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The impact of digital elevation model and land use spatial
information on Hydrologic Simulation Program-FORTRAN –
predicted stream ﬂow and sediment uncertainty
Huiliang Wang, Xuyong Li, Wenzan Li and Xinzhong Du

ABSTRACT
The Hydrologic Simulation Program-FORTRAN (HSPF) model is widely used to develop management
strategies for water resources. The spatial resolution of the input data used to parameterize the HSPF
model may lead to uncertainty in model outputs. In this study, we evaluated the impact of the spatial
resolution of the digital elevation model (DEM) and land use data on uncertainty in HSPF-predicted
ﬂow and sediment. The resolution of DEMs can affect stream length, watershed area, and average
slope, while the resolution of land use data can inﬂuence the distribution of land use information.
Results showed that DEMs and land use maps with ﬁner resolutions generated higher ﬂow volumes
and sediment loads. There was a non-linear relationship between changes in resolution of the DEM
and land use data and changes in the uncertainty of predicted ﬂow and sediment loads. Relative
error was used to describe model uncertainty and the probability density function was used to
estimate these uncertainties. The best-ﬁt distributions of uncertainty in modeled ﬂow and sediment
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related to DEM and land use data resolution were the generalized Pareto distribution and the
Johnson SB distribution, respectively. The results of this study provide useful information for better
understanding and estimating uncertainties in the HSPF model.
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INTRODUCTION
Watershed models have been developed to examine water-

should be collected and used is an issue that needs further

shed-scale processes and to evaluate the hydrologic effect

study. Fine-scale DEMs and detailed or high-resolution

of various management scenarios (Beven ). The lack

land use and soil maps (e.g., 1:25,000) generate accurate esti-

of data at appropriate spatial and temporal scales, particu-

mations. However, researchers cannot always acquire such

larly in China and some African countries, is a major

detailed information because of the high costs involved. It

limitation to the use of watershed models for predicting

is therefore important to understand the effect of spatial

ﬂow and sediment, and this has affected watershed manage-

data resolution on the accuracy of watershed models and

ment. The spatial information in the input data has been

to estimate the resolution-induced uncertainties. Recently,

identiﬁed as a key issue in hydrological modeling (Wilson

a new method was developed to estimate uncertainty related

et al. ; Quiroga et al. ). Wagenet & Hutson ()

to the resolution of input data, using probability density

pointed out that while the use of geographic information sys-

functions (pdfs) and cumulative distribution functions

tems (GIS) has greatly improved the simulation of

(CDFs) (Patil et al. ; Patil & Deng ). The new

watershed processes, the scale at which GIS data, including

method uses non-symmetric distributions of uncertainty in

soil surveys, digital elevation models (DEMs), and land use,

the prediction of water quality variables, which simplify
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weather and water quality monitoring and consequently

very important to the estimation of total uncertainties

reduce the cost of ﬂow and water quality monitoring.

using the Bayesian approach and similar methods (Patil

The spatial data for watershed model include land use,

et al. ; Patil & Deng ). In this paper, we investigate

soil, and DEMs for which the accuracy varies depending

the impact of the mesh size of the DEM and the land use

on the scale of the watershed and mapping methods. In

map scale on simulated runoff and sediment derived using

a study using 71 watersheds and TOPMODEL, Wolock

the HSPF model.

& Price () found that increasing DEM coarseness

The overall aim of this study was to estimate the impact

from 30 × 30 m to 90 × 90 m increased the ratio of over-

of spatial information (DEM and land use) on uncertainties

land ﬂow to total ﬂow. Cho & Lee () found that the

in HSPF model-predicted stream ﬂow and sediment. The

Soil and Water Assessment Tool (SWAT) simulated ﬂow

particular objectives of this study were to quantify the uncer-

was higher for a DEM with a resolution of 30 × 30 m

tainties in simulation ﬂow and sediment related to spatial

than for a DEM with a 90 × 90 m resolution. Similar con-

input data resolution and to estimate these uncertainties

clusions were drawn by Chaubey et al. () and

using pdfs and CDFs.

