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A B S T R A C T   

Evaluation of sensitivity of hydrograph components and landscape metrics extracted from various spatial reso
lutions reveals relationships between landscape metrics and outflow properties with the lowest error. In the 
present study, 14 Digital Elevation Models (DEMs) with different resolutions derived from a vector and raster- 
radar source were analyzed to evaluate sensitivity of relationships between simulated hydrograph components 
and landscape metrics using multiple regression methods in the Galazchai Watershed, West Azerbaijan Province, 
Iran. To this end, DEM, slope, flow length and direction and time of concentration were developed in the vector 
and raster scales of 1:25000 and Advanced Land Observing Satellite-1 (ALOS) with different resolutions using 
ArcGIS 10.5 and ArcHydro software. Accordingly, 588 Direct Runoff Hydrographs (DRHs) were produced and 
clustered using Clark’s Instantaneous Unit Hydrograph (IUH) model. The results showed that the best regression 
fits for flood volume and peak discharge were determined with Number of Disjunct Core Areas (NDCA) and Patch 
Density (PD) landscape metrics. Furthermore, the best regression fitted for time to peak and base time were 
observed with Core Area (CA) and Normalized Landscape Shape Index (NLSI) landscape metrics. In addition, the 
sensitivity analysis shows that the most sensitive spatial resolutions in modeling relationship between flood 
volume and peak discharge were determined at 5, 10, 20, and 30 m. The results revealed that hydrograph 
components in association with landscape metrics had high sensitivity to spatial resolutions, while the re
lationships between hydrological components and landscape metrics without considering the optimal spatial 
resolutions resulted in unacceptable results.   

1. Introduction 

Water and soil processes play a fundamental role in landscape in
teractions (Turner, 1990; Wu and Loucks, 1995; Spetich et al., 1997). 
Quantitative assessment of water and soil processes largely depend on 
the spatial scale. Furthermore, landscapes are the result of nonlinear 
processes of water and soil redistribution (Schoorl et al., 2002) that are 
influenced by different topographic scales and watershed characteris
tics. In addition, topographic maps and Digital Elevation Models (DEMs) 
with different vector and raster scales represent different details of in
formation (Wolock and Price, 1994; Orlandini et al., 2003; Wilbanks, 
2006; Dar et al., 2010). Accordingly, different vector and raster map 
scales represent various results in modeling relationships between 

landscape and watershed hydrological characteristics. Therefore, it is 
necessary to recognize optimal raster or vector scale and grid size, which 
in turn leads to determine the most precise hydrograph simulation 
components and landscape indices for the watershed. On the other hand, 
spatial pattern analysis of landscape models is influenced by scale 
directly, so that different scale and grain size lead to different outputs of 
the landscape metrics (Zhang and Montgomery, 1994; Qi and Wu, 1996; 
Lausch and Herzog, 2002; Corry and Lafortezza, 2007; Zimmermann 
et al., 2010; Lustig et al., 2015; Feng et al., 2017; Inkoom et al., 2018; 
Tian et al., 2019). 

In this regard, the Clark’s Instantaneous Unit Hydrograph (IUH) 
model (Clark, 1945) is one of the event based hydrological models 
widely used for hydrological modeling (Usul and Yilmaz, 2002; Sadeghi 
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et al., 2015, 2019; Moradi Dashtpagerdi et al., 2019). In this matter, one 
of the major input factors of Clark’s IUH model is the Time Area His
togram (TAH), which is influenced by vector and raster scales and cor
responding grain size. It itself leads to a distribution map of Time of 
Concentration (TC) with different levels of accuracy. The TC map ac
curacy directly depends on the physiographic features such as slope, 
flow length, flow direction, flow accumulation, watershed area, and 
other landscape indices. Changes in the map scale of the topography 
thus lead to changes in results of the Clark’s IUH model simulation and 
landscape metrics as well. 

