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Abstract: A hydrologic regionalization scheme is proposed for classification of watersheds at gauged sites. This scheme used 1
streamflow parameters estimated by a time series model to classify 94 watersheds into 6 regions by cluster analysis. The classified regi
seem to be separated by physiographical boundaries, especially the two main clusters. Discriminant analysis tests the significance of
cluster difference; thus, each cluster represents one hydrologic region. Principal component analysis interprets the regional differences :
similarities. The regional membership is mainly identified by the watershed variables of elevation, forest area, channel slope, an
precipitation based on the calculation of the scores of canonical discriminant variates. This emphasizes the importance of the hydrolog
regionalization and the identification of the specific characteristics in each region.
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Introduction velop strong relationships and to estimate streamflow information
at ungauged sites will be presented in the second paper.
Hydrological behaviors of watersheds play an important role in ~ In order to estimate streamflows at ungauged sites, a regres-
water resource planning and management. It is costly to obtainSion equation such as
hydrological |nformat|on py se_ttmg gauge statl_o_ns f_or every wa- Q= KWATWR2 - W2 1)
tershed. Hydrological regionalization, the classification of gauged 1772 n
watersheds into regions according to preset criteria, provides ahas been developed from information of gauged watersteds
way to extend information from gauged watersheds to ungaugedFennessey and Vogel 1990; Mosley and Mckerchar 1998re,
ones. The preset criteria are generally based on streamflow orQ=streamflow variable of interesiV,,W,,... W,=watershed
watershed and climatic variables. Regionalization techniques pro-and climatic characteristics; arda, ,a,,...,a,=empirical coef-
vide a mechanism to determine the hydrologic behaviors of ficients. If hydrologic regions of watersheds can be defined first,
gauged watersheds. Streamflow and watershed variables describé€ streamflow at an ungauged site within this group could be
streamflow properties such as monthly flows or streamflow pa- €Stimated by employing the regression equation, (g.
rameters and watershed characteristics. A mathematical mode| Stréamflow parameters of flow duration curvésDC) and
(e.g., a time series modetstimates the streamflow parameters. f100d frequency curves=FC) have been used as criteria for hy-
Watershed variables describe the watershed characteristics. If éerIOg'C regionalizatioriSingh 1971; Quimpo et al. 1983; Cheng

regionalization scheme is successful, strong relationships betweer11988; Fennessey and Vogel 1990he use of FDC and FFC

streamflow properties and watershed variables can be realizedfShOUIOI be limited to problems in which the sequential nature of

. . . reamflow is unimportant. However, th ntial nature m
These relationships can be utilized to develop useful streamflowSt eamilow Is unimportant. However, the sequential nature must

. - . ... be accounted for in many water use and control problems. There-
information at ungauged watersheds featuring characterlstlcsfore the FDC and FFC methods may not be appropriate for hy-
similar to one of the groups. The purpose of this paper is to '

) e ; ; drologic regionalizatiorfFennessey and Vogel 1990n addition,
develop a regionalization scheme to classify watershed into re-\aiersheds with different seasonal patterns may have the same
gions and identify the regional membership. Applications to de- Fpc or FFC, and the tails of FDC or FFC are actually fixed by

the limited extreme events. Difficulty exists because only limited
ISenior Environmental Specialist, Office of Deputy Administrator, €Xtreme samples are available to parameterize the FDC or FFC.

Environmental Protection Administration, 41, Sec. 1, Chung-Hwa Rd., Some other flow properties have also been used for hydrologic

Taipei, Taiwan. E-mail: smchiang@sun.epa.gov.tw regionalization, such as monthly mean flows or peak flows along
2professor, Dept. of Civil Engineering, National Taiwan Univ., 1, Sec. with their coefficients of variatiofGottschalk 1985; Tasker 1982;

4, Roosevelt Rd., Taipei, Taiwan. Mosley 1981; Bhaskar and O’Connor 1989; Burn 198Bhese
*Professor, Dept. of Civil and Environmental Engineering, Northemn flow properties capture some statistical information, but the “se-

Arizona Univ., Flagstaff, AZ 86011. guential” or “stochastic’ nature of streamflows may be lost.

Note. _Discussipn ppen until June 1, 2002. Separate _discussions musr’l’herefore, no generally accepted method of hydrologic regional-
be submitted for individual papers. To extend the closing date by one ization has been developed.

month, a written request must be filed with the ASCE Managing Editor. B d th . tudi fi i il b d
The manuscript for this paper was submitted for review and possible asea on e previous studies, five questions will be answere

publication on November 30, 1999; approved on May 1, 2000. This paper When developing a regionalization techniqu®: How are water-

is part of theJournal of Water Resources Planning and Management ~ Sheds classified into regioné?) What are the criteria used for
Vol. 128, No. 1, January 1, 2002. ©ASCE, ISSN 0733-9496/2002/1- regionalization{3) How are the relationships between streamflow
3-11/$8.06-$.50 per page. and watershed variables constructet};How are the regionaliza-
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tion results applied to ungauged sites; @adHow is the hydro- Proposed Methodology and Study Areas

logic regionalization technique validated. This paper attempts to

answer the first two questions. Many researchers have defined, . _ .
. e N ; i Review of Statistical Techniques

regions “objectively” using cluster analysidosley 1981; Haw-

ley and McCuen 1982; Tasker 1982; Gottschalk 1985; Cheng Techniques involved in the proposed methodology are reviewed