Chaplot (). Cotter et al. () and Luzio et al.
() showed that coarse DEM and land use resolution
not only reduced predicted ﬂow but also reduced pre-

MATERIALS AND METHODS

dicted sediment. Although these studies highlighted the
impact of spatial input data resolution on simulated ﬂow

Study area and available data

and sediment, they did not examine the effects of spatial
data resolution on model output given the model structure

The study area is a tributary of the Luan River, located in

and parameters. Furthermore, after the researchers quanti-

northeastern China, and it covers an area of about

ﬁed the uncertainties, only a few studied the estimated

2,200 km2 (Figure 1). The watershed is a typical sub-basin

pdfs and CDFs of these uncertainties, information that is

of the Luan River basin, which behaves as an ecological

Figure 1

|

The upper Yixun River, Luan River basin, China.
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barrier between Tianjin and Beijing and the entire North

Model and is an extension of several previously developed

China zone. The elevation varies between 663 and

models: the Stanford Watershed Model (SWM), the Hydrolo-

1,814 m and the average slope is about 24%. Most of the

gic Simulation Program (HSP) including HSP Quality, the

watershed (70% of the total area) is covered by forest,

Agricultural Runoff Management (ARM) model, and the

while agricultural land accounts for about 15% of the total

Nonpoint Source Runoff (NPS) model (Johnson et al.

area. The predominant soil in the watershed (about 75% of

). In the HSPF model, a watershed is represented in

the total) is brown forest soil. The average annual precipi-

terms of land segments and river reaches or reservoirs.

tation and evaporation from the water surface are about

Each land segment is referred to as a hydrologic response

450 and 470 mm, respectively, and the average annual

unit (HRU). Conceptually, runoff from the watershed moves

8

3

runoff and sediment are about 0.9 × 10 m

and 3.5 ×

108 kg, respectively.

laterally to a downslope segment or to a river reach or reservoir. The HSPF model uses simple storage-based (non-linear

The DEM (1:24,000) for the watershed was downloaded

reservoir) equations for ﬂow routing (Johnson et al. ).

from the International Scientiﬁc Data Service Platform, Chi-

The equations consist of the spatially uniform and temporally

nese Academy of Sciences, and had a 30 × 30 m horizontal

variable continuity equation and a ﬂow equation expressed in

resolution. The land use data were obtained from Spot5

terms of channel (or plane) roughness and geometry, such as

images acquired during 2007 at a resolution of 20 m (three

Manning’s equation. Other processes simulated on the water-

images from July 27, 2007) by the Data Sharing Infrastruc-

shed

ture of Earth System Science. The land use data were

percolation, interﬂow, and groundwater movement. Channel

classiﬁed into 18 groups according to the standards regu-

routing is computed using storage routing or kinematic wave

lated by the State Land Management Industry of China.

routing (Borah & Bera ).

include

evapotranspiration

(ET),

interception,

Soil data (1:1,000,000) were downloaded from the Data

Within HSPF, Module section SEDMNT simulates the

Center for Resources and Environmental Sciences, Chinese

erosion processes and the removal of sediment from a per-

Academy of Sciences. Hydrology and sediment data for the

vious land segment. The basic process in the simulation of

watershed outlet from 2007 to 2009 were collected from the

sediment is soil detachment and the removal of detached

Chengde Branch of the Hebei Provincial Survey Bureau of

sediment. In hillslope routing, rainfall splash detachment

Hydrology & Water Resources (Table 1), and the meteorolo-

and wash off of the detached sediment are based on trans-

gical data (precipitation, evaporation, temperature, wind

port capacity as a function of water storage and outﬂow

speed, solar radiation, dew-point temperature, and cloud

plus scour from ﬂow using a power relationship with

cover) were collected from the China Meteorological Data

water storage and ﬂow. In channel routing, non-cohesive

Sharing Service System.

(sand) sediment transport is modeled using a user-deﬁned
relationship with ﬂow velocity, the Toffaleti method or the
Colby method, and cohesive (silt, clay) sediment transport

HSPF model description

is based on critical shear stress and settling velocity
The HSPF model is a distributed, continuous time watershed-

(Borah & Bera ).

scale model developed to simulate water quantity and quality
at any point in a watershed (Bicknell et al. ). The HSPF

Model identiﬁcation

model was originally developed from the Stanford Watershed
The HSPF model parameters that affect ﬂow and sediment
Table 1

|

in the upper Yixun River were calibrated using monthly

Measured data (average annual) from upper Yinxun watershed

Rainfall (mm)
Flow (×108 m3)
3

Sediment (kg/m )