The effects of scale on modeling processes and hydrological behavior 
of the watershed have been extensively investigated by former re
searchers. In this matter, Tarboton et al. (1991) studied DEMs obtained 
from 30 and 60 m resolutions for extracting channel networks in 
different basins of the United States. The results showed different spatial 
resolutions had an effective role on slope and channel network in 
different basins. They consequently recommended appropriate criterion 
to select the most accurate spatial resolution for extraction of the 
channel network. Schoorl et al. (2000) studied the effect of different 
spatial resolutions of artificial DEMs of 1, 3, 9, 18, 27 and 81 m in the 
process-based modelling of erosion and sediment based on landscape 
development. The results showed that effects of DEMs with different cell 
sizes led to overprediction of erosion and the underestimation of rese
dimentation in a fine cell size using multiple flow routing. Similarly, Wu 
et al. (2002), Claessens et al. (2005), Wu et al. (2008) and Li and Wong 
(2010) studied the effect of different resolutions of DEMs on different 
landscape metrics. The results showed that changes in map resolutions 
represented more sensitivity than changes in map scale on different 
landscape metrics. Saldana et al (2011) studied effects of map scales of 
1:50000, 1:18000 and 1:100 for a watershed in Spain and proved that 
the changes in map scales lead to significantly different landscape index 
values. Charrier and Li (2012) evaluated effects of two types of DEMs 
obtained from the Light Detection and Ranging (LiDAR) with resolutions 
of 1, 3, 5, 10, 15 m and the United States Geological Survey (USGS) with 
resolutions of 5, 10 and 30 m on floodplain delineation in part of the 
Camp Creek Watershed, Missouri, USA. The results indicated that res
olutions of 3 and 5 m of LiDAR DEMs created similar streams and 
floodplain boundaries within 10% difference of the source. Evaluation 
of scale effects on performance of landscape indices emphasized the 
importance of scale on watershed dynamics by former researcher (e.g., 
Minang et al., 2014; Plexida et al., 2014; Li et al., 2015; Woodrow et al., 
2016). They wholly argued that metrics components were more corre
lated to the watershed dynamics at the small scale. They also concluded 
that each DEM gave a particular result and therefore the decision to use 
appropriate DEMs could play important role to select the Best Man
agement Practices (BMPs). Huang et al. (2017) analyzed the landscape 
index of soil erosion intensities types at map scales of 30–240 m in the 
Danjiangkou Watershed, China. The results showed that the landscape 
indices represented different results in different scales and 60 m map 
scale was defined as optimal scale based on information entropy theory. 
Amatulli et al. (2018) used DEMs resulted from products of near-global 
90 m SRTM 4.1dev and global 250 m GMTED 2010 to extract topo
graphic variables viz., elevation, curvature, slope, aspect, roughness, 
Topographic Position Index (TPI) and Terrain Ruggedness Index (TRI). 
The results showed TPI and TRI derived from the 250 m GMTED 
compared to those derived from the 90 m SRTM represented a higher 
variance. In this matter, performance of various spatial resolutions 
resulting from different topographic maps on estimation accuracy of 
runoff simulation and water quality using regression models was already 
approved by Zhang et al. (2018) and Nagaveni et al. (2019). 

Although effects of scales and spatial resolutions were evaluated on 
the hydrological parameters separately in previous studies but the 
evaluation of impacts of vector scale through land surveying and raster 
scale with the help of satellite images on hydrological models are just as 
necessary. One of the few examples is Pan et al. (2019), who evaluated 
quantitative relationships between soil landscape indices and different 

spatial resolutions. They used 28 landscape indices by linear, logarith
mic, quadratic, and power functions and reported various sensitivities. 
The results showed that 13 landscape indices with high Pearson corre
lation coefficients (r > 0.90) could be used in a new approach to 
quantitatively predict the spatial patterns of soil distribution within a 
landscape. 

