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Abstract: Multiple regression analysiSMRA) and a time series mod€lfSM) are developed and validated for using watershed
characteristics to synthesize streamflow hydrographs. Relationships between the streamflow parameters and watershed variables
evaluated by canonical correlation analysis at 94 candidate watersheds. These relationships are constructed using MRA to prec
streamflow parameters at six validation stations in two main hydrologic regions. The predicted streamflow parameters are applied
synthesizing specific monthly streamflows by using the developed TSM. The synthetic hydrographs are found to be mostly improved ov
those found from traditional simple regression equations. Statistical properties and reliability curves of the systhsgicompared with

those of the historical records. The statistical properties seem to be well preserved, and the reliability curves are reasonable in o
hydrologic region but somewhat biased in the other. The proposed regionalization scheme is validated and therefore considered feasi
and reliable for estimating monthly streamflows at ungauged sites.
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Introduction Mckerchar 1993 Alternatively, it may be necessary to estimate a

hydrograph that would result from a particular sequence of rain-

fall events or to estimate streamflow records over several years.
In order to estimate streamflows at ungauged sites, multiple

Streamflow information is required to reduce uncertainty and per- regression analysi¢viRA) equations such as

mit decisions on water resource planning and design to be made

with increased confidence. Problems of water resources planning Y=ktayXy+aXot: - +apX, @)

and design are usually classified into two categoliBsvater use  are often used to develop the relationships for gauged watersheds.
(e.g., water supply, hydropower generajicand(2) water control  Here, dependent variablis the streamflow parameter of inter-
(e.g., flood contrgl The design for water use concentrates on the gst: independent variablé§ , X, ..., X,=watershed and climatic
complete hydrograph over a period of years. The design for water characteristics; k=regression intercept; anday,a,,....a,
control focuses on extreme events of short duratien., peak  —regression coefficients. Since discharge is strongly controlled

flows). _ _ by watershed areaw, Eq. (1) is often reduced to a simple re-
Generally, monthly streamflows satisfy the basic data require- gression analysiéSRA) equation, such as

ments for many types of water resources projects and are usually

employed for purposes of water use in time series analysis. Y=k+aX (2)
Monthly streamflows are applied to estimating reservoir storage

capacity for different purpose®.g., water supply analysis and

potential hydropowgr (McMahon 1993. Streamflows required Y’ =k'X* 3)

for water resource projects located at ungauged sites must be )

estimated. Streamflow variables of interest may include mean an-WhereY' =streamflow parameter arid anda =regression coef-
nual or monthly flows, seasonal patterns, flood and low-flow ficient. Wlth. these equations, the streamflow mformatlon. a; an
quantiles, maximum and minimum flows, and percentiles of the ungauged site can be extrapolated from a gauge located within the

flow duration curve or flood frequency curvéMosley and same watershe@ulliver 1991. The value ofe depends on wa-
tershed characteristics and is approximately equal to(Bieck

1988. If the value ofa is unavailable, it is typically set to one
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where Q,=current observatior(i.e., specific monthly stream-  basin summit and channel outlet. In addition, DeCourd&yr3

flow); and In=natural logarithmic function. The first term on the used canonical correlation analy$BCA) to investigate the rela-
right side of Eq.(4) represents 12 monthly seasonal components; tionships between dependent and independent variables. In sum-
w;j = coefficient for thejth period (e.g., w;: specific monthly mary, the hydrologic regions are defined first, then the relation-
streamflow for Januajyt=time index;Dj; is an indicator vari- ships between streamflows and watershed variables are
able that equals 1 if corresponds to seasonal peripde.qg., constructed or investigated by SRA, MRA, or CCA, and stream-
D,;1,D,,) and 0 otherwisée.g.,D,,,D,,;). The second term is the  flows at ungauged sites are predicted based on these relationships.
irregular component and is expressed as a moving average patterb/nfortunately, the validity of the regionalization models is sel-
MA(2), representing a weighted aggregate of errors resulting dom investigated. Only Fennessey and VogE®90 selected

from the current monttii.e., a;) and the prior two month§.e., three gauging stations in order to validate their regionalization
Ba,,B?%a,). The two weighted values); and 6,, are moving model. The major limitation in validation is that only gauged sites
averagegMA) parametersB is a backshift operator indicating the can be selected for validation, since there are no streamflow
prior two months(i.e., B, B?), anda, are random errors assumed records available at ungauged sites.

independently and identically distributed with normal distribu-
tion, N(0,0%). The parameter? is the variance of the errors and
provides a random variation of the streamflow residuals after the
seasonal pattern is removed. Therefore, Bjconsists of a total There are two different approaches to predicting streamflgiys:

Study Objectives

of 15 streamflow parameters. information based on watershed characteristics using MRA; and
The 12 monthly streamflow parametéMSP9 are separated  (2) synthesis of streamflow using TSM. Either one has its own

into “high” MSPs (wy,W5,W3,W,,Ws,W;,) and “low” MSPs application limitations on synthesizing streamflows or using wa-