2007

2008

2009

435

580

519

1.046

1.447

0.748

1.04

4.46

1.91
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Model uncertainty due to DEM and land use resolution

as follows:
Pn 
R2NS ¼ 1 Pt¼1
n
t¼1

Changes in the model performance related to variations in

2
ysim  yavg

spatial scale were quantiﬁed using the relative error (RE)
(1)

2

ðysim  yavg Þ

where y sim is the monthly simulated output, y obs is the
monthly observed output, y

avg

given as:

RE ¼

is the average output of inter-

est, and i is month.
High-resolution spatial data (i.e., 30 × 30 m resolution DEM
and 20 × 20 m resolution land use) were used to simulate the base
scenario. Flow and sediment were simulated using 15 additional

ysim  ybase
ybase

(2)

where y base is the output from the base scenario (DEM at 30 ×
30 m resolution and land use data at 20 × 20 m resolution),
and ysim is the simulated variable at different resolutions.

DEM resolutions (60 × 60 m, 90 × 90 m, 120 × 120 m, 150 ×
150 m, 180 × 180 m, 210 × 210 m, 240 × 240 m, 270 × 270 m,

Estimation of DEM and land use resolution-induced

300 × 300 m, 330 × 330 m, 360 × 360 m, 390 × 390 m, 420 ×

uncertainty

420 m, 450 × 450 m, 480 × 480 m), and 16 additional land use
data resolutions (60 × 60 m, 120 × 120 m, 180 × 180 m, 240 ×

The pdf and the CDF can adequately describe model uncer-

240 m, 300 × 300 m, 360 × 360 m, 420 × 420 m, 480 × 480 m,

tainty (Andronova & Schlesinger ; Xiu & Karniadakis

540 × 540 m, 600 × 600 m, 660 × 660 m, 720 × 720 m, 780 ×

; Diaz-Ramirez et al. ; Patil et al. ; Patil & Deng

780 m, 840 × 840 m, 900 × 900 m, 960 × 960 m). Spatial data at

). Several hydrological distributions (i.e., generalized

coarser resolutions were obtained by resampling the raw data

extreme value (GEV), generalized Pareto, normal, log-

(DEM at 30 × 30 m resolution and land use data at 20 × 20 m

logistic (3P), Johnson SB, and uniform) were used to ﬁt the

resolution) using the nearest neighbor method.

distribution of the RE. The optimum pdf was selected based

Table 2

|

Parameters of generalized extreme value (GEV), generalized Pareto, Johnson SB, log-logistic (3P), and uniform distributiona

Distribution

Pdf

Generalized extreme value

f(x) ¼

1
exp [  (1 þ kz)1=k ](1 þ kz)1=k ; k ≠ 0
σ

F(x) ¼ exp (  (1 þ kz)1=k )b

Generalized Pareto

f(x) ¼



1
(x  μ) 11=k
1þk
;k≠0
σ
σ



ðx  μÞ 1=k
;k ≠ 0
FðxÞ ¼ 1  1 þ k
σ

Johnson SB

CDF

δ
f ðxÞ ¼ pﬃﬃﬃﬃﬃﬃ

λ 2π zð1  zÞ

 z 2 
1
exp  γ þ δ ln
2
1z


 z c
FðxÞ ¼ ϕ exp γ þ δ ln
1z

Log-logistic (3P)

f ðxÞ ¼


 

 2
α x  y α1
xy α
1þ
β
β
β

FðxÞ ¼

1þ

Uniform

f ðxÞ ¼

1
ba

FðxÞ ¼

xa
ba

a

μ, ξ, and α are location parameters; λ, σ, and β are scale parameters; and α1,α2 , k, δ, and γ are shape parameter; a and b are boundary parameters.
Where, z ¼ x  μ=σ:

b
c





Where, z ≡ x  ζ=λ:
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on the Kolmogorov–Smirnov (KS) statistic, which serves as a

The ﬁve distributions used in this study are shown in

goodness-of-ﬁt test and has been widely used in hydrological

Table 2. The corresponding statistical parameters were esti-

studies (e.g., Haan & Skaggs ). The KS statistic is based

mated depending on the distribution ﬁt (lowest KS value).

on the maximum vertical difference between the theoretical
and the empirical CDF and the latter is given by:

Fn (x1 , x2 , x3 . . . xn ) ¼

1
N
n

RESULTS AND DISCUSSION
(3)
Model performance

where (x1 , x2 , x3 . . . xn ) is a set of random samples and N is the
number of observations  x.