Literature shows that there have been many studies verifying that 
DEMs with different spatial resolutions are important in the modeling of 
relationships between landscape metrics and hydrograph components. 
However, the sensitivity analysis of separate hydrograph components to 
the metrics and properties resulting from various DEMs obtained from 
different sources, has not been concisely considered. Therefore, the 
current study aimed to evaluate the effects of different spatial Vector 
Based DEM resolutions (VBD) with original resolution of 5 m and resized 
resolutions of 10, 20, 30, 50, 100 and 200 m, and Raster or Radar Based 
DEM resolutions (RBD) resulting from satellite images with original 
resolution of 12.5 m and resized resolutions of 5, 10, 20, 30, 50, 100 and 
200 m different hydrological components based on event based Clark’s 
IUH hydrological model as well as spatial pattern analysis of landscape 
metrics, all in the Galazchai Watershed, Iran. 

2. Materials and methodology 

2.1. Study watershed 

The study area is the Galazchai Watershed located in West- 
Azarbaijan Province, NW Iran. The watershed has an area of some 
103 km2 and between 44◦56′ and 45◦35′ E, 37◦01′ and 37◦09′ N, datum 
WGS84. The mean annual precipitation and temperature of the area is 
482 mm and 11.8 ◦C, respectively, characterizing a dry arid and dry 
semi-arid climatic classes based on the De-Martonne and Emberger 
classifications. The average watershed slope is 32%. The altitude of the 
study watershed varies from 1503 to 3299 m above mean sea level. The 
study area is mountainous with steep slopes (Mostafazadeh et al., 2015; 
Sadeghi et al., 2019). The study watershed has the Oshnavieh recording 
rain gauge and the Galazchai hydrometric station at the main outlet. The 
study area represents most parts of the small agricultural dominant 
watersheds in the region. The study watershed and existing compre
hensive studies (Mostafazadeh et al., 2015; Adhami et al., 2018, 2019, 
2020; Sadeghi et al., 2019) were also accessible to the authors. The 
general location, land use and some other characteristics are shown in 
Fig. 1. 

2.2. Data acquisition 

The Raster or Radar Based DEM resolutions (RBD) were obtained 
from a dataset of the Phased Array type L-band Synthetic Aperture Radar 
(PALSAR), with 12.5 m original spatial resolution (one of the in
struments on the Advanced Land Observing Satellite-1 (ALOS)) (http: 
//vertex.daac.asf.alaska.edu/). The Vector Based DEM resolutions 
(VBD) were processed from topographic maps of 1:25000 obtained from 
the National Geography Organization of Iran (NGO; http://www.ngo 
-iran.ir/). From both RBD and VBD sources, in total 14 DEMs with res
olutions of 5, 10, 20, 30, 50, 100, and 200 m were extracted. VBDs were 
produced based on contour tracing technique using interpolation 
method developed in Topo to Raster tool in ArcGIS 10.5 and designed 
for the production of DEMs based on the ANUDEM program (Hutchinson 
and Dowling, 1991; Mishra, 2012) to DEM in ArcGIS10.5 software. RBDs 
were also produced based on resize of original DEM to RBDs with 
different spatial resolutions. The slope, flow direction, flow accumula
tion, flow length, and TC maps were produced for all 14 DEMs with 
different resolutions of 5, 10, 20, 30, 50, 100, and 200 m for raster and 
vector scales using ArcGIS 10.5 and ArcHydro software. Furthermore, 
the 7 RBD and 7 VBD different DEMs resolution were evaluated based on 
42 storms, recorded over the years 2003 to 2013 and reported in pre
vious researches (i.e., Mostafazadeh et al., 2015; Saeidi et al., 2016). The 
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hydrological modeling was performed using the event based Clark’s IUH 
model. The detailed characteristics of the studied storms are shown in 
Table 1. The direct runoff hydrograph (DRH) was obtained through 
subtracting the base flow using the fixed-value method. In this method 
the separation of the base flow is obtained by joining with a straight line 
at the beginning of the surface runoff to a point on the recession limb 
representing the end of DRH (Agirre et al., 2005). The storage coefficient 
(K) was also determined from the recession part of the observed flood 
hydrograph of the total watershed to represent the storage characteristic 
of the watershed stream (Sadeghi et al., 2019). In this matter, the phi- 
index was dissected so that the volume of direct runoff equaled the 
whole excess rainfall distributed during the storms (Sadeghi et al., 
2015). 