(Wg,W7,Wg,Wg,W1g,W47). Mean values of the “high"(positive tershed characteristics as independent variables. In order to use

and “low” (negative MSPs characterize monthly streamflows in  watershed characteristics to synthesize streamflow hydrographs, a
the wet and dry season, respectively. The 15 streamflow param-method of integrating MRA and TSM is developed and validated
eters from 94 studied watersheds were classified into six regionsherein. MRA is used to construct relationships between the
by cluster analysi¢Chiang et al. 200 The classified hydrologic ~ streamflow parameters in E¢) (dependent variablgsand wa-
regions[see Fig. 1 in Chiang et a{2001)] seem to be separated tershed characteristicindependent variables The predicted
by physiographical boundaries, especially the two main clusters streamflow parameters from the MRA equations are used to syn-
(Cluster-1 and Cluster)3Discriminant analysi$DA) and princi- thesize hydrographs by the TSM in Ed). The resulting stream-
pal component analysi®CA) were used to test and interpret the flow synthesis produces both stochastic characteristics as well as
regional differences and similarities. Regional membership is @ complete hydrograph of monthly streamflows over a desired
mainly identified by watershed variables such as elevation, forestperiod (e.g., 25 yeans The validation procedure is emphasized,
area, channel slope, and precipitation based on calculation ofand streamflow predictions from MRA over simple regression
scores of canonical discriminant variates. If relationships betweenanalysis(SRA) are also compared to demonstrate the improve-
streamflow parameters and watershed varialfiesluding re- ment of streamflow predictions. The objectives dfg;to inves-
gional membershipcan be constructed, the streamflow param- tigate and develop the relationships between streamflows and wa-
eters at ungauged sites can be estimated more accutrately. Therdershed variableg?) to demonstrate improvements in streamflow
fore, the developed TSNEQ. (4)] can be applied to synthesize a estimations from the proposed MRA over traditional SRA mod-
large number of streamflow sequences extended to a desired peels; and(3) to synthesize complete hydrographs and construct
riod. validation procedures for a hydrologic regionalization model. The
In order to predict flow properties in a region, several relation- general goal is to develop an integrat@®iRA and TSM model
ships between streamflow properties and watershed variabledor generating reliable estimates of monthly streamflows at un-
have been constructed using SRA or MRA. Sindl71) con- gauged sites over a desired period.
structed the relationship between watershed area and streamflow
parameters derived from flow duration cur&DC). MRA has
been applied by many researchdesg., Benson and Matalas Proposed Methodology
1967; DeCoursey 1973; Hawley and McCuen 1982; Tasker 1982;
Gottschalk 1985; Bhaskar and O’Connor 1989; Fennessey andStudyArea
Vogel 1990 using many independent variables, including water-
shed and climatic characteristics. Note that predicted streamflowlIn the first paperChiang et al. 20011 94 candidate stations in-
properties using MRA or SRA cannot be applied to synthesize cluding 20 stations A1,A2,A3,...A20) in Alabama, 44 stations
streamflow hydrographs in these previous studies, unless the pre{G1,G2,G3,...G44) in Georgia, and 30 stations
dicted streamflow properties can be used by a TSM such as Eq(M1,M2M3,...M30) in Mississippi were used for analysis. Fif-
(4) to synthesize streamflow. teen streamflow parameters, developed by the time series model
After watersheds are classified into regions and regional rela- (TSM) in Eq. (4), characterize specific monthly streamfldim
tionships constructed, the results can be applied to ungauged sitesfs/m?) properties from 1959 to 198@5 years$ at each station.
in a classified region. This application involves two procedures: These parameters, including 12 monthly streamflow parameters
(1) identify the regional membership; ar@) estimate stream-  (MSPs,w;), 2 MA (moving average parameters ;,6,), and
flows at ungauged sites. For example, Quimpo etX883 uti- variance of residualso?), were used as variables to classify 94
lized two parameters derived from FDC to regionalize watershedswatersheds into six regiofisee Fig. 1 in Chiang et a2001)]. In
and then constructed a regression equation to predict the paramthis study, regression analysis is applied to construct relationships
eters and synthesize the FDCs. Fennessey and \&§8D ap- between the fifteen streamflow paramet@hspendent variablgs
plied the values of the two parameters derived from FDCs and seven watershed variablésmdependent variablgsand six re-
regressed with watershed areas and elevation differences betweegional membershipG1,G2,...G6). Watershed variables include
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watershed areaiw (mi®), forest areaAf (percentage of contrib-  corresponding to each classified region, otherwisa-8number
uting drainage argaarea of storagejs (percentage of contribut-  of regions; and;,B,,...,B,_1=regression coefficients. In addi-
ing drainage areaelevation E (ft, above mean sea leygbtream  tjon, the mean square err6MSE) measures the prediction error
length per unit ared, (mi/mi®), and main channel slop8(ft/mi). of the MRA model. Coefficient of determinatid®? is an index to
In addition, the mean annual precipitatid?l,(in.) is included as the variation explained by the regression model.

one watershed variable, even though it is considered as the input

to the system. .
Y Validation Procedures

Canonical Correlation Analysis and Regression Model- In order to validate this regionalization scheme, a certain number
ing of stations from each region are randomly selected. These stations
) . . . are removed as observations in the MRA equatidts (7)], and
Qanonlcal correlqtlon analys(QCA), multiple regression analy- the MRA equations are used to predict the streamflow parameters
sis (MRA), and simple regression analy$BRA) including SAS at these validation stations. These predicted streamflow param-

procedures CANCORR and REG are used to investigate and coners from the MRA equations are compared with those obtained

struct the variable relationships between streamflow parameters  the TSMIEQ. (4)] to evaluate the performance of the MRA

afnd V\/lqt(elrshed varl_ablésAShl_Qr? 0a, b. ;CA.'Sb? genera|.|zat||on processes. The predicted streamflow parameters are then used to
of multiple regression in which severalvariables are simulta- synthesize a number serids, of the specific monthly stream-

neously related to several variables(Thompson 1984; Manley flows, Qs (cfs/m?) for a period of historical lengthy, using the