The potential of the model to predict observed ﬂow and sediment data was assessed ﬁrst. Results of ﬂow calibration for

The KS statistic is given by:

the period 2007–2009 are shown in Figure 2(a). The simuKS ¼ max F(xi ) 
1in

Figure 2

|

i1 i
,  F(xi )
n
n

(4)

lated ﬂow followed an annual pattern similar to the
observed values and characterized by low volume in

Calibration of (a) monthly ﬂow and (b) monthly sediment simulation and observed data based on DEM 30 m and land use map 20 m.

Downloaded from https://iwaponline.com/jh/article-pdf/16/5/989/387440/989.pdf
by guest

994

H. Wang et al.

|

The impact of DEM and land use spatial information on HSPF

Journal of Hydroinformatics

|

16.5

|

2014

winter and high volume in summer. The R2NS of the monthly

that simulated using the 30 m resolution DEM, and the

ﬂow between simulated and observed values was 0.83,

value for the total stream length was larger than for the

implying that the simulated ﬂow ﬁtted reasonably well

60 m DEM and similar to the value for the 30 m DEM.

with observed values. Figure 2(b) shows the observed and

The modeled stream network became consistently less accu-

simulated time series for monthly sediment for the cali-

rate at coarser resolutions. These results were a direct

bration period. The monthly sediment calibration yielded

consequence of the loss of topographic detail at the coarser

an

R2NS

of 0.79, which showed that the simulated values

were acceptable. Although the focus of this study was

DEM resolutions, resulting in the inability of the model to
correctly predict the stream ﬂow and sediment.
The data from the 30 m resolution DEM were used to

model calibration, the period between 2010 and 2011 was
R2NS

of monthly ﬂow and

simulate the base scenario. Flow and sediment were also

sediment during the validation period were 0.78 and 0.72,

simulated using 15 additional DEM resolutions (60 × 60 m,

respectively.

90 × 90 m, 120 × 120 m, 150 × 150 m, 180 × 180 m, 210 ×

used for model validation. The

Estimation of DEM resolution-induced uncertainty

210 m,

240 × 240 m,

270 × 270 m,

300 × 300 m,

330 ×

330 m,

360 × 360 m,

390 × 390 m,

420 × 420 m,

450 ×

450 m, 480 × 480 m). The REs for the average simulated
Table 3 presents the effects of DEM resolution on the water-

stream ﬂow and sediment between each of the DEMs at

shed delineation, stream network, average slope, and

the 15 resolutions listed above and the base scenario are

channel slope drop. As the DEM resolution decreased,

shown in Table 4.

total computed watershed area, average watershed slope,

The average annual ﬂow and sediment (2007–2009)

total stream length, and channel slope drop also decreased.

predicted by the model decreased as the DEM resolution

However, against the trend, when the DEM resolution was

decreased. When the resolution of the DEM decreased

90 m, the value for the watershed area was larger than

from 30 m to 60 m, 90 m, 120 m, 240 m, and 480 m, the

Table 3

|

Table 4

DEM resolution effects on watershed characteristics

DEM

Total

Max

stream

stream

|

Average annual HSPF model simulations at varying DEM resolution (2007–2009)

Flow

Sediment

Channel

resolution
(m)

Watershed
area (km2)

length
(km)

length
(km)

Average
slope

slope
drop (m)

DEM resolution
(m)

Volume (m3)