2.3. Model description 

2.3.1. Event based Clark’s IUH hydrological model 
Clark model is one of the most popular event based methods to derive 

a simultaneous unit hydrograph (Clark, 1945). This model is based on 
lag and route technique and Muskingum method. In preparing the 
simultaneous unit hydrograph, it is assumed that there is a virtual re
pository at the end of the river and water is stored with one input 
discharge. Then, based on input discharge components (Eq. (1)), time of 
concentration, and watershed storage coefficient, values of simulta
neous unit hydrograph were obtained from Eq. (2) (Sadeghi et al., 

2015). 

Ii = 2.78*
Ai

Δtc
(1)  

where, Ii is the input discharge at any time period (m3 s− 1), Ai is the area 
engaged in the runoff at the end of the period (km2) and Δtc is the time 
period of simulated unit hydrograph (h). 

Q2 = (
Δtc

K + 0.5Δtc
)I1 +(

K − 0.5Δtc

K + 0.5Δtc
)Q1 (2)  

where, Ii and Q1 respectively for the initial input and output flows, and 
Q2 is the output flow (m3 s− 1) after t1.

The variable K is water storage coefficient (h) obtained from the 
graphical method due to better performance, compared to other 
methods using Eq. (3) (Chow et al., 1988; Sadeghi and Dehghani, 2006). 

k =
Δt

Ln
(

Q0
Qt

) (3)  

Q0 is the discharge at the start of time interval (m3 s− 1). Qt is the 
discharge after a logarithmic time base Δt (m3 s− 1), and t is the time 
interval (h). 

The variable Δtc is the time of concentration for each segment of 
isochrones (h) resulted from TAHs (time intervals of isochrones) based 

Fig. 1. General location (top right), land use (top left) and DEMs with 10 m cell sizes derived from Raster and Vector (bottom right and left) of the Galazchai 
Watershed, Iran. 
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on Kirpich method (Eq. (4)). The Kirpich method which was obtained 
from watershed characteristics was applied to develop TAHs (Kirpich, 
1940; Sahoo et al., 2006). 

TC = 0.06628*L0.77
i *S− 0.385 (4)  

where TC, is time of concentration (h), Li is length of the channel 
network (km) S is average slope of the stream (dimensionless). The TCs 
were dissected from vector scale (1:25000 topographic map and the 
resolutions of 5, 10, 20, 30, 50, 100, and 200 m) and raster scale (ALOS 
PALSAR and the resolutions of 5, 10, 20, 30, 50, 100, and 200 m) and 
consequently used to create TAHs. Note that consequently the TAHs are 
influenced by both spatial resolution as temporal changes in runoff 
(Sadeghi et al., 2009; Matei, 2012). Finally, a total of 588 cases were 
provided for all RBD and VBD resolutions combined with the 42 storm 
events through applying VBA (Visual Basic for Applications) program
ming in Excel 2013. The instantaneous unit hydrographs were converted 
to unit hydrograph (UH) with a time lag. Ultimately, direct hydrograph 
(DH) was produced for each individual storm event considering effective 
rainfall and rain pulse through lag technique. 