1995. If there arep independent varlableé.(l,Xz,...,Xp (e.g., TSM [Eqg. (4)]. The synthetic specific mean monthly streamflows
watershed variabl¢s and g dependent variablest,, Yy, ..,Yq (Qsm) are the average of the monthi®sin ny years. The mean of
(e.g., streamflow param'eter$hen linear relationships of the fol- the syntheticQsm (i.e., sum ofQsmdivided by N) and theQs
lowing forms are established: obtained from SRA in Eq(2) (i.e., predicted monthly streamflow
U =a Xy +a X+ +apXp 5) divided by watershed argare compared with the historical av-
erage forn; years to investigate improvement of the streamflow
estimations at the validation statioidSBOR 1991; Merzi et al.
Vi=b1Y1+boYo+- -+ b Yy (6) 1993. The standard deviations of the synthetic mean monthly
streamflowsQsd and autocorrelation function, ACF, of the syn-

Here,U, andV, = canonical variates and are calculated from lin- thetic specific monthly streamflo are also compared with
ear combination of independent and dependent variables, respec- P y Qs P

tively; r=minimum ofp andq; andas 3z, ... arp, Dr1.rz,., tho‘ls"ﬁeo:slri]:bnilts t()crlzcrslazt[:)i\?szgog\rll I'rrﬁgor:?ssgorical records are com-
andb,q are coefficients. The correlation between andV, is y

maximized subject to these variables uncorrelated with, and pared with those of a few synthetic streamflow series randomly
Vv Each pair of the canonical variates {,Vy), (U,,V 3 selected from th&l synthetic streamflow series at each validation
r—1- 1y V1) 29V 2]y

and (U, ,V,) then represents an independent “dimension” in the station. The reI|ab_|I|ty curves evaluate the reliabilig) of differ-
relationship between the two sets of variablg (X .....X,) and ent outflows for different storage volumes, as calculated by

(Y1,Y2,...,Yq). The first pair of canonical variates)¢,V;) has Nt—nNg

the highest possible correlation and is the most important; the R=

second pair of canonical variated {,V,) shows the next highest .

correlation, and so on. where ny=total length (e.g., 25 yeansof S series; andn,
The calculation of CCA involves eigenvector and eigenvalue = !ength of zerogi.e., no water in a storage volumia S; series.

analysis and finding the correlation matrix between variables, Here,Si is the storage volume required at the beginning of period

X1,Xz,...Xp andYy,Y;,....Y,. The eigenvalues are the squares ! and is calculated by

of the correlations between the canonical variates. Therefore, the S_1+1,—Q if 0<=S<K

eigenvalues provide estimates of the amount of shared variance .

between the canonical variates, but not the variance extracted S= K it S>K ©)

from the set of variables. In addition, a redundancy index is used 0 if §<0

to measure overlapping information between the dependent and,qre S_,=storage volume at the previous peridet1; I,
independent variables. Redundancy index is based on the amount jsow auring periodi; Q,=outflow required in period: ’anld
i) ] ’

of variance in one set of variables, as explained by a linear com-y _ naximum storage volume. Assuming an initial storage value
bination of the other set of variabléblair et al. 1992 S, (=K in this study; R=plotted versuk and outflowQ, and
Multiple regression analysitMRA) in Eq. (1) is applied to aheated over the entire procedure for different values andQ

construct relationships betwegn the depender!t va.rie{bles 15 to develop a family of curves. For this study, the synthetic stream-
streamflow parameterand the independent variablgés., seven flows are used as inflow {
0.

watershed variables and regional memberst8pmple regression
analysis(SRA), as in Eq.(2), is also used to construct relation-

and

100% )
nr

ships between monthly streamflows and watershed atgagsor Results and Hydrologic Interpretations
simplicity without considering cross-product terms, the MRA in
Eq. (1) can be expanded as Canonical Correlation Analysis
Yi=ktaXgtaXot - +apXptBiGrtBaGat- Canonical correlation analysi€CA) is applied to processing the
4By .G % strea_lmflo_vv parameters and Wa_tershed va_lriables to proyide sug-
n-1=n-1 gestions in the multiple regression analy@i4RA). Correlations
whereY;=streamflow parameters of the TSI&;;,G,,...,.G,_1 between watershed elevatig) and the 12 MSPs in the data set

=regional membership variables for cluster and are equal to 1are high or moderaté).49-0.80. In the two main clusters, cor-
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Table 1. Correlations Between Streamflow Parameters and Watershed Variables