30

2,266.00

87.22

31.98

0.24

84.00

30

114,269,065

60

2,262.70

85.50

31.61

0.24

84.40

60

114,253,529

0.014

304,321,836

0.249

90

2,267.30

86.67

31.84

0.24

70.83

90

114,241,339

0.024

299,487,322

1.834

120

2,261.50

85.55

31.58

0.23

70.00

120

114,238,633

0.027

283,061,377

7.218

150

2,259.65

85.63

31.51

0.22

63.42

150

114,103,375

0.145

279,912,941

8.250

180

2,258.26

85.11

31.41

0.21

67.86

180

113,782,279

0.426

276,270,260

9.444

210

2,246.87

84.59

31.32

0.20

62.30

210

113,069,240

1.050

272,655,035

10.62

240

2,238.20

84.97

31.22

0.19

69.17

240

111,524,990

2.401

269,741,081

11.58

270

2,231.81

84.32

31.12

0.18

64.21

270

111,389,485

2.520

266,827,127

12.539

300

2,224.24

84.02

31.03

0.18

67.14

300

111,021,538

2.842

265,360,519

13.020

330

2,216.66

83.73

30.93

0.17

66.09

330

110,950,691

2.904

263,380,536

13.669

360

2,212.09

83.43

30.83

0.16

69.05

360

110,587,316

3.222

261,354,790

14.333

390

2,209.51

83.14

30.73

0.15

70.00

390

110,481,045

3.315

259,963,615

14.789

420

2,191.94

82.84

30.64

0.14

70.95

420

110,229,654

3.535

259,322,942

14.999

450

2,193.37

82.54

30.54

0.14

71.91

450

110,076,533

3.669

258,947,691

15.122

480

2,194.20

81.79

32.05

0.14

71.83

480

109,720,033

3.981

258,575,434

15.244
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simulated ﬂow decreased by 0.014, 0.024, 0.027, 2.401 and
3.981%,

respectively,

and

the

simulated

sediment

decreased by 0.249, 1.834, 7.218, 11.584 and 15.244%,
respectively, indicating that predicted ﬂow and sediment
are substantially affected by DEM resolution. Coarser resolutions also reduced the average slope and the channel
slope drop of the modeled watershed, which are important
in the calculation of water balance in the HSPF model.
The average slope of the watershed was reduced from
24% predicted using the 30 m resolution DEM to 14% predicted using the 480 m resolution DEM, which in turn
resulted in less ﬂow because watershed characteristics
Figure 3

Figure 4

|

|

Average relative error (RE) (2007–2009) for ﬂow and sediment using different
DEM.

affect the ﬂow generation derived from the Manning formula. Sediment predictions followed the same trend with

Probability density function for DEM resolution-induced uncertainty in: (a) ﬂow pdf, (b) sediment pdf.
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coarser DEMs resolution reducing the predicted sediment

The variance in RE for the model output of the simu-

values, probably because of the decreased slope and

lated time series from 2007–2009 using different DEM

stream length at coarser DEM resolutions. Watershed

resolutions compared with the simulated time series using

characteristics also affected the coefﬁcient in the detached

the base scenario is illustrated in Figure 3. There is a non-

sediment washoff equation applied during sediment simu-

linear relationship between the change in resolution of the

lation. Our results showed that the resolution of the

DEM and the change in the uncertainty of predicted ﬂow

DEM input data affected sediment prediction more than

and sediment. The RE of predicted stream ﬂow and sedi-

ﬂow prediction, agreeing with the ﬁndings of Cotter et al.

ment, representing the uncertainty related to DEM

() and Chaplot () using the SWAT model. It

resolution, followed a logarithmic trend line and a multino-

should be noted that the results for DEM resolution-

mial trend line, respectively.

induced uncertainty (RE) illustrated in Figure 3 may not
be directly applicable to other river basins, but the
method presented here should be suitable for use in the
investigation of other basins.

Figure 5

|

The pdfs of ﬂow and sediment uncertainties induced by
DEM resolution are shown in Figure 4.
From the pdfs for DEM resolution-induced uncertainty
in ﬂow prediction, it can be seen that as DEM resolution

Probability density function for DEM resolution-induced uncertainty in: (a) ﬂow CDFs, (b) sediment CDFs.
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decreased from 30 to 480 m, the data were distributed in two

tainty in ﬂow

blocks, in the zone between 1.2 and 0, and in the zone
between 4.0 and 2.4. In the zone (bin) between 2.4

