristics, β is a vector
of regression coefficients, and ε is a vector of uncorrelated error assumed to be of normal
distribution with zero mean and constant variance.

SEM handles the spatial dependencies among the error term after applying the ordi-
nary least squares (OLS) model to spatial variables, which is given in the following equations:

y = Xβ + υ (11)

υ = λWυ + ε (12)

where υ is a vector of error with spatial dependencies and λ is the spatial error coefficient.
Five independent variables—size, elevation, vegetation cover, imperviousness, and

slope—were considered; however, not every variable was used to estimate all the three
parameters. Before we performed the spatial regression, a multiple linear regression was
used to select the important variables for each parameter using the stepwise selection
method based on the Akaike information criterion (AIC). We tested both SLM and SEM
with several types of weights in this study and selected the ones with the smallest spatial
coefficient p-value for each parameter.

A non-informative prior, namely the prior with minimal effect on the posterior distri-
bution compared to the experiment, was also applied to full-length data series to generate
a baseline flood frequency estimation based only on the information from data records [28].
Specifically, the non-informative priors for µ, log (σ), and γ are set to a mean of 0 and a
variance of 10,000.

2.4. Parameter Estimation

To estimate the parameters and flood quantiles from the posterior distribution, a
Markov chain Monte Carlo (MCMC) algorithm was used in this study. MCMC is a type of
algorithm for sampling from probability distributions, which formulates a Markov chain
that has the desired distribution as its equilibrium distribution [18,29,30]. A Markov chain
is a sequence of random variables θ(1), θ(2), . . . , for which, for any t, the distribution of
θ(t)given all previous θ’ depends only on the most recent value, θ(t−1),

p
(

θ(t)
∣∣∣θ(1), . . . , θ(t−1)

)
= p(θ(t)|θ(t−1)) (13)

Based on drawing values of θ from approximate distributions and then comparing the
probability of proposed location and current location to accept or reject the drawing, the
chain with a large number of steps was treated as a sample of the desired distribution.

We applied the Gibbs sampler to sample the three parameters one by one within each
iteration [31,32]. Since the proposal distributions for µ and γ are symmetric, we used the
Metropolis algorithm to simulate them [33]. For σ, we applied the Metropolis–Hastings
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algorithm because its proposal distribution is not symmetric, which will be discussed in
the next section [34].

2.5. Proposal Distribution

A proper proposal distribution Jθ is key to effective implementation of the Metropolis
and Metropolis–Hastings algorithms. Based on the study of Reis and Steginger [2], we
generated the proposed values of the three parameters independently based only on their
values at the previous step.

The proposal distribution for the mean µ is a normal with mean µ(t−1) and variance
σ2(t−1)/s,

µ∗ ∼ N

(
µ(t−1),

σ2(t−1)

s

)
(14)

The proposal distribution for σ is a gamma distribution with mean σ(t−1) and variance
modeled as a function of σ(t−1) and γ(t−1) [35],

σ∗ ∼ γ(a, b) (15)

a =
σ2(t−1)

Var
(
σ(t−1)

) , b =
Var

(
σ(t−1)

)
σ(t−1)

(16)

Var
(

σ(t−1)
)
=

σ2(t−1)
(

1 + 0.75γ2(t−1)
)

2s
(17)

The proposal distribution for γ is a normal distribution with mean γ(t−1) and variance
modeled as a function of γ(t−1) and s [1],

γ∗ ∼ N
[
γ(t−1), Var(γ)

]
(18)

Var(γ) = [1 +
6
s
]
2
10−blog( s

10 ) (19)

a =

 −0.33 + 0.08
∣∣∣γ(t−1)

∣∣∣ i f
∣∣∣γ(t−1)

∣∣∣ < 0.90

−0.52 + 0.30
∣∣∣γ(t−1)

∣∣∣ i f
∣∣∣γ(t−1)

∣∣∣ > 0.90
(20)

b =

 0.94− 0.26
∣∣∣γ(t−1)

∣∣∣ i f
∣∣∣γ(t−1)

∣∣∣ < 1.50

0.55 i f
∣∣∣γ(t−1)

∣∣∣ > 1.50
(21)

After sampling the parameters, we estimated the marginal density distributions,
computed means and standard errors, and estimated credible intervals of the parameters
and some desired quantiles.