1988; Burn 1989; Bhaskar and O’Connor 198Bhey used either briefly for completeness. Time series analysis can be applied to

flow properties or watershed and climatic characteristics as crite-build mathematical models and to generate synthetic hydrologic

ria for classification, and then extract streamflow information. 'ecords (Salas 1998 Conventionally, time series have been

However, none of the previous methods can be used to generatdhought to consist of three components, namely, trén, (sea-

synthetic streamflows. The sequential order and the stochastic naSonal &), and irregular componentdN() (Wei 1990. If these
ture are lost after the streamflow data are manipulated into FDCs,CoMPonents are assumed to be independent and additive, the time
peak flows, or means flows seriesY,; (e.g., monthly streamflowsan be expressed as

Generally, monthly streamflow data have no trend and have a Y=T+S+N; (2)
seasonal component of 12 months with additional biannual, quar-

terly, or irregular componeniras gnc_i Rodriguez-ltqrbe 1993 model the trend component, dummy variables to model the sea-
Many resegrcher(Roesner and YeyJeV|ch 1966; Rodriguez-Iturbe ¢ component, and the ARM@utoregression moving aver-
1968; Rodriguez-lturbe and Nordin 1968ave used the compo- 544 structure to model the irregular component. For example, the

nent concept to handle the seasonal monthly streamflows. Hipekyeng component can be written asmah-order polynomial in
et al. (1979 removed the seasonal monthly streamflows and then tjme as

developed an ARMAautoregressive moving averagaodel for

the irregular component. Sald$993 introduced the way sea-
sonal series are partitioned into components and the seasonality is
removed. It is possible to use seasonal ARMA model instead of
removing the seasonal monthly streamflows, or use dummy vari-
ables or harmonic analysis to model and simplify the seasonality.
However, difficulties may arise in hydrologic interpretation of the

. . month. Thus, the hydrologic processes are assumed to be trend-
parameters from the seasonal ARMA model or harmonic analysis. . .
L . free in this paper. These processes had been used to handle the
A lesser number of parameters, limited observations, a general

. . . streamflows by Tao and Delle(t976. The seasonal component
model fit for most watersheds, and comprehensible hydrologic S; can be described as a linear combination of seasonal indicator

interpretation should all be considered. That is why the seasonal(dummw variables or harmonic functions of various frequencies.
monthly streamflows with an ARMA model for the irregular com- . example, the seasonal compon8ntan be written as
ponent was selected in this study.

Different criteria were also adopted for hydrologic regionaliza- °
tion. Hawley and McCuei(1982), Tasker(1982, and Gottschalk St:;l w;Djt (4)
(1985 defined regions by 18 watershed variables, 4 watershed ) - )
variables, and 12 flow variables, respectively. Although research-Wheres=number of seasonal periods; = coefficient of thejth
ers produced specific regions, different criteria have not been ap-Period (€.g., monthly streamflow of January=time index; and

plied to the same watersheds for comparisons. In this paper, ap.Pjt= indicator variable and equals 1ftifcorresponds to the sea-

propriate criteria for classification will be investigated. One sonal perlocjfothervylse it equals 0. Whesiis chosen to be 12
critical procedure for hydrologic regionalization is to identify the months, the time series parameters are assumed to change from
regional membership, which is based on the spatial contiguousmonth to .”.‘O“‘h- .

hydrologic regions or watershed variables. Watershed variables In addition, the irregular component can be expressed as an

A popular approach is to use a polynomial function of time to

m
Ti=ko+ X, kit! 3)
i=1

wherek; =ith parameter associated of tiniepf degred. Gener-
ally, monthly streamflows are trend-free with a seasonal change
of 12 months and variationghe irregular componehtin each

can be applied to calculate the scores of the canonical discrimi-ARNIA model:
nant variables and identify the regional membership, if the re- B 0(B) 5
gions are significantly different. Discriminant analy§i¥A) also U $(B) at ®)

tests the reg!ona}l differences, checks.t.he properness aljd Stab'“t)(/vhere¢(8)=autoregressiv(aAR) operator (B) = moving aver-
of the classification results, and classifies new observations to anage(MA) operator: anda, = random error. An ARMA model has
appropriate grougMosley 1981; DeCoursey 1973; Cheng 1988; the form ' t '
Bhaskar and O’Connor 1989The regional differences and rela-
tionships between variables within each group can be examined Yi—¢1Yi-1=d2Y o= = dpYi p=CHar—01a;1— 0,8,
by principal component analysi®CA).