Parameters

and 1.2 there were no data. This break in the data suggests

RE due
RE due to land
use

that as the resolution of the DEM changed, there were resol-

RE due to DEM

k ¼ 0.135
σ ¼ 1.417
μ ¼ 2.654

k ¼ 0.261
σ ¼ 2.746
μ ¼ 13.393

evident in Figure 3, which illustrates that when the DEM

0.133

k ¼ 0.683
σ ¼ 3.975
μ ¼ 4.366

k ¼ 0.036
σ ¼ 4.904
μ ¼ 15.948

0.091

γ ¼ 0.193

γ ¼ 1.107

the resolution of the DEM was decreased to resolutions

δ ¼ 0.121

δ ¼ 0.615

coarser than 180 × 180 m, there was a large degree of uncer-

λ ¼ 3.441

λ ¼ 21.485

tainty. Therefore, in practical terms, a DEM resolution ﬁner

ξ ¼ 3.468

ξ ¼ 15.655

than 180 × 180 m should be selected. In the distribution of

α ¼ 2.026
β ¼ 1.761
γ ¼ 4.2476

Α ¼ 0.858
Β ¼ 1.857
Γ ¼ 15.244

the RE for predicted sediment, there were no data in the

a ¼ 4.656

A ¼ 19.066

b ¼ 0.646

B ¼ 2.657

Distribution of RE
for ﬂow

RE due
to DEM

to land
use

Generalized
extreme
value

0.176

0.122

Generalized
Pareto

0.147

Johnson SB

0.229

Log-normal
(3P)

0.170

Uniform

0.175

|

|

Distributions ﬁts and parameters estimates for data resolution-induced uncer-

KS statistic

Table 6

Journal of Hydroinformatics

0.142

0.233

utions at which the RE changed considerably. This is also
resolution decreased from 180 to 210 m and from 210 to
240 m, the RE for predicted ﬂow increased to a greater
extent than when the DEM resolution decreased from 30
to 180 m and from 240 to 480 m. In other words, when

zone between 6 and 2, indicating a similar break in the
data as seen for ﬂow prediction. Figure 3 shows that when
the DEM resolution decreased from 90 to 180 m, there

Land use change with different resolution

Land use resolution
(m)

Agricultural areas
(km2)

Forest areas
(km2)

Grass areas
(km2)

20

313.75

1,676.45

115.70

9.92

103.68

38.59

2,258.09

60

311.18

1,687.31

109.59

10.02

101.80

37.62

2,257.52

120

305.85

1,699.95

102.91

9.68

102.10

36.82

2,257.31

180

302.36

1,711.40

96.61

9.63

100.95

35.91

2,256.86

240

290.25

1,710.62

104.16

10.99

104.41

37.26

2,257.69

300

287.93

1,717.99

100.98

10.57

102.77

35.93

2,256.17

360

284.35

1,723.33

100.37

10.75

102.83

35.49

2,257.12

420

283.77

1,728.66

98.76

10.93

102.89

35.05

2,260.07

480

283.3

1,715.07

100.54

11.03

97.14

46.87

2,253.94

540

284.07

1,720.41

100.83

11.24

100.43

40.62

2,257.61

600

289.71

1,730.06

85.32

11.42

100.10

40.00

2,256.62

660

275.36

1,739.72

92.81

11.59

99.78

40.38

2,259.62

720

281.00

1,739.37

87.29

11.76

99.45

40.76

2,259.63

780

292.64

1,738.03

77.78

11.93

99.12

41.14

2,260.64

840

282.28

1,737.69

85.26

12.10

98.80

41.52

2,257.65

900

287.92

1,738.34

77.75

12.27

98.47

41.90

2,256.66

960

269.96

1,740.42

104.62

7.37

94.38

43.55

2,260.30
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was a large increase in uncertainty (RE) in sediment

insigniﬁcant change in the total area for resolutions of 20 m

prediction.

up to 960 m. However, the area of forest increased, the area

The DEM resolution-induced uncertainty distributions

of agricultural land decreased, and the areas of other land

are illustrated in Figure 5, and results from the distri-

use classes varied erratically. The spatial resolution was

bution-ﬁt analysis are presented in Table 5. For ﬂow, the

resampled based on the nearest neighbor method in which

generalized Pareto distribution was the best ﬁt for DEM res-

the area is redistributed in accordance with the class of clus-

olution-induced uncertainty (RE), with the lowest KS value

ters of neighboring pixels. The data were then used to

of 0.147 (Table 5). Therefore, the DEM resolution-induced

simulate ﬂow and sediment for different sets of land use

uncertainty (RE) in ﬂow ( f(Df )) simulation can be described

maps. The relative distribution of urban and built-up land,

with a generalized Pareto distribution using the parameter

agricultural land, and forest areas within a watershed can

estimates of Table 5.

affect the prediction of ﬂow and sediment response when



f Df



1
(x þ 4:366)
1  0:683 
¼
3:975
3:975

land use characteristics are used to derive model parameters.