2.3.2. Evaluation of the Clark’s IUH model performance 
The main Clark’s IUH Model simulated components, namely flood 

volume, peak discharge, time to peak and base time were compared with 
those of observed components of 42 storm events using evaluation 
criteria viz., root mean square error (RMSE; Eq. (5)), relative errors 
(REs; Eq. (6)) and coefficient of efficiency (CE; Eq. (7)) based on 
Nonlinear Generalized Gradient Algorithm (NGGA) (Sadeghi et al., 
2009, 2019; Sadeghi and Asadi, 2010; Thirel et al., 2015; Moradi 
Dashtpagerdi et al., 2019(. 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
n
∑n

i=1
(QSim(i) − QObs(i))

2

√

(5)  

RE(%) =

⃒
⃒
⃒
⃒
(VObs(i) − VSim(i)

VObs(i)

⃒
⃒
⃒
⃒× 100 (6)  

CE = 1 −
∑n

i=1(QObs(i) − QSim(i))
2

∑n
i=1(QObs(i) − QObs)

2 (7)  

where VObs(i) and VSim(i), respectively were the observed and simulated 

Table 1 
Characteristics of rainfall- runoff storm events for the Galazchai Watershed, Iran (adapted from Mostafazadeh et al., 2015; Saeidi et al., 2016).  

No. Rainfall storm 
event date 

Total 
rainfall 
(mm) 

Rainfall 
duration (h) 

Average 
intensity (mm 
h− 1) 

Phi-index 
(mm h− 1) 

Base 
time (h) 

Time to 
peak (h) 

Discharge peak 
(m3 s− 1) 

Flood volume 
(m3) 

Storage 
coefficient (h) 