3. Case Study Area and Data
3.1. Study Area and Gauge Station Data

We applied the proposed model to a series of annual peak discharges for 15 streamflow
gauges (Table 1) located in the hydrologic accounting unit 120,401, San Jacinto, which
covers the San Jacinto River Basin above Galveston Bay, Texas (Figure 2). This area is to the
northwest of the city of Houston, with a total area of 10,308 km2. Flood frequency can be
estimated using the annual maximum series (AMS) or partial duration series (PDS). The
AMS consists of records of the annual peak discharge, while the PDS is based on all floods
exceeding a predefined base line [1]. If minor floods are considered (AEP > 0.10), PDS is
more appropriate than AMS. However, for floods with an annual exceedance probability
(AEP) less than 0.10, there is no significant difference between the AEP estimation using
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AMS or PDS [36]. Meanwhile, due to its wide availability and longer data length, AMS has
also been used in many studies [16,20,37]. Therefore, AMS was used in this study.

Table 1. Summary of the 15 watersheds with more than 50 records.

Site ID Site No. Latitude Longitude Watershed Area
(km2)

Series Length
(year)

1 08075780 29.95 N 95.52 W 18.76 55
2 08074150 29.85 N 95.49 W 15.90 53
3 08068000 30.24 N 95.46 W 2158.28 85
4 08075400 29.62 N 95.45 W 48.36 55
5 08068500 30.11 N 95.44 W 1052.12 82
6 08069000 30.04 N 95.43 W 737.34 77
7 08075900 29.96 N 95.42 W 86.42 54
8 08074500 29.78 N 95.40 W 227.43 85
9 08076500 29.86 N 95.33 W 69.14 67
10 08076000 29.92 N 95.31 W 166.20 67
11 08070500 30.26 N 95.30 W 271.47 76
12 08075500 29.67 N 95.29 W 150.76 67
13 08075770 29.79 N 95.27 W 47.79 56
14 08071000 30.23 N 95.17 W 307.53 56
15 08070000 30.34 N 95.10 W 859.51 81

Figure 2. Study area, locations of the 15 gauge stations, and associated watersheds.

The annual peak discharge time series data were obtained from the USGS National
Water Information System. Among the 95 sites in the San Jacinto accounting unit, there are
76 sites with records longer than 5 years. Using the 1/3 arc-second seamless DEM dataset
of the 3D Elevation Program, we generated 76 watersheds from the gauge stations. 29 of
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the 76 generated watersheds had areas different to the drainage area for the same site in
the USGS National Water Information System; thus, they were removed from the dataset,
which left 47 stations. 15 of the 47 stations have more than 50 years of data (Figure 3).
The site number 08074150 (ID: 2) was used for testing and validation, revealing 53 peak
discharge records since 1964 with missing data for 1987, 1988, and 1989. A baseline Bayesian
model was built using the full length of the records from this site with non-informative
prior. The baseline model is used for evaluating the BLP3-SP models calibrated using 10,
20, and 30 years of records with spatial prior computed from other 14 stations.

Figure 3. Data availability of the entire set of streamflow gauges used in this study (the gray row is
the site for testing and validation and the red dots are the 10-year time series used in the model).

3.2. Spatial Data for Prior Estimation

To use spatial regression, LP3 parameters for the nearby stations were estimated from
the gauge station data. The independent environmental factors include the area, elevation,
slope, tree canopy cover, and the urban impervious surface for each watershed. The USGS
National Water Information System provides the watershed area associated with each
gauge station. The elevation and slope were obtained from the 1/3 arc-second seamless
DEM, with a spatial resolution of ~10 m. The tree canopy and urban imperviousness were
downloaded from the National Land Cover Database (NLCD) with a spatial resolution
of 30 m. The mean of the factors and the local LP3 parameters for each watershed are
summarized in Table 2.
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Table 2. Summary of the variables for the 15 watersheds.