1
!1þ0:683

(5)

When land use was redistributed from agricultural land to
forest, the evaporation losses (including potential, interception, upper zone, lower zone, baseﬂow, and active

For sediment, the lowest KS value for the DEM resol-

groundwater) increased, resulting in lower predicted surface

ution-induced uncertainty (RE) was 0.091 for a Johnson

runoff. This led to a decrease in predicted ﬂow and sediment

SB distribution (Table 5). The pdf of sediment uncertainty

transport from the watershed.

(RE) related to DEM resolution ( f(Ds)), which followed a

The land use data at a 20 × 20 m resolution were used

Johnson SB distribution, is deﬁned in Equation (6) using

to simulate the base scenario. Flow and sediment were

the parameter estimates of Table 5.
Table 7

0:121
pﬃﬃﬃﬃﬃﬃ
f ððDs ÞÞ ¼
3:441 2π z(1  z)

 z 2 
1
 exp  0:193 þ 0:121  ln
,
2
1z
x þ 3:468
z¼
3:441

|

Average annual HSPF model simulations at varying land use resolution (2007–
2009)

Flow

Sediment

Land use
resolution (m)

Volume (m3)

20

114,269,065

60

113,964,135

0.267

302,624,552

0.806

However, Figure 5 shows that the best-ﬁt distribution

120

113,673,341

0.521

302,001,435

1.010

(theoretical CDF) could not be clearly deﬁned by these

180

113,570,767

0.611

301,692,791

1.111

uncertainties (empirical CDF). This is mainly because of

240

113,480,152

0.690

303,028,668

0.673

the limited number of resolutions of DEM data used in

300

113,314,918

0.835

301,354,150

1.222

this study. A larger number of RE values derived from

360

112,885,267

1.211

298,977,559

2.001

more DEM resolutions would improve the distribution ﬁt.

420

112,556,172

1.499

296,942,660

2.668

A dataset with more resolutions would enable better identi-

480

112,027,540

1.962

295,405,858

3.172

ﬁcation of the distribution ﬁt and smoother functions of

540

111,870,557

2.099

294,816,237

3.365

DEM resolution-induced uncertainty.

600

111,785,220

2.174

293,217,606

3.889

660

111,530,890

2.396

292,540,323

4.111

720

111,276,560

2.619

291,899,651

4.321

780

111,022,229

2.841

290,532,882

4.769

840

110,767,899

3.064

289,825,091

5.001

900

110,513,569

3.287

288,748,151

5.354

960

109,864,770

3.854

287,246,666

5.846

(6)

Estimation of land use data resolution-induced
uncertainty
We considered land use classes at resolutions ranging from
20 m (ﬁnest) to 960 m (coarsest). Table 6 shows an
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simulated using 16 land use data resolutions (60 × 60 m,
120 × 120 m,

180 × 180 m,

240 × 240 m,

300 × 300 m,

360 × 360 m,

420 × 420 m,

480 × 480 m,

540 × 540 m,

600 × 600 m, 660 × 660 m, 720 × 720 m, 780 × 780 m, 840 ×
840 m, 900 × 900 m, 960 × 960 m). The REs of the average
simulated stream ﬂow and sediment between each resolution and the base scenario are listed in Table 7. As the
resolution decreased, especially when the resolution was
coarser than 240 m, the predicted ﬂow and sediment also
gradually decreased. When the spatial resolution decreased
from 20 m to 60 m, 120 m, 240 m, 480 m, and 960 m, the
predicted ﬂow decreased by 0.267, 0.512, 0.690, 1.962 and
Figure 6

|

Average relative error (RE) (2007–2009) for ﬂow and sediment using different
land use.

Figure 7

|

3.854%, respectively, and the predicted sediment decreased
by 0.806, 1.010, 0.673, 3.172, and 5.846%, respectively

Probability density function for land use data resolution-induced uncertainty in: (a) ﬂow pdfs (b) sediment pdfs.
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(Figure 6). The spatial resolution of land use data affected

and the CDFs for land use resolution-induced uncertainties

sediment prediction more than ﬂow prediction. These

in predicted values of ﬂow and sediment are shown in

results support previous ﬁndings by Luzio et al. ()

Figure 8.

using the SWAT model, in which they showed that, although

Results of the distribution ﬁt for RE related to land use

the land use input did not affect runoff estimates, sediment

resolution are presented in Table 8. Based on the lowest

yields were signiﬁcantly biased.