Streamflow parameters

Watershed West SeasolHigh MSP3 Dry Seasor(Low MSP9 Wet MA (2)
variables  wy w, W3 Wy Wi Wg Wy Wg Wy W1o W1 W1o 0, 0, a?
(a) Data set(all observationsN=94)
Aw —0.097 —-0.139 —0.080 —0.014 0.063 0.173 0.168 0.204 0.225 0.244 0.09D.044 —0.155 —0.162 —0.348
S 0.384 0437 0357 0.346 0.428 0433 0.338 0.290 0.278 0.303 0.423 0.404 0.199 60322
L —0.066 —0.103 —0.060 0.033 0.121 0.228 0.227 0.266 0.285 0.306 0.140.001 —0.140 —0.146 —0.418
E 0.514 0489 0526 0.639 0.797 0.756 0.600 0.520 0536 0.682 0.747 0.616 0.232 60869
As —0.239 -0.272 —0.238 —0.221 —-0.075 0.095 0.179 0.199 0.205 0.2040.019 —-0.188 —0.121 —0.137 —0.125
Af 0.128 0.091 0.071 0.179 0.302 0301 0.325 0.381 0.320 0.329 0.289 0-17615 —0.074 —0.282
P 0.629 0562 0489 0594 0510 0.199 0.179 0.1212 0.205 0.184  0.405 0.620 0.175 -601088
(b) Cluster-1 N=59)
Aw —0.192 -0.169 —0.035 —0.079 0.016 0.116 0.088 0.093 0.128 0.199 0.029.142 —0.126 —0.150 —0.411
S 0.197 0.120 0.087 0.075 0.238 0.229 0.230 0.188 0.142 0.125 0.270 0.260 0.249 0.103 0.068
L —0.218 —0.204 —0.071 —-0.076 0.080 0.195 0.168 0.183 0.212 0.275 0.1620.109 —0.121 —-0.170 —0.450
E 0.023 —-0.158 0.136 0.236 0.660 0.766 0.624 0536 0.470 0.680 0.650 0.246 0.295 ©6.0553
As —0.155 -0.159 —-0.065 —0.124 0.075 0.184 0.163 0.128 0.170 0.264 0.13D.008 0.145 0.008—0.417
Af 0.194 0.066 —0.006 0.124 0.297 0.228 0.321 0.322 0.327 0.229 0.277 0.284041 0.028 0.067
P 0.518 0.531 0.330 0.536 0.2840.058 0.078 0.099 0.171-0.013 0.121 0.551-0.112 0.268 0.427
(c) Cluster-3 N=22)
Aw 0.156 —0.162 0.138 0.285 0.387 0.222 0.375 0.304 0.360 0.392 0.102 0-681189 —0.263 —0.410
S 0.206 0.346 0.262—0.033 —0.086 0.184 —0.129 —0.132 —0.054 —0.152 0.139 0.281 0.155 0.460 0.242
L 0.262 0.091 0.209 0450 0379 0.176 0.419 0.384 0418 0.453 0.097 0-@213 —0.103 —0.497
E 0.841 0.707 0.758 0.726 0.444 0.307 0.326 0.238 0.493 0.481 0.441 0.707 0.111 63263
As 0.022 -0.131 —-0.039 0.030 0.087 0.003 0.152 0.183 0.138 0.22%.107 —0.155 —-0.413 —0.275 —0.254
Af —0.293 -0.213 —-0.198 —-0.188 0.050 —0.188 0.010 0.108-0.171 0.002 —0.006 —0.223 0.036 —0.224 —0.010
P 0.026  0.106 —0.053 —0.002 0.171 0.178-0.203 —0.074 0.014 —-0.170 0.252 0.197-0.037 0.181 0.063
relations between E and the “low” MSPs Based on the above correlation analysis, the moderate and

(Wg,W7,Wg,Wg,W1g,W17) are mostly moderat€0.47-0.77 in
Cluster-1 and are low0.24-0.49 in Cluster-3. Correlations be-
tweenE and the “high” MSPs (v, ,w,,W3,W,,W5,Wq,) are low
(<.25 mostly in Cluster-1 and high0.71-0.84 in Cluster-3.
Precipitation(P) is moderately correlated with the “high” MSPs
(0.41-0.63 in the data set, and correlations betwdgmand the
“high” MSPs seem to be moderai®.28—-0.5% in Cluster-1 and

high correlations in the data set and two main clust@eble 1
suggest that the streamflow parameters can be predicted by the
watershed variables, although correlations between the stream-
flow parameters and watershed variables could be different in the
two clusters. When redundancy indices within each of the two
main clusters are high, the MRA would be employed to construct
relationships within each cluster. Otherwise, dummy variables

very low in Cluster-3. These correlations show that high elevation should be used to indicate the regional membership in MRA.

watersheds exhibit high MSP values, and there is more precipita-

tion in the wet season.

Watershed variables of surface storage aréasand water-
shed areaAw, seem to be positively correlated with the “low”
MSPs and negatively correlated with the “high” MSPRable 1.