ID Area
(km2) Elevation (m) Slope (%) Tree Canopy

(%) Imperviousness (%)

1 18.76 37.64 24.22 8.79 39.94
2 15.90 28.61 24.37 3.36 52.30
3 2158.28 87.00 59.96 52.58 2.18
4 48.36 19.90 27.95 5.00 30.34
5 1052.12 69.91 40.04 47.49 5.88
6 737.34 54.79 20.71 11.92 9.41
7 86.42 33.75 23.95 13.54 34.05
8 227.43 29.25 27.29 6.29 44.21
9 69.14 24.25 18.84 9.90 35.42
10 166.20 29.42 25.31 12.73 33.59
11 271.47 88.01 56.58 52.83 1.94
12 150.76 16.02 29.34 6.83 28.67
13 47.79 14.90 19.38 4.66 51.31
14 307.53 69.16 46.66 69.56 1.04
15 859.51 88.35 61.48 71.02 0.60

4. Results
4.1. Estimated Prior Information from Spatial Regression

The Bayesian prior distributions of the three LP3 parameters were estimated using
spatial regression models. Before running the spatial regression models, we applied
multiple linear regression and selected the important independent variables for each LP3
parameter by the information index, AIC. Based on the results of the multiple regression
models, we selected Area as the independent variable for µ, Tree canopy for σ, and Area and
Elevation for γ.

Both the spatial error model and the spatial lag model were tested in this study with
eight weight types, which are (1) first-order Queen, (2) second-order Queen, (3) 4-NN (make
symmetric), (4) distance band (max–min distance), (5) distance (15,240 m), (6) distance
(60,960 m), (7) distance (45,720 m), and (8) triangular kernel with 3-NN adaptive bandwidth.
The p-value of each model is summarized in Table 3. Three models have a p-value less
than 0.05 for estimating µ, which are (1) SEM with first-order Queen weight (1st Queen
SEM), (2) SEM with triangular kernel with 3-NN adaptive bandwidth (triangular kernel
SEM), and (3) SLM with 4-NN (4-NN SLM). There are two potential models for estimating
σ, which are (1) SEM with second-order Queen weight (2nd Queen SEM) and (2) SLM with
a triangular kernel with a 3-NN adaptive bandwidth (triangular kernel SLM). Only one
model has a p-value less than 0.05 for the estimation of γ, which is SLM with a second-order
Queen weight (2nd Queen SLM).

Table 3. Summary of the p-values for each spatial regression model (the significant ones are bolded).

Weight Type µ σ γ
SEM SLM SEM SLM SEM SLM

First-order Queen weight 0.024 0.646 0.110 0.563 0.974 0.555
Second-order Queen weight
(including the lower order) 0.618 0.497 0.008 0.646 0.187 0.039

4-NN 0.126 0.023 0.237 0.244 0.057 0.280
Distance band

(Max-Min distance) 0.187 0.117 0.058 0.073 0.706 0.645

Distance band (15,240 m) 0.359 0.669 0.775 0.908 0.994 0.085
Distance band (60,960 m) 0.389 0.273 0.799 0.144 0.526 0.589
Distance band (45,720 m) 0.137 0.068 0.536 0.142 0.196 0.223

Triangular kernel
with 3-NN adaptive bandwidth 0.001 0.428 0.071 0.001 0.385 0.239

The R2 and standard deviation for each potential model are summarized in Table 4.
For the models to estimate µ and σ, the one with the greatest R2 and the smallest standard
deviation was selected. Therefore, the model for estimating the prior µ distribution is the
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4-NN SLM, the model for estimating the prior σ distribution is the 2nd Queen SEM, and
the model for estimating the prior γ distribution is the 2nd Queen SLM.

Table 4. Summary of the R2 and standard deviation of models with significant spatial coefficient
(p-value < 0.05).