1 Apr. 6, 2003 6.3 5 1.1 0.8 14 6.5 15.26 260366.04 6.85 
2 Dec. 9, 2003 9.2 6.5 1.2 1.1 10.5 5.5 7.9 89985.49 6.93 
3 Apr. 23 2004 5.1 5 0.8 0.2 10 7.5 11.48 201934.44 7.49 
4 May. 29 2004 18.8 7 2.5 0.4 19.5 15 15.77 773198.1 5.06 
5 Apr.14, 2005 4.6 3 1.3 0.2 14.5 7 6.42 166319.28 6.33 
6 Dec. 17, 2007 8.6 7.5 1 0.9 16 11 1.59 43170.84 3 
7 Apr.14, 2008 9.1 6 1.4 0.9 13.5 7 7.54 205475.4 6.36 
8 Apr. 23, 2008 11.3 6 1.7 0.6 19.5 6.5 20.11 574996.32 5.83 
9 May. 29, 2008 13.6 5 2.5 0.1 11 8 2.02 29893.68 5.03 
10 Oct. 1, 2008 12.4 6 1.9 2 19 11 1.77 53105.04 5.62 
11 Oct. 25, 2008 33.1 14 2.3 4 11 7.5 3.5 69639.48 5.33 
12 Mar. 10, 2009 12.9 6.5 1.8 4.1 10.5 8.5 6.35 115664.76 5.71 
13 Mar. 14, 2009 3.9 4.5 0.8 0.5 19.5 8 1.99 99789.84 7.96 
14 May. 17, 2009 5.1 4 0.9 0.9 22 8 8.06 390881.52 7.75 
15 Sep. 22, 2009 3.2 3 0.9 0.2 17 12 1.37 60170.4 7.31 
16 Apr. 21, 2011 6.3 8 0.7 0.6 14.5 11 6.08 137811.24 8.28 
17 Apr. 23, 2011 8 10 0.8 0.4 8 5.5 1.26 13485.78 8.21 
18 Oct. 29, 2011 2.4 3 1.7 2.9 12 4 1.32 27177.12 5.86 
19 Oct. 30, 2011 13.2 8 1.65 3.1 10.5 6 1.07 25234.02 7.7 
20 Nov. 4, 2011 13.6 4.5 0.5 2 13 6 0.98 18369.9 8.19 
21 Nov. 5, 2011 4.6 3 1.53 1.1 12.5 5.5 2.28 48077.28 6.15 
22 Apr. 11, 2012 14.3 2 1.9 5.3 10.5 2.5 4.21 72778.14 4.83 
23 Apr. 20, 2012 4.6 3 1.3 1.1 11 5 4.81 110098.44 6.33 
24 Nov. 3, 2012 8.3 2 4.1 3.3 10 3 9.6 132402.4 3.42 
25 Nov. 11, 2012 13.5 2.5 5.4 3.9 10 2 7.1 261921.78 4.27 
26 Nov. 12, 2012 8.7 2 4.4 2.4 9 2 4 102260.52 2.5 
27 Nov. 13, 2012 14.7 4 3.7 2 15 3 3.62 83347.38 4.18 
28 Nov. 14, 2012 2.4 4 1.7 1.4 10.5 3.5 3.26 71,523 4.47 
29 Nov. 19, 2012 5.2 3 4.1 2.3 7.5 2.5 2.81 41289.84 6.04 
30 Nov. 20, 2012 10.3 2.5 1.1 0.5 6 3 2.29 22246.57 4.27 
31 Nov. 25, 2012 3.4 3 1.13 2.2 6 4 2.95 28795.76 7.14 
32 Mar. 10, 2013 6.4 2.5 2.56 1.2 7 3 3.82 62388.9 5.16 
33 Mar. 17, 2013 4.6 5 0.92 0.5 4 3 1.1 10563.08 4.3 
34 Mar. 30, 2013 5.5 6.5 0.85 0.5 4.5 3 1.87 15838.89 6.2 
35 Apr. 13, 2013 15 6 2.5 1 16 10.5 14.88 587803.66 5.5 
36 Apr. 18, 2013 7 8 0.88 1.1 6 2.5 6.91 139034.49 3.6 
37 Oct. 19, 2013 5 5.5 0.91 1.1 7 3 7.09 96159.52 3.3 
38 Oct. 20, 2013 5.5 6 0.92 1.5 5.5 2 6.92 121063.92 5.2 
39 Nov. 2, 2013 3.5 4 0.88 0.8 7.5 3.5 2.8 38158.31 7.2 
40 Nov. 16, 2013 4 4.5 0.89 0.7 11 5.5 4.05 89051.13 4 
41 Nov. 22, 2013 6.3 4.5 1.33 0.6 9 5.5 4.95 66017.34 3.7 
42 Dec. 13, 2013 8 3 2.67 0.2 14 8 6.18 154178.1 3 
Maximum 33.10 14.00 5.40 5.30 22.00 15.00 20.11 773198.10 8.28 
Minimum 2.40 2.00 0.50 0.10 4.00 2.00 0.98 10563.08 2.50 
Mean 6.70 4.50 1.32 1.05 10.75 5.50 4.03 86199.26 5.67 
Coefficient of 

variations (%) 
65.74 48.41 65.65 87.23 38.76 53.86 82.16 121.06 28.70  
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components of the hydrograph including peak discharge (m3s− 1), flood 
volume (m3), time to peak (h) and base time (h). QObs(i), QSim(i) andQObs 

were observed, simulated and average of discharges (m3s− 1) at time i 
and n is the time horizon in the hydrographs, respectively. The model 
performance was then evaluated for all RBD and VBD resolutions. 
Finally, 588 evaluation criteria of relative errors (for flood volume, peak 
discharge, time to peak and base time), CE and RMSE were produced for 
all different spatial resolutions and storm events. Acceptable perfor
mance of the model was approved by the highest CE and the smaller 
values of RMSE and REs criteria (Krause et al., 2005; Jain and Sudheer, 
2008; Gupta and Kling, 2011). 