In CCA, the streamflow parameters are divided into three sub-
sets:(1) “high” MSPs; (2) “low” MSPs; and (3) MA(2) param-
eters ands?. Relationships between streamflow parameters and
watershed variables are similar in each subset. Similar relation-
ships are also obtained from the MRA model. In redundancy

Generally, watersheds with large areas provide a larger bufferanalysis, the amount of variance in the dependent variables, indi-
capacity. Streamflows from large watersheds may be affected bycated by the variance in the independent variables, is calculated.
groundwater supply in the dry season. For these reasons, waterThe redundancy indices, the standardized variances of the stream-
sheds with largedw and As display higher MSP values than wa- flow parameters explained by the first opposite canonical variate
tersheds with smalAw and As in the dry season. In the wet (V,), are 61, 47, and 15% in subsets I, I, and lll, respectively.
season, a large storage capacity will hold surface runoff water andThe respective redundancy indices in subsets [, I, and Il of
reduce streamflows. Therefore, lower MSP values in the wet sea-Cluster-1 are 39, 33, and 21%, and those of Cluster-3 are 35, 7

son for watersheds with largewv and Aswould be reasonable. In
addition, o2 (residual varianceis moderately correlated witE
(—0.67), L (stream length per unit area,0.42, andAw (—0.35
in the data set, withE (—0.65, L (—0.45, As (—0.42, Aw

and 20%. The remaining canonical variates are not worthy of
consideration because of low index values. The indices of subsets
| (61%) and Il (47%) in the data set are higher than those in the
two main clusterg7—39%. The low redundancy indices in the

(=0.41), andP (0.43 in Cluster-1, and with_. (—0.50 and Aw two main clusters imply that the data set from the 94 stations is
(—0.4)) in Cluster-3(Table 1. The inverse correlations show that more appropriate than the two main clusters in assessing the re-
monthly streamflow variations are small for watersheds with high lationships between the 12 MSPs and the watershed variables.
E and largel.. This may be due to more stable monthly stream- Low indices in subset II[15, 20, and 21%and low correlations
flows in the high elevation watersheds than those in the low el- between MA2) parameters and watershed variables reveal that
evation watersheds. watershed variables may not be valid independent variables for
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Table 2. Canonical Correlation Analysis

(a) Standardized Canonical Coefficients for Streamflow and Watershed Variables

Subset Wy W, W3 Wy Ws W1o Aw S L E As Af P

| U, 0794 0.723 0.723 0.890 0.987 0.881V, 0.058 0.453 0.122  0.842 —0.102 0.333 0.597
Subset Wg Wy Wg Wg W1g Wqq Aw S L E As Af P

I U, 0967 -0.481 0.509 -0.731 -0.060 0.736 V; 0.201 0.194 —-0.041 0.806 —0.003 0.042 0.268
Subset 0, 0, o? Aw S L E As Af P

11} U, 0.086 0.255 —1.020 VvV, —-0.375 0314 0857 0.606 0.081 0.030 0.249

(b) Correlations Between Canonical Variates and Streamflow and Watershed Variables

Subset Wy W, W3 Wy Ws Wqo Aw S L E As Af P

| U, 0794 0.723 0.723 0.890 0.987 0.881V, 0.058 0.453 0.122  0.842 —0.102 0.333 0.597
Subset Wg Wy Wg Wo W1o Wiqq Aw S L E As Af P

I U, 0.906 0.734 0.639 0.679 0.818 0.945V, 0.091 0.569 0.151 0.952 —0.079 0.332 0.351
Subset 0, 0, o? Aw S L E As Af P

11} U, 0220 0.218 -0.929 Vi 0.335 0.361 0.432 0916 0.122 0.362 0.257

predicting MA(2) parameters. Therefore, dummy variables indi- E (0.60. VariateU, is negatively correlated witt? (—0.93, and
cating regional membership are used in further determination of V; is correlated withE (0.92 and L (0.42. After summarizing

the relationships in MRA because variable correlations are differ- these CCA results, it is clear there exist relationships between the
ent in the two main clusters. 12 MSPs and watershed variablEsand P, as well as relation-

The first pair of canonical variatesUg,V;) explain 86% ships betweens? and watershed variableg and L. Also, the
(eigenvalue=6.2), 60% (eigenvalue3.0), and 78% canonical correlations ofUy,V;) are highly correlated0.76—
(eigenvalue=1.7) of the variance shared by the dependent and 0.97) with the data subsets. This is consistent with the correlations
independent variables in the respective subsets I, I, and Ill. The between streamflow parameters and watershed variables as shown
remaining canonical variates are not investigated because of lowin Table 2.
eigenvalueq<1.0). In subset I, U,,V,) is associated withws
(coefficient=0.96) andw; (0.45 and watershed variableE
(0.84 and P (0.54). Variate U; is highly correlated with the
“high” MSPs (correlation>.72), and V; is correlated withE
(0.84 andP (0.60. In subset II, U,,V;) shows different weights

Regression Analysis

To assure the fundamental assumption of multivariate normal dis-
tribution, the quantities of watershed variables are logarithmically

for the “low” MSPs (—0.48-0.96 and E (0.81). Variate U,
seems to be highly correlated with the “low” MSR8.63—0.94,
and V, is correlated withE (0.81). In subset Ill, U;,V,) is
associated witlr? (—1.02 and watershed variablés(0.85 and

Table 3. Regression Equations from MRA Using All Data

transformed in the MRA processes. The results of the MRA equa-
tions in Eq.(7) contain all significant independent variables ex-
ceptAf (Table 3. The regression coefficients of elevati@h,and

the mean annual precipitatioR,(«; anda,), are all positive and

Watershed variableX,

Regional Membershis,,_ 1

Streamflow

parameters, Intercept, IN(E) In(P) In(§ In(As) In(Aw) In(Af) G, G, Gs G, Gs

Y, k’ oy Ay, Qg as ag ay Br B2 Bs Ba Bs MSE R?