Model R2 STD

µ
1st Queen SEM 56.18% 0.20

4-NN SLM 60.57% 0.18
Triangular kernel SEM 33.20% 0.30

σ
2nd Queen SEM 78.03% 0.01

Triangular kernel SLM 47.69% 0.03

γ 2nd Queen SLM 59.02% 0.06

These spatial regression models provide the mean and variance for the distributions of
µ, σ, and γ, which represent the prior information used in the Bayesian model. The values
are summarized in Table 5.

Table 5. Mean and variance for the LP3 parameters estimated from the spatial regression models.

µ σ γ

mean 7.8957 0.6993 −0.3969
variance 0.1778 0.0143 0.0635

4.2. Posterior Distribution and Flood Quantiles

The prior information obtained in the previous section was applied to the test gauge
site using only the last 10 years of records. For comparison, a baseline model with no prior
information applied to the Bayes inference was trained with 54 years of data. The posterior
means and variances of the three parameters are listed in Table 6.

Table 6. Means and variances of the posterior distributions.

µ σ γ
Mean Variance Mean Variance Mean Variance

Spatial regression prior
with 10-year data 7.5338 0.0278 0.5264 0.0183 −0.3133 0.2516

Non-informative prior
with 54-year data 7.0798 0.0093 0.6624 0.0098 −0.2349 0.3011

Figure 4 shows the means and 95% confidence limits of the predicted design floods
from the three scenarios: the Bayesian LP3 model calibrated with 54-year data and non-
informative prior, the Bayesian LP3 model calibrated with 10-year data and non-informative
prior, and the BPL-SP model calibrated with 10-year data and spatial prior. The means and
the lower boundaries of the three scenarios are similar. The upper boundaries, however,
show large differences. The baseline model returned the lowest uncertainty for large flood
magnitudes. The non-informative prior model with only 10-year records has the largest
uncertainty. By using the spatial prior, the uncertainty of the large floods is reduced to
the level similar with the baseline model. The test confirms that the Bayesian estimation
can use the prior knowledge learned from the nearby stations and environment factors to
reduce the uncertainty caused by short data length.
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Figure 4. The means and 95% confidence limits for the three scenarios: non-informative prior and
54-year data, non-informative prior and the last 10-year data, and spatial regression prior and the last
10-year data.

Table 7 displays the discharge for certain design floods with a 95% confidence interval
and a reduction in confidence intervals for each design flood. With an increase in the return
period, the reduction in the confidence interval is more drastic. For floods with a return
period more than 50 years, the prior knowledge from spatial regression could reduce almost
half of the uncertainty.

Table 7. Estimation of the discharge (m3/s) for certain design floods with 95% confidence interval.

Return
Period 10 Year 25 Year 50 Year 100 Year 200 Year

Non-info prior and
10-year data

82.9
(63.3–175.6)

96.1
(71.8–307.0)

106.1
(75.9–475.4)

115.5
(78.1–744.3)

125.2
(79.2–1027.6)

Spatial regression and
10-year data

97.5
(70.0–176.2)

118.9
(79.3–248.8)

134.5
(84.1–312.0)

149.6
(87.8–390.1)

164.7
(90.6–482.6)

Reduction in confidence
interval 5.35% 27.93% 42.95% 54.62% 65.26%

5. Discussion
5.1. Compared with Other Spatial Prior Methods

Spatial regression considers both the catchment characteristics and the spatial proxim-
ity at the same time. To demonstrate the superiority of spatial regression, we compared it
with two other types of spatial priors: mean prior and areal interpolation prior. The first
method uses the arithmetic mean and variance calculated from the nearby site records [38],
and the other uses the areal interpolation technique that is similar to the top-kriging
algorithm [19].

The priors and associated posteriors are summarized in Table 8. Compared with
areal interpolation prior, the posterior generated by mean prior is similar with the one
generated by spatial regression. Figure 5 shows that the mean prior can also reduce the
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uncertainty in the quantile estimation, but much less than the spatial regression prior.
However, the areal interpolation prior generates a larger confidence interval compared
to the non-informative prior result, even with small return periods. It shows that spatial
interpolation may not be applicable to watersheds because of the hierarchical structure of
the watershed system. Overall, within the prior types tested in this study, spatial regression
provides the best results.