In the proposed scheme, a time series model is first developed 948 ®)
to determine streamflow parameters, which are used as a set ofvhere Y;=current observation;Y,_,,...,Y;_,=past observa-
criteria to classify watersheds into regions by CA. DA and PCA tions; C=constant; andb;,$,,...,d,, and64,0,,..., ando,
are employed to test and interpret the regional differences and=parameters. The sequence of random eragrs.. a;_q are in-
similarity. DA is finally used to identify the regional membership. dependently and identically distributed with a normal distribution,
This scheme is developed to estimate monthly streamflows atN(0,62), ando? is the variance of the errors. Introducing the
ungauged sites. Applications of this scheme in constructing the backshift operatorB, that is,

variable relationships between regions and generating a reliable BY, =Y, ;:
estimate of monthly streamflows will be presented in a forthcom-
ing paper. B2Y,=B(BY)=Y,_,
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and so on, Eq(6) then can be written as cal correlation(SAS 1990. The second-highest canonical corre-
lation is obtained by finding the linear combination uncorrelated

&(B)Y,=C+0(B)a, or Ytzcl+@at 7) with the first canonical discriminant variable ;). The third

$(B) variable ¢43) is uncorrelated wittZy, andZ4,. Therefore,Zy;

where ¢(B)=(1—b,B—d,B>—--—¢,BP); 6(B)=(1—6,B has the highest possible multiple correlation with the groidps,
—6,B2—---—0,B9%); and C'=constant. This is known as the has the second-highest possible multiple correlation with the
Box-Jenkins ARMAp,q) model (Box and Jenkins 1936Here, groups, and so on. In these discriminant functions, the first few

p denotes the order of the AR operaip(B) andq denotes the functions may be sufficient to account for most of the important
order of MA operatof (B). Low-order ARMA models are useful ~ group differences. If so, a simple graphical representation of the
for operational hydrology in general, especially for modeling an- relationship between the various groups is possible by plotting the
nual seriegLettenmaier and Burges 1977; Bras and Rodriguez- Values of these functions for the sample individuals. _
Iturbe 1993. For a given data séf;, and specific values ohand Principal component analys{PCA) has been used to examine
s[Egs.(3) and(4)], the standard maximum likelihood method can relationships among the original variables and to aid interpreting
be used to estimate the parametiersw;, 6(B), andd(B). each group. The object of PCA is to take variables,
Cluster analysi$CA) can be applied to form groups based on X1,X5,....Xp, and to find linear comblna_tlo_ns of these variables
the similarity of variablegManley 1995. Many algorithms have ~ {0 produce uncorrelated principal ~ components
been proposed for CA. Hierarchical methods, a popular group of Zc1:Zc2;--+.Zci,---Zcp (Bennett and Bowers 1976; Dunteman
algorithms, investigate the data structure at several different lev-1989; Manley 1995 These principal components can be ex-
els and are used in this paper. The data sets for CA usually consisPressed as
of the values o variablesX,,X;,...,X, for n objects. The Eu- Zei=bi X1+ bipXo+ - +ibipX, Q)
clidean distance functionl;; , measures the distance between two ] B
objectsi andj (Manley 1993. Variables are usually standardized Subject to the condition that

before distances are calculated; thus,altariables are equally b2 +bZ,+ b -+ bi2p: 1 (10)
important in determining these distances. ) o
One popular procedure, the average linkage mett8ukal where Z;=vector of scores fon samples on théth principal

and Michener 1958 was used to extract the clusters. An iterative component function. Variables, ,X,,... andX,, are vectors for
process and plots of RMSST@oot-mean-square standard devia- all n samples in entire data set; abd , b;,,..., andb;, are the
tion) against number of clusters are used to find an appropriatePrincipal component function coefficients for variables in itte
number to classify the data sets. Other methods such as pEeudo Principal component function. These components are ordered so
t2 statistics, and CCQtubic clustering criterioncan also be used  thatZc; displays the largest amount of variatiafy, displays the
(Milligan and Cooper 1985; SAS 1980Although the average second-largest amount of variation, and so on. Most of the prin-
linkage method provides a solution, the solution needs to be con-Cipal components may be negligible. Therefore, the first Zow
sistent. Several techniques were discussed to check the consisvariables account for most of the variation in the data set.
tency of a cluster solutiofAldenderfer and Blashfield 1984; PCA finds the eigenvalues, corresponding eigenvectors, and
Holgerson 1978; Hartigan 19¥5In this paper, the replication coefficients in Eqs(9) and(10). Eigenvalues show the percentage
technique serves to test the consistency of a cluster solution. The?f variance accounted for by each principal component. Eigen-
main idea of this technique is to randomly divide a data set into Vectors are independent, uncorrelated, and orthogonal. The eigen-
two subsets and then to check the consistency of the clustersVectors or principal components equal the eigenvectors of the
Each of the three data sets was repeatedly divided into two sub-correlation or covariance matrix of the original variables. The
sets after clusters have been obtained for the whole data set. Théack of correlation implies that the principal components are mea-
consistency of the clusters between the original data set and thesured in different and independent “dimensions” in the data.
two subsets will then be checked.