Wet seasorthigh MSP$  w; —6.752 0.156 1.504 - - - - 0.426 0.519 0.572 - - 0.173 0.75
w, —5.389 0.121 1.347 0.059 - - - - 0.091 - —0.434 0.166 0.61
wz —5.317 0.212 1.231 - - - - - - 0.234 - —0.448 0.171 0.66
w, —7.219 0.252 1.614 - - - - - - 0.120 —0.262 —0.648 0.151 0.82
Ws - 0.462 1.853 - - - - - - - —-0.336 —0.518 0.166 0.87

Dry Seasonglow MSP9 wg —8.299 0.578 1.118 - - - - - - —0.664 —0.316 - 0.279 0.79
W - 0.504 1.981 - 0.035 - - - - —=0.730 - 0.804 0.302 0.75
Wg - 0.448 1.906 - 0.036 - - - - —1.009 - 0.647 0.336 0.76
Wg - 0.514 2.754 - 0.052 - - - - —0.945 - 0.828 0.376 0.73
Wy —9.975 0579 1.442 - 0.052 - - - - —0.897 —-0.623 - 0.333 0.80
Wqq - 0.633 2.002 - - - - - - —0.448 —-0.935 - 0.314 0.81

Wet W1o - 0.333 2.372 - - - - - - - —-0.874 —0.765 0.226 0.84

MA (2) 6, —0.685 0.045 - - - -0.011 - 0.124 - 0.160 - 0.297 0.065 0.46
0, —0.925 - 0.201 - - - - - - 0.051 —0.130 - 0.072 0.36

|n(0'2) 3.093 -0.532 - - —0.035 - - - - —0.026 —0.002 - 0.186 0.80

Note: MRA equationY;=k+aX;+aXo+ ...+ apXp+B1G1+B2Go+ ...+ B,-1G1 in EQ. (7).
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Table 4. Regression Equations from SRA - 15 . TSM T A -MRA
Y X é N j’Aiij- ””” = Lower95% + Upper95%
monthly Intercept In(Aw) g
streamflow k a MSE R? I U s R
In(Qy) 1.119 0.955 0.300 0.953 &
In(Q,) 1.250 0.956 0.209 0.977 g 0
In(Qy) 1.404 0.958 0.238 0.970 § O T BEY . S 2 ]
In(Qy) 1.200 0.972 0.275 0.962 S -
In(Qs) 0.488 0.988 0.365 0.937 ;3 T e I
In(Qg) —0.258 1.016 0.430 0.918 B
In(Qy) —0.428 1.012 0.428 0.918 Tul W w w w6 W s a8 w0 w2 61 62 o2
In(Qg) —0.747 1.040 0.535 0.884 Streamflow Parameters
In(Qe) ~0885 1.042 0.509 0.894 Fig. 1. Comparison of streamflow parameters by TSM and MRA at
n(Qs0) ~0.904 1.049 0.505 0897 station AO8 of Cluster-1
In(Q1y) —0.242 0.989 0.547 0.868
In(Qy) 0.903 0.931 0.422 0.907
Note: SRA equationY=k-+aX in Eq. (2). MRA, and the values of MSE are smaller in the wet season than
those in the dry season. The regression coefficiarae slightly
less than one in the wet season and slightly greater than one in the
significant in the MRA equations of the MSPs. Precipitatiois dry season, and the values of regression interkepé positive in
the dominant variable in each of the monthly streamflow equa- the wet season and negative in the dry season. Therefore, large
tions (Table 3, and the regression coefficients Bfin the dry watersheds exhibit lower monthly streamflows in the wet season
season are larger than those in the wet season. Therefore, thand higher monthly streamflows than small watersheds in the dry
specific monthly streamflow§)s increase with increasing and season.