Table 8. Different prior types and associated posterior distributions.

µ σ γ
Mean Variance Mean Variance Mean Variance

Mean Prior
Prior 8.2205 0.4291 0.9052 0.0690 −0.2822 0.1627

Posterior 7.5374 0.0309 0.4848 0.0374 −0.2190 0.3650

Areal Interpolation Prior Prior 9.1225 0.2963 0.8840 0.0136 −0.8983 0.1506
Posterior 7.6258 0.0670 0.7340 0.0220 −0.6832 0.8131

Spatial Regression Prior Prior 7.8957 0.1778 0.6993 0.0143 −0.3969 0.0635
Posterior 7.5338 0.0278 0.5264 0.0183 −0.3133 0.2516

Figure 5. The 95% confidence interval for four scenarios: non-informative prior, mean prior, areal
interpolation priors, and spatial regression prior.

5.2. Effects of Length of Observations

The results have shown that the BLP-SP algorithm can largely reduce the uncertainty
of the flood frequency analysis based on 10-year observations. To further evaluate the
improvement of the BLP-SP algorithm with other data lengths, we tested two more scenar-
ios with 20 and 30 years of data length. Figure 6 shows that the 95% confidence interval
generated using the last 30 years of systematic records without prior information is similar
with the one generated using the entire 54-year records.
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Figure 6. Applying spatial regression prior to (a) 20-year and (b) 30-year data series.

In Figure 6, both the 20-year model and the 30-year model have similar upper bounds.
It indicates that with sufficient data length (e.g., 20 years), the spatial regression based model
would produce consistent prediction regardless the data length. Even that the 30-year
model with a non-informative prior can achieve a comparable prediction interval as the
54-year baseline model, introducing the spatial prior has increased it prediction accuracy.

The 20-year scenario shows an interesting outcome: the non-informative Bayesian
inference has a smaller confidence interval than the model using the spatial prior. In
fact, the small confidence interval of the non-informative model might be biased because
theoretically longer data should produce smaller confidence interval, not the other way.
One of the assumptions for flood frequency analyses is that the records are independent of
each other. We suspect that there were strong temporal autocorrelation and seasonal trends
in the records over the last 20 years introduced by multidecadal trends or wet and dry
cycles [1]. Our model using the spatial prior in the Bayes inference has corrected the bias.

With the spatial regression prior information, the confidence interval of the 30-year
result decreased significantly. For example, for the 100-year floods, the confidence interval
decreased by 36.88%. In this way, by using both 20- and 30-year records, the results with
the prior spatial regression knowledge are more realistic than those using information from
the systematic data only. In other words, with the help of the spatial regression prior, the
Bayesian estimation can generate a comparable prediction result as the baseline model
even the data length is much shorter.

6. Conclusions

Our data analysis confirmed that with only 10 years of records, the flood prediction
model would have a much larger uncertainty than the baseline model using 54 years of
records. Therefore, we proposed the new model BLP3-SP that can incorporate the prior
information from other nearby watersheds with long data series using a spatial regression
model. With the spatial prior information, the BLP3-SP model can predict future floods
with a similar mean and confidence interval as the baseline model. Specifically, the BLP3-SP
model can reduce half of the uncertainty in the predicted discharge rate of a 100-year
flood using only 10 years of records. In addition, spatial regression prior can reduce the
bias caused by seasonal trends and generate a more accurate representation of the future
flood probability.

We also evaluated three spatial models to generate the prior distributions: spatial
regression, arithmetic mean, and areal interpolation. The spatial regression model out-
performed the other two because the model considered both spatial contiguity and local
environmental characteristics. The areal interpolation model did not work at all in our
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case study. This result indicates that the Log Pearson Type III distribution parameters have
some spatial contiguity and are associated with local environmental characteristics.

Overall, BLP3-SP is a useful and robust algorithm for decreasing the uncertainty in
the flood frequency estimation, especially for the sites with a short systematic data series.
This method can be applied to areas with an uneven length of discharge gauge records to
improve the accuracy of predicted flood quantiles.
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