Disc_riminant ane_llys_.i_QDA) ha_s been used to _tes_,t t_he clust(_ars Methodology and Study Area
to see if they are significantly different and to aid in interpreting
the regional differences. DA also classified observations into two In this paper, time series analysis is first applied to estimate
or more known groups to estimate the error rate from the obser-streamflow parameters at each gauged watershed. Streamflow pa-
vations in groups classified by CA. DA determines the canonical rameters, watershed characteristics, and the combination of them
discriminant functions Z4;,Z42,....Zq;)) Of the variables are used as three sets of criteria to classify watersheds into three
X1,Xz,...,X, that separate the groups as much as possible. The sets of groups by CA. The consistence of the classified groups is
simplest approach is based on Mahalanobis distance and takes ahecked by replication technique to determine an appropriate set
linear combination of the originaX variables as canonical dis-  of criteria for classification. DA is then employed to test the sig-
criminant functiongKlecka 1980; Manley 1995 The canonical nificance of the classified groups, to investigate the regional dif-

discriminant functions are defined as ferences, and to identify the regional membership by independent
variables. PCA aids to interpret the regional differences and simi-
Zgi=aj1 X1t aiXo+ - +apX, 8 larities. P 9
where Z4;=vector of scores fon samples on théth canonical In order to minimize the snow effect and to have relative cli-
discriminant function. VariableX,, X,,..., andX, are vectors matological homogeneity, watershed areas in Alabama, Georgia,

for all n samples in the entire data se;,a;,,...,a;, are the and Mississippi are selected and studied. The data set of 94 can-
canonical discriminant function coefficients for the variables in didate stations used in this study—including 20 statiohk,A2,
theith canonical discriminant function. A3, ...,A20) in Alabama, 44 station$G1,G2,G3...,G40 in

The scores for then samples on the canonical discriminant Georgia, and 30 statiori1,M2,M3, . . . ,M30) in Mississippi—
function variables have possible multiple correlations with the are obtained from the United States Geological Suri¢$G9
groups. The highest multiple correlation is called the first canoni- and are retrieved from the National Water Data Storage and Re-
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Fig. 1. Hydrologic regions of study area

trieval System. The locations of the 94 candidate stations areResults and Hydrologic Interpretation
shown in Fig. 1 after classification. In order to have a better
estimation of streamflow patterns, 25 ye&t959—-1983 of daily
streamflow record¢mean value for each day, in ¢fand water-
shed areagin mi’) are used to develop the specific monthly Following the procedures of present proposed methodology, the

streamflows(in cfs/mf). streamflow pattern for the time series model is identified as
Three data setfA (streamflow variables B (watershed vari-

ables and precipitation informatipnand C(the combination of
data sets A and B are used to classify the 94 watersheds into
three sets of groups. Based on the results of the time series model,
data set A consists of parametégsk; ,w; ,6(B),d(B) [Egs.(3)- whereY, represents the specific monthly streamflows and is loga-
(5)], R?, and¢? (variance of the residuglsThe parameteR? rithmically transformed. The first term in the right-hand side is
explains the systematic pattern and the variation of the series. Inthe monthly seasonal componéEty. (4)], and the second term is
data set B, watershed variables inclullg (watershed area, in  the irregular component and is expressed as an@fattern
mi?), A; (forest area, in %, percent of contributing drainage Jarea [Eq. (5)]. The MA pattern is a weighted amount of errére.,

As (area of storage, in %, percent of contributing drainage)area ¢(B)a,), which occurs at the current month and the prior two
E (elevation, in ft, above mean sea leydl (stream length per  months(weighted values aré, and6,). ARMA and higher or-

Time Series Analysis

12

IN(Yp) =2, w;Dji+(1—8,B—6,B?)a, (11)
i=1

unit area, in mi/nf), S(main channel slop, in ft/mj andP (mean
annual precipitation, in if. Note that precipitatiofP) is included

ders of MA models were used in the earlier stage of model speci-
fication. It is found that only terms up to the second order make

as one watershed variable even though it is considered as theyp major contributions to the streamflow with higher valueRdf

input to the system. In addition, latitudkat, in decimal degree

and longitude(Lon, in decimal degreeare used to identify the

location for each watershed at gauge.

parameter(similar to coefficient of determination in regression
analysi$. It shows that streamflows are affected seasonally by
hydrological conditions of the previous two months. The esti-

The Forecasting and Modeling Package of the SCA Statistical mated streamflow parameters include monthly streamflow param-
System(Liu et al. 1992 is used to analyze the 94 streamflow time  eters (MSPS w;,W,,... w;, (for January though December

series and parameterize the streamflow patterns. Both of the

ProMA (2) parametergd, ande,), the residual variances¢), andR?

cedures, TSMODEL for the model specification and ESTIM for for each of the 94 gauged stations. Param&ermrepresents a
the model estimation, have been used. The normality plots for percentage of the total variation explained by the time series
each variable and the linear scatter plots for all pairs of different model.