E. Furthermore, elevatiok of the watershed affects streamflows
in the dry season more than those in the wet season. SurfaceVah. dations
storage areads seems to be slightly correlated with the “low”
MSP, which is probably due to a lardes providing buffer capac- Three stations in each of the two main clusters, A08, G35, and
ity that could slightly increase streamflows during the dry season. MO5 in Cluster-1 and M11, M18, and M26 in Cluster-3, were
In the two main clusters, the regression coefficientsgfin randomly selected from the original 94 stations to serve as vali-
Cluster-3 N=22) are positive in the wet season and negative in dation sites. After excluding these six validation stations, the step-
the dry season, and those @®f in Cluster-1 N=59) are mostly wise regression selection procedure were repeated by manipulat-
insignificant. This shows thaDs tend to be higher in the wet ing the remaining 88 station data. For brevity, results of one or
season and lower in the dry season of Cluster-3 than those intwo from the six validation stations are selected for illustration.
Cluster-1. This is consistent with the streamflow patterns as Streamflow parameters obtained by the MRA equatidable 3
shown in the first papeiChiang et al. 2001 are compared with those determined by the Ti9. (4)]. These
The values of the coefficient of multiple determinatidR?) two sets of streamflow parameters, as well as the 95% confidence
range from 0.61 to 0.89 with the exception of the regression interval at one of the six validation statio&08) in Cluster-1,
model for®, (R?=0.46) andd, (R?=0.36). The highR? values are plotted in Fig. 1. It is observed that most streamflow param-
indicate that the MSPs and? can be reasonably predicted by eters obtained from MRA and TSM are within the 95% confi-
watershed variables. Note that the dependent variable was alreadyglence interval at the validation stations. Some values of the
logarithmically transformed. The inverse correlation betweén streamflow parameters in TSM are equal to zem.g.,
andE and regional membershi@; (i.e., Cluster-1 shows thata  wg,w;,wg,..., Wy in Fig. 1) because of its insignificance.
higher elevation watershed tends to have smaller residual vari- The estimated streamflow parameters from MRA are used to
ance. This is consistent with the regional patterns based onsynthesize 50 series of specific monthly streamfl¢@s over a
streamflow parameters and watershed variables in the first pape5 year period using the developed T$EY. (4)]. Results of the
(Chiang et al. 2001 and the results of canonical correlation mean ofQsm(specific mean monthly streamflowsy TSM and
analysis. The values d®? and mean standard err@MSE) are Qs (specific monthly streamflowsby SRA (i.e., predicted
low in the regression equations &f and6,. This indicates that monthly streamflows divided by watershed areae compared
the MA parameters are not highly correlated with watershed vari- with historical data in Fig. 2. It can be seen that the specific
ables and regional membership; therefore, using the mean valuesnonthly streamflows better agree with the historical data than
of 6; and 6, in each cluster to generate streamflows may be those of SRA, except in the wet season of Cluster-3. Therefore,
acceptable. Since some watershed variables are correlated witlthe proposed method of integrating MRA and TSM is not only an
each other, the variance inflation faciMIF) is used to test the  improvement over the traditional SRA model, but also can be
multicollinearity. The resulting small VIF valud&r less than 10 applied to synthesizing streamflow hydrographs. The standard de-
indicate low intercorrelation among the significant independent viations of the synthetic mean specific monthly streamflasg
variables. seem to be preserved except for those in the wet season of
In SRA, as shown in Eq2), strong linear relationships can be Cluster-3, as shown in Fig. 3. Note that the valuessdfin
found between mean monthly streamflows and watershed areaCluster-3 are higher than those values in Clusté€hiang et al.
Aw, (coefficient of determinatiorR?>.86) after data were loga-  2001). The high values oRsdando? in Cluster-3 indicate that
rithmically transformedTable 4. Note that the results of SRA large synthetic monthly streamflows are anticipated from the pro-
have greateiR? values but smaller MSE values than those of posed method and the magnitude of monthly streamflow varia-
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-—%x— Qs by SRA
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0.00

Specific Monthly Streamflow (cfs/miz)

0.10

Autocorrelation Function (ACF)

0.20 |
Month -0.30

Fig. 2. Comparisons of historic@)sm presenQsmby TSM, andQs 040
predicted by SRA at Station G35 in Cluster-1 and M18 in Cluster-3 rjg 4. Historical and present synthetic mean ACFQ@s at Station

A08 in Cluster-1 and M11 in Cluster-3

tions are significant in this season. This may explain why the

proposed TSM cannot satisfactorily predict the streamflows in K is about 100 cfs/mij or 45 times the outflowFig. 5). If the
Cluster-3. ) _ storage volumg(in cfs/mi) is multiplied by watershed are@n

The autocorrelatlon functiofACF) tends to.be well preseryed mi?) and seconds per year, then the required annual storage vol-
except for a slight departure around lag 6 with a cyclic period of ;e (m3) of this watershed is obtained. The reliability curves in
6. This departure seems to be more significant in Cluster-3 thang,cn outflow grougte.g., Q=2.2 cfs/mf) seem to stay close or
that in Cluster-1, as shown in Fig. 4. Consequently, the proposedg, ey overlap(especially station G35 as shown in Fig. &nd

method does better generate the streamflows in Cluster-1 but iSSeparate into three different groups in Cluster-1. However, in
slightly biased in Cluster-3. ’

The reliability curves of different outflows for different storage
volumes are calculated by Eq8) and(9) based on the 25 years
of historical Qs and 50 synthetidQs Three synthetidQs were
randomly selected from the 50 synthe@s for each validation
station. Depending on different maximum storage voluifiem
cfs/mP), the reliability curves evaluate the reliability of the re-
quired outflow Q=2.2,2.6,3.0cfs/m) for downstream water
use, as shown in Figs. Station G35 in Clusterjland 6(station

cluster-3, the reliability curve of the synthetic series tends to be
higher than that of the historical records. Thus, the synthetic spe-
cific monthly streamflows are reliable in Cluster-1 but a bit biased
in Cluster-3.

Conclusions and Discussions

c By integrating multiple regression analysi®IRA) and a time

M1l in Cluster-3. Note that each outflowe.g.,Q=2.2 cfs_/m_?) series mode{TSM), an integrated method of generating synthetic
includes one historical and three synthétiame symbolreliabil-  specific monthly streamflows is developed and validated. The
ity curves; thus, Figs. 5 and 6 shoyvs twelve reliability curves with  gtreamflow parameters in TSM are predicted by employing MRA
three differentQ values. The required outflows generally depend ¢qyations that construct relationships between streamflow param-
on downStrea.m requirements for water use. These are thalneQeters and watershed variables. Canonical correlation analysis
thr(_)ugh a series of_t_nal and error exp_erlments to approxmaﬁtely (CCA) is employed to provide suggestions for the MRA. These
satisfy 100% reliability when the maximum storage volume in- predicted streamflow parameters are applied to synthesize a large
creases. The reliability curve prowdgs an easy way to cal_culatenumber of streamflow sequences at ungauged sites for a desired
the storage volumele.g., a reservoirand to compare With  period by using TSM. Comparisons of results among the pro-
monthly streamflows. For example, to obtain 100% reliability h,sed method, traditional SRA, and the historical data show that
with Q=2.2 cfs/mf of outflow at station G35, the storage volume  ggreamflow estimations from the proposed method agree better