KS values for ﬂow and sediment of 0.099 and 0.096, respect-

Figure 6 shows the RE variance in model output related

ively (Table 8), the pdfs of land use data resolution-induced

to land use resolution for the calibration period. Similar to

uncertainty (RE) in simulated ﬂow ( f(Lf )) and sediment ( f

the DEM resolution-induced uncertainty, the relationships

(Ls)), as described in Equation (7) and Equation (8) using

between land use data resolution and the predicted ﬂow

the parameter estimates in Table 8, followed a generalized

and predicted sediment were non-linear.

Pareto distribution and a Johnson SB distribution, respect-

As for the RE related to DEM resolution, the RE related

ively. The determination of the distribution ﬁt was

to land use resolution was analyzed using pdfs and CDFs.

restricted by the limited resolutions of land use data avail-

The pdfs for land use resolution-induced uncertainties in

able for this study (Figure 8). The accuracy of the results

predicted values of ﬂow and sediment are shown in Figure 7

would be improved if land use data at a greater range of

Figure 8

|

Probability density function for land use data resolution-induced uncertainty in: (a) ﬂow CDFs, (b) sediment CDFs.
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Distributions ﬁts and parameters estimates for data resolution-induced uncertainty in sediment
KS statistic

Parameters

Distribution of RE for sediment

RE due to DEM

RE due to land use

Generalized extreme value

0.117

0.149

Generalized Pareto

Johnson SB

Log-normal (3P)

Uniform

0.099

0.113

0.096

0.100

0.142

0.161

0.100

0.117

RE due to DEM

RE due to land use

k ¼ 0.351

k ¼ 0.291

σ ¼ 1.191

σ ¼ 1.843

μ ¼ 2.240

μ ¼ 3.723

k ¼ 1.153

k ¼ 1.016

σ ¼ 4.432

σ ¼ 6.324

μ ¼ 3.929

μ ¼ 6.219

γ ¼ 0.126

γ ¼ 0.021

δ ¼ 0.691

δ ¼ 0.429

λ ¼ 4.180

λ ¼ 5 .257

ξ ¼ 4.098

ξ ¼ 5.676

α ¼ 4.929

α ¼ 10.551

β ¼ 3.205

β ¼ 11.079

γ ¼ 3.205

γ ¼ 14.272

a ¼ 3.784

a ¼ 6.136

b ¼ 0.043

b ¼ 0.029

distribution was expected. Finally, from a water quality man-

resolutions were used in future.

agement perspective, because the resolution of DEM and
  
f Lf ¼

1
(x þ 3:929)
1  1:153 
4:432
4:432

land use data affects ﬂow and sediment generation, we

1
!1þ1:153

;k ≠ 0

(7)

believe that the resolution of DEM and land use data will
also affect pollution load (e.g., NH3-N, phosphate, total
nitrogen, and total phosphorus) simulated using the HSPF

0:429
pﬃﬃﬃﬃﬃﬃ
5:257 2π z(1  z)

 z 2 
1
 exp  0:021 þ 0:429  ln
,
2
1z
x þ 5:676
z¼
5:257

model. Further studies are required to investigate this

f ððLs ÞÞ ¼

proposition.

(8)

CONCLUSIONS
The results of our study highlighted DEM and land use data

This study examined input data-induced uncertainty for

resolution-induced uncertainty in stream ﬂow and sediment

the HSPF model only in terms of spatial data resolution.

predicted using the HSPF model, and demonstrated the dis-

However, previous studies have shown that the spatial–tem-

criminative power of the method of pdfs in quantifying these

poral distribution of rainfall can signiﬁcantly affect model

uncertainties. Input data from ﬁne-scale DEMs and land use

uncertainty (Segond et al. ; Younger et al. ; Pechli-

resolution maps generated higher ﬂow volumes and sedi-

vanidis et al. ). A limitation of our study is that we

ment loads compared with coarser-scale counterparts. The

neglected the impact of the spatial resolution of rainfall at

resolution of DEMs can affect the stream length, watershed

ﬁne temporal resolutions (i.e., hourly time steps). Although

area, and average slope, which can in turn affect the uncer-

we applied disaggregated hourly data in the HSPF model,

tainty in simulated ﬂow and sediment. Land use data

a loss of information resulting from real temporal rainfall

resolution can affect inﬁltration and evaporation loss,
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