variables are investigated first to check whether the data follow a

The mean values of the estimated streamflow parameters in

multivariate normal distribution. CA classifies data sets A, B, and Eq. (11) for each group are shown in Fig. 2. Except ®%, the

C into three sets of group®.g., A1,A2...). In addition, each
data set is randomly divided into two subségsg., Aa,Ab. As
stated in CA, if the watersheds in each group of data s@r/

estimated parameters at each station could be applied to synthe-
size monthly streamflow and extend the streamflow information
at the same station. The MSPs characterize the |dwa not

or C) mostly appear in one group of subsets Aa and Ab, it is equa) of the mean monthly streamflows and form a seasonal
concluded that the cluster solutions are very consistent. DA andpattern for each watershed. The mean values of the “high” MSPs,
PCA are applied to test and interpret the differences and similari- wy, w,, ws, w,, wg, andw,, are positive and characterize the
ties between clusters. DA also classifies observations into two ormean monthly streamflows in the wet season. The mean values of
more known groups to estimate the correct classification percent-the “low” MSPs, wg, W7, Wg, Wg, Wi, andw,, are negative

age from the observations in groups classified by CA.

and represent those in the dry season.
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Fig. 2. Regional patterns of streamflow parametglata set A

The streamflow random paramete®, and 6,, are the nigue, the cluster solutions of subsets seem to be consistent with
weighted number of errors of the past two monthly streamflows to their mother data sets. The resultant consistent classification per-
the current monthly streamflow. The absolute value of the mean centages of consistency check for CA are 90%, 70% and 78% for
of 8, (.39 is greater than that of th@, (.13). This is reasonable,  data sets A, B, and C, respectively. The consistent classification
since the past monthly streamflow is more correlated to the cur-percentage is the sum of the correctly classified observations in
rent monthly streamflow. The streamflow residual varianée  subsets over the total observations for each cluster. Therefore, the
provides the stochastic nature in the streamflow synthesis. All cluster solutions are highly consistent, especially in data set A.
streamflow parameters exceRt are used to synthesize monthly The hydrologic regions based on watershed locations and clus-
streamflows. The mean & equals 0.575; thus, the time series  ters of data sets AFig. 1) and C are similar to each other and tend
model explains 57.5% of the streamflow variations, and the restiq pe spatially contiguous; but the clusters of data set B are not,
of the variationg43.5% are due to the random component. Small  ang there are many overlaps between the areas of the two main
values ofR? ranging from 0.158 to 0.321 are found at five sta- cjysters. The two main clusters in data sets A and C are located

tions (615'2617'623’624'640'1 Georgia. The main reason for g5 roximately in the northwest and southeast of the study area,
the smallR” values is that the residual ACFs of these stations are roqpectively. The various cluster solutions in data set B are not as

not white noise. Several outliers are found in the five stations. gimijar a5 those in data set A. The consistent classification per-
Howe_ver, _the present modgEq. (11)] fits most stations and is centage of data set @8%) is less than that of data set(80%).
used in this paper. Therefore, using data set &treamflow parameteras a set of
criteria for regionalization is more appropriate than using data
Testing for Normality sets B and C, and the following results of further analysis focus

Most of the watershed variables show wide ranges, especially therather on the cluster solutions in data set A than those in data sets

B and C.
watershed aread,, (37 to 30,810 nf), and the storage areA, .
(0%—52%, but the range of precipitatio® (41—65 in./year, is In data set A, the two main clustef€luster-1 and Cluster)3

relatively narrow. These ranges denote a wide variability of the €Nd t0 be separated by the Appalachian Mountains and the Gulf
watershed variables il and A, in contrast to comparatively ~ Ccoastal Plain. The watersheds of Cluste\23) are located in
homogeneous annual precipitation in the study area. Based on thdh€ Southern end of the Blue Ridge. These watersheds have high
normality plots and bivariate plots, data sets A, B, and C are €lévations and channel slopes. The watersheds of Clustiir-4 (
considered as multivariate normally distributed after Log transfor- = /), Cluster-5 =2), and Cluster-6N=1) are located in the
mation of the watershed variables. Most bivariate plots follow Atlantic coastal area. In this area, the watershed elevations are
linear relationships, especially plots involving the paired variables 10w and the watersheds are covered with many marshes. Also,
A, andL, E andwg, and mostw; andw,; or w; andw;, , (i this area experiences hurricanes and very severe thunderstorms in
=1,2,...,12; incyclic) are strongly linear. the summer(USEDS 1959-1983 Since the cluster solutions
tend to be separated by the physiographical boundaries, using a
“subjective” procedure based on physiographic information
would be reasonably appropriate as a first-order guide for regional
The NCL(number of clusteris selected to be 6 for data sets A, B, boundaries. However, an “objective” procedure like CA is more
and C because the number of observations in the obtained twoappropriate because it also classifies specific watersheds into dif-
main clusters is not changed. In the subsets, the NCL is selectederent groups within the physiographically defined regions.