- - % - -Q=2.6 (Historical)
—=—Q=2.6 (3 syn. series)
************************ Q=30 (Historical) -
—+—Q=3.0 (3 syn. scries)

g Historical Present

5 5,,“_,._”:”7— -0 - -A08-CL1 —e— A08-CL1

= e ©--G5.CLI  —@—G35.CLI

E 4 ~t- --&--MILCL3 —a—MIICL3 S

= g t ‘\;\\ - -~ - -MI18-CL3 ~--4— M18-CL3 = 7/

E E 3 e = # -« - -Q=2.2 (Historical) B
A2 .‘:3 © —— ——Q=2.2 (3 syn. series)
E [~

7}

20 40 60 80 100 120 140 160 180 200 220 240 260 280 300
K (max. storage, cfs/mi%)

Fig. 3. Comparisons of historica@sd and presenQsdby TSM at
Station A0O8 and G35 in Cluster-1 and M11 and M18 in Cluster-3 Fig. 5. Reliability curves for validation at Station G35 in Cluster-1
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Notation

The following symbols are used in this paper

- Af = forest area;
ol As = area of storage;
% - + o £ [Q=2.2 (Historical) Aw — watershed ares:
5 0l e e (B ay series)” ar1.,8r2,...8,p = coefficients; .
MR RIEE, Soee .. - 2% « -Q=2.6 (Historical) a, = regression coefficient;
. = Q=2.6 (3 syn. series) a, = random error;
e =30 (Historical) B = backshift operator;
L +—Q=3.0 3 syn. serics) - br1,0r2,....brq = coefficients;
10 D;; = indicator variablelequals 1 or @)
20 40 60 80 100 120 140 160 180 290 220 240 260 280 300 E = e|evati0n;
K (max. storage, cfs/mi’) G;,G,,....G,_; = regional membership variables;
Fig. 6. Reliability curves for validation at Station M11 in Cluster-3 li = inflow during periodi;
K = maximum storage volume;
k,k’,ki = regression coefficient or intercept;
with historical data than the traditional SRA method. This im- L = stream length per unit area;
provement would be crucial to engineering designs in reducing N = number of synthesized series;
engineering cost, increasing social and economic benefits, and N = number of synthesized series;
reducing damages. n = number of regions;
Streamflow statistical propertigstandard deviation, autocor- ny = total length(e.g., 25 yeasof S
relation function and reliability of different outflows for different Series; _ _
storage volumes are validated with a proposed regionalization Ny = length of zeros ir; series;
scheme(Chiang et al. 200/Lby using historical records and the P = precipitation; o
synthetic streamflows from the TSM. This validation procedure is Qi = outflow required in period,
critically important for a water use project to estimate whether Qs = specific monthly streamflow;
water stored in a storage volume meets the downstream water Qsm = synthetic specific mean monthly
demands during a design period. To obtain better confidence, it is streamflow; _ .
suggested that reliability curves be calculated for all synthetic Qi = current observation of specific
series, percentiles of the synthetic series plotted, and comparisons monthly streamflow;
of the percentiles with the historic series made. The TSM in the '§ = reliability; _
the proposed method retains the statistical information and the R® = index to variation explained by
stochastic nature of the monthly streamflows properties in regression model;
Cluster-1, but is a bit biased in Cluster-3. The biases of the S = main channel slope; .
streamflows synthesized by the TSM in Cluster-3 may be caused S = storage volume required at begin-
by the high residual variancerf) or the model itself. The high ning of periodi; _ .
o results from abnormal flood events and outliers in the time S-1 = storage volume at previous period
series analysis. Detecting and removing the outliers and handling =1 _
the abnormal flood events from the streamflow records are sug- Uj,Uz,....U; = canonical variates;
gested to improve accuracy of the estimations of the streamflow V1,Vp,....V, = canonical variates;
parameters in MRA and the synthesis of the streamflow series. w; = coefficient ofjth period;
Furthermore, a validation procedure has been demonstrated for W3,Wy,...,W; = monthly streamflow parameters;
practical applications when synthetic streamflows are needed in X1,Xz,....Xp = independent variables.e., water-
many water resources problems. It should be noted that accuracy shed variables
of the synthesized streamflows at ungauged sites by the proposed+Y +Yi:Y1,Y2,....Yq = dependent variablege., stream-
method ultimately rely on results of regionalization of watersheds flow parameters
(Chiang et al. 2001 ag,0p,...¢p = regression coefficients;
Although this regionalization scheme can be applied to un- B1,B2,-.,Bp = regression coefficients;
gauged sites or limited record sites, further research should ex- & = error,
plore the possibility of improved multiple regression models., 91’9% = moving average parameters; and
adding cross products of watershed variables and defining re- o = variance of errors.
gional membershipand TSM. Questions arise as to whether these
predicted streamflow parameters can be adjusted to improve
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