to equal 6, 9, and 7 for subsets Aa, Ba, and Ca and 5, 6, and 5 for In the two main clusters, the average values of the “high”
subsets Ab, Ba, and Cc, respectively. The NCL selection is basedMSPs(monthly streamflow parametgrare similar. But, the pat-

on iterative trial processes and plotting RMSSm®ot-mean- tern of Cluster-3(Fig. 2) displays smaller values in the “low”
square standard deviatipagainst NCL. The NCL for subsets is MSPs than those of Cluster-1. In addition, the average values of
to obtain two main clusters. After applying the replication tech- A, (watershed argaand A, (area of storageof Cluster-3 are

Cluster Analysis
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Fig. 3. Regional patterns of watershed variabldata set A

smaller than those of Cluster{Eig. 3). This may be reasonable, variables(E,P,L,S,A in data set A. The MANOVA(multivariate
because small watersheds tend to be flashy and smaller surfacanalysis of variange procedure tests the hypothesis that the
storage provides less buffering capacity. The three watersheds okquared Mahalanobis distancé,() of the nine streamflow vari-
Cluster-2 are located in the southern end of the Blue Ridge. As ables between the class means are significantly diff¢Reualues
shown in Figs. 2 and 3, the three watersheds have the largest0.05. When all watershed variables are used as the entered
average values of the MSFS (basin elevatiop A; (forest areg variables in data set A, th®,, between two pairs of small clus-
P (annual precipitation and S (main channel slopeand the ters (Clusters-4 and -5, Clusters-5 and) #re not significantly
smallest average values 6f,, L (stream length per unit arka  different. However, Clusters-AN=7) and 5 N=2) are signifi-
ando? (residual variance In mountain areas, watersheds gener- cantly different inE (elevation when the ANOVA (analysis of
ally exhibit these characteristics. _ variance test is conducted. These tests imply that each cluster
In data set A, the streamflow patterns in Clusters-1, -2, and -3 represents one “hydrologic” region based on streamflow param-
exhibit one peak ats, but those in Clusters-4, -5, and -6 located  gters, and the regional differences can be discriminated by water-

in the Atlantic coastal area exhibit another peakabr wg (Fig. shed variables with the exception of the difference between
2). Generally, summer is the dry season in the study area, but theq ster-5 (N=2) and Cluster-6=1).

Atlantic coastal area was hit by hurricanes in August and Septem-
ber 1964 and by very severe thunderstorms in July 1964 and

August 1969USEDS 19591983 In addition, the values of the The CCP is the correctly classified observations over the total

MSPs in Clusters-4, -5, and -6 seem to_ be lower than the Otherobservations in the data set. For example, only two observations
clusters except for the months experiencing extreme storm eventsin data set AN =94) are classified into another cluster. When the
This is due to lowE andS, smallA;, and largeA,, as shown in '

. 2 .
Fig. 3. In other words, the specific monthly streamflows are low gzg/ere_lc_ih\éarr:?t;leg (;Li ri?lgliuc(z: iﬁ\:faEﬁveloc,)\gslg:/aii’oahseacr:gprlc? ol

in the low elevation watersheds with large surface storage capac- 0 9 . property
ity. classified and the cluster solutions are very stable. Based on the

Since the means of the streamflow parameters and Watershe&|USter solutions of data set A, when all and 4 watershed variables
variables show different patterns in each cluster of data set A this2'€ entered as discriminant variables, the CCPs are 86% and 85%,

emphasizes the importance of classification. Combining all obser-"eSPectively. The high CCPs imply that the data set of the water-
vations without classification would obscure much useful infor- Shed variables contains a lot of overlapped information and that a
mation. If the clusters are tested to be properly classified and strpng relationship between streamflow and watershed variables
significantly different by DA, and the cluster membership can be €XIStS. . . .
identified by independent variablés.g., watershed characteris- There are six groups for data set A; therefore, five canonical
tics), the proposed scheme should be appropriate for hydrologic discriminant variable&q;,Zq2,Z43,Zq44,Z4s are constructed from

regionalization and can be applied to synthesize streamflow infor- DA (Table 1. In the data se4;, Zg,, andZy; account for 89%
mation at ungauged sites. of the total variance with high canonical correlatidrs.85) and

large eigenvalue&>2.0). Z,4; extracts 55% of the variance in the
data set and identifies the “high” MSPs aff as the best dis-
criminators (coefficient.5). Z, is associated with 18% of the
Since there are many variables in the data sets, the SPEP- variance and compares the “low” MSPs (coefficient$) in-
DISC procedure of discriminant analysiBA) finds a subset of  versely with one of the ARMA parameteks? (coefficient=
variables that best reveals differences among classes. After the—.73). Zy3 explains 16% of the information and mainly involves
stepwise entry and deletion of variabl@®value of F statistics parameter®d; and 6, (coefficients<—.5). When seven water-
<0.05), variables are reduced from 15 to 9 streamflow variables shed variables are used as discriminators in data s&yAand
(Wyp,02,W10,W,, Wy ,R?,W3,0,,0,) or from 7 to 5 watershed  Zg4, extract 88% of the total variatior3able 1. Z,; accounts for

When the nine streamflow variables are entered as discrimi-
nant variables, the correct classification percent@feP is 98%.

Discriminant Analysis
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Table 1. Canonical Discriminant Variables of Discriminant Analysis

Canonical discriminant analysis

Total canonical structure

Correlation Eigenvalue Proportion Cumulation Zg1 Zyo Zy3 Zyas
(a) Data set A(based on streamflow parameders
Zg1 0.951 9.503 0.550 0.545 Wy 729 0.221 —0.344 —0.355
Zgo 0.873 3.207 0.186 0.735 Woy .706 0.213 —0.009 -0.275
Zyz 0.856 2.734 0.158 0.893 Wy .766 0.020 —0.048 —0.264
Zya 0.714 1.037 0.060 0.953 Wy .799 0.301 —0.064 —0.090
Zgs 0.668 0.808 0.047 1.000 Wsg .673 0.559 —0.000 —0.159
Wg .196 0.834 0.143 —0.274
Wy —0.035 0.868 0.096 —0.247
Wg —-0.142 0.876 0.224 —-0.211
Wy —-0.071 0.871 0.119 —-0.161
W1g 0.098 0.898 0.063 —0.166
W1 0.479 0.762 -0.105 -0.144
W1o 0.793 0.434 —0.269 -0.126
04 0.281 0.082 —0.643 -0.273
0, 0.374 0.008 —0.597 —0.046
a? —0.427 -0.727 —0.430 0.103
R? 0.500 —0.132 0.326 0.081
(b) Data set A(based on watershed variables
Za1 0.803 1.819 0.683 0.683 Ay 0.034 0.420 0.353 0.736
Zyo 0.585 0.522 0.196 0.879 S 0.583 0.056 0.472 —0.601
Zyz 0.430 0.227 0.085 0.964 L 0.079 0.488 -0.419 0.711
Zya 0.281 0.086 0.032 0.996 E 0.836 0.149 —0.029 -0.117
Zgs 0.100 0.010 0.004 1.000 A —0.146 0.127 0.426 0.795
A¢ 0.435 0.425 0.136 0.038
P 0.566 —0.509 —0.130 0.177

68% of the information with high canonical correlatioB) and is
associated witlg, S A¢, andP (coefficient-.4). Z4, explains
20% of the variance with moderate canonical correlaiic®)
and seems to show tha&,, L, and A; (coefficients>.4) are
inversely related td® (coefficient= —.51).

differences depend on the “high” MSPs #y,, the “low” MSPs
in Zyg,, and ARMA parameter§, and6, in Zy; (Table 1. The
major differences between the two main clusters are the “low

. Principal Component Analysis

variables(Z4; vs.Zy4,) tends to separate the hydrologic regions, as
shown in Fig. 4. Note that the scores &f; andZ4, calculated
from the watershed variables along with their coefficientZ gf
and Z4, (Table 1 at ungauged sites can be applied to identify
their regional membership. The membership identification of DA
Based on the canonical discriminant variables, the regional is a critical procedure in hydrologic regionalization.

MSPs inZ, (Fig. 2). If watershed variables are used, the regional Principal component analysi®CA) interprets the regional simi-

differences depend o, S P, andA; in Zy; andA,,, L, A;, and
P in Zy, (Table 1. Plotting the scores of the first two canonical

larities and differences. The lack of correlation between the prin-
cipal components is a useful property in data analysis because

3
N re B A
[ ..‘ +} 't‘
I et P ET R R
& +
0 'l t A g o “++*+I.I. + d
o~ + ¢
S . et
b s
u
=2 Lo + CL1(n=59) & CL2(n=3)
b a CL3(n=22) e CL4(n=7)
®» CL5(n=2) ©OCL6(n=1)
-4
% 4 2 2 4 6

0
Zd1

Fig. 4. Z4; versusZy, of data set Abased on watershed variables
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Table 2. Principal Component Analysis

Eigenvalues of the correlation matrix Eigenvectors
Eigenvalue Proportion Cumulative Zcq Zco Zcs Zcy
(a) Cluster-1(based on watershed variables, 59 observations
Zc1 2.988 0.427 0.427 Ay —0.547 —0.000 0.215 —0.250
Zco 1.498 0.214 0.641 S 0.444 0.396 0.015 —0.102
Zcs 1.164 0.166 0.807 L 0.521 0.064 —0.145 0.394
Zca 0.591 0.084 0.892 E —0.055 0.715 0.192 —0.288
A -0.395 0.232 0.127 0.823
As 0.188 0.117 0.792 0.102
P 0.196 —0.510 0.502 —0.036
(b) Cluster-3(based on watershed variables, 22 observations
Zch 3.286 0.469 0.469 Ay —0.507 0.100 —0.061 0.374
Zco 1.398 0.200 0.669 S 0.419 0.165 -0.139 —0.542
Zcs 0.792 0.113 0.782 L 0.465 -0.015 0.366 0.183
Zca 0.659 0.094 0.876 E 0.128 0.675 0.364 0.417
A -0.477 0.098 —0.085 -0.222
A —0.025 -0.674 0.507 0.137
P 0.325 —0.209 —0.668 0.539

redundant information is omitted. When the 16 streamflow vari- variables were used as one set of criteria for CA. In this paper, the
ables are used as entered variables, the eigenvaiies, a com- component with MA2) time series model retains the maximum
mon rule for evaluation; Hamilton 1992f the first three princi- amount of statistical information and the stochastic nature of the
pal component&¢,, Z¢,, andZq; extract more than 80% of the  monthly streamflows. This model can be applied to synthesize a
standardized variance within each of the two main clusters. Thelarge number of streamflow sequences at ungauged sites and ex-
variances characterized &¢,, Z¢,, andZ-5 show that the dif- tended to a desired period. In addition, the comparison of the
ferences between the two main clusters are mainly based on thehree sets of cluster solutions provides the best set of criteria
“low” MSPs and that the similarities are based on the “high” (streamflow informatiopfor hydrologic regionalization.

MSPs. Since the regional membership is identified by the water- The proposed scheme uses 16 streamflow parameters esti-
shed variables, using watershed variables as the entered variablesiated by a time series model to classify 94 watersheds into six
in PCA is investigated in detail. The first three principal compo- hydrologic regions by CA. The classified regions seem to be sepa-
nents extract about 80% of the total variance in the two main rated by physiographical boundaries, especially the two main
clusterg(Table 2. Z, extracts more than 40% of the variance and clusters. Similarities and differences between streamflow param-
explains the relationships betweé&h(coefficient >.41) and L eters and between watershed variables are found in the two main
(>.46) inversely withA,, (<—.50) and Ag (<—.39) within each clusters based on the results of DA and PCA. Watershed vari-
of the two main clustersZ., accounts for about 20% of the ables,E, A;, S andP are mainly used to identify the regional
variance within each of the two main clusters, ahg is related membership in DA. This emphasizes the importance of the hy-
to E (.72, S (.49, andP (—.52) in Cluster-1 and is associated drologic regionalization and the identification of the specific char-
with E (.68) andA; (—.67) in Cluster-3.Z5 reflects the positive acteristics in each region. Combining all observations without

and inverse correlations betweén andP in the two main clus- classification would obscure much useful information. Since hy-
ters. Therefore, the similarities are based ®rL, A,,, and Ag drologic regions are significantly different and can be identified
extracted byZ.,, and the major differences depend on watershed by independent variabldse., watershed characteristicthe pro-

variablesg, A;, P, andS explained byZ-, andZ3. The simi- posed scheme in this paper is appropriate for hydrologic region-

larities imply that(1) surface storage ardd\g, in %) increases alization and can be applied to synthesize streamflow information
with increasing watershed areA ), (2) stream length per unit  at ungauged sites. The application of the streamflow synthesis
area(L) increases with increasing main channel sl¢®e and(3) will be presented in a forthcoming paper and will inclui®
L and S decrease with increasing,, or As. The differences be-  prediction of streamflow parameters by the watershed variables at
tween the two main clusters are the important watershed charac-ungauged sites via the constructed multiple regression equations,
teristics ofE, P, A;, andS, which are used to identify the regional and(2) synthesis of streamflows using the streamflow parameters
membership in DATable 1. by the time series model.
The time series model used in this paper fits for most studied
watersheds. Other models such as the seasonal ARMA model, the
Conclusions and Discussions variances of the monthly streamflows, or the irregular component
in Eq. (11) exhibit month-to-month variation and may be further
A hydrologic regionalization scheme is proposed for the classifi- considered. Difficulties may arise for the seasonal ARMA model
cation of watersheds at gauged sites in this paper. This schemen hydrologic interpretation of streamflow parameters. Different
makes several significant progressions from other studies. In pre-models with too many variables and limited observations may
vious studies, a time series model was not applied for hydrologic result in difficulties for classification and regression analysis.
regionalization, and only streamflow information or watershed However, these issues should be further studied.
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Notations

The following symbols are used in this paper

ala2,a3 = coefficients;
a1,8j2,8;, = canonical discriminant function coefficients;
a, = random error;
bi1,biz,bip = principal component function coefficients;
C,C’ = constant;
Dj; = indicator variable ofith period with time
indext;
k = empirical coefficient;
ko = parameter;
k; = parameter associated with
N; = irregular components;
Q = streamflow variable;
S, = seasonal component;
T, = trend component;
t' = time index of degreé;
W, ,W,,W; = watershed or climatic characteristics;
w; = coefficient ofjth period,;
X1,X2,X, = vectors for alln samples in entire data set;

Y, = streamflow time series;

Z.; = ith principal component function;
Z4;, = ith canonical discriminant function;
01,8,,04 = parameters;
0(B) = moving averagéMA) operator;
o2 = variance of errors;
db1,4,,0, = parameters; and
&(B) = autoregressivéAR) operator.
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