2.3.3. Two-step cluster analysis algorithm 
One of the more suitable methods for clustering large data is the 

Two-step Cluster Analysis Algorithm (TCAA) proposed by Garson 
(2009). TCAA represents two major steps, in the first step, observation 
data were classified into subclusters, and then in the second step, 
number of the clusters were selected by combining these subclusters 
based on statistical characteristics. The Euclidean distance was selected 
to determine the number of clusters. Euclidean distance between cluster 
centroids represent the number of clusters by the means of all variables 
in every cluster (Kovács et al., 2009; Sarstedt and Mooi, 2014). There
fore, the 588 simulated hydrograph evaluation criteria derived from the 
14 RBD and VBD resolutions were clustered and then optimal clusters 
were selected based on the highest accuracy of the evaluation criterion. 
Finally, the optimal spatial resolution and data source for each hydro
graph component was defined based on analysis of optimal clusters 
using IBM SPSS Statistic 22 software package. 

2.3.4. Spatial pattern analysis of landscape metrics 
The landscape metrics were computed in FRAGSTATS 4.2 in four 

categories of area and edge, shape, aggregation and core area using a 
moving window method (Mcgarigal and Marks, 1995; Weng et al., 2007; 
Schindler et al., 2008; Plexida et al., 2014; Feng and Liu, 2015; Feng 
et al., 2018). Landscape metrics were produced based on the 7 VBD 
resolutions (5, 10, 20, 30, 50, 100 and 200 m) due to higher accuracy of 
CE evaluation criterion of vector scale in comparison to raster scale. The 
produced VBDs with different spatial resolutions were intersected with 
land use map derived from 1:25000 original resolution updated from 
previous study (i.e., Mostafazadeh et al., 2015) using ArcGIS 10.5. In 
this study, 80 landscape metrics at class level were produced based on 7 
different resolutions of 1:25000 vector scale. On the other hands, prin
cipal component analysis (PCA) and varimax algorithm were used as one 
of the data reduction methods for analyzing relationships between 
calculated landscape metrics. In factor analysis, landscape metrics were 
abridged to a smaller number of parameters. Then, based on the corre
lation coefficients and rotated component matrix of components of 
specific landscape metrics, the role of the metrics as principal factor and 
their impact were determined (Moradi Dashtpagerdi et al., 2013; Bro 
and Smilde, 2014; Suganyadevi and Savitha, 2016) 

2.3.5. Relationship between landscape metrics and simulated hydrograph 
components 

Regression relationships between landscape metrics resulting from 
the 7 different resolutions (for both RBD and VBD sources) and simu
lated hydrograph components viz., flood volume, peak discharge, time 
to peak and base time were developed using IBM SPSS Statistics 23. 
These regression relationships of landscape metrics in two parts with 
hydrograph components of the best cluster (namely the best resolutions 
and the most precise simulation) and hydrograph components of the 
worst cluster (the worst resolutions and the least precise simulation) 
were separately tested using different important evaluation criteria viz., 
relative errors of flood volume, peak discharge, time to peak, base time 
and also CE and RMSE. Different types of multiple regressions of linear 
(Eq. (8)), logarithmic (Eq. 9), power (Eq. 10), exponential (Eq. 11), and 

logistic (Eq. 12) were developed between each hydrograph component 
for different cell sizes and storm events and landscape metrics, sepa
rately. The best regressions were then selected based on criteria of 
adjusted R2, beta and significant level. They were applied to determine 
relationships between independent and dependent variables based on 
the best fitting equation to predict the dependent variable (i.e., flood 
volume, peak discharge and time to peak) (Wu et al., 2012). 

HC = a0 + a1L1 + a1L2 +⋯anLn (8)  

HC = a+ b*lnL (9)  

lnHC = lna + b1*lnL (10)  

HC = aeb1*L (11)  

HC =
1

1
U + ab1L

(12)  

where HC (hydrograph component under consideration) is the depen
dent variables, L1⋯Ln (landscape metrics) are the independent vari
ables, a, bandc are the coefficients, n is the number of variables, and U is 
upper confidence limit. 

3. Results 

3.1. VBD and RBD based hydrograph components 

An example set of detailed information of simulated hydrograph 
components based on VBD and RBD resolutions for an arbitrary storm 
event (Nov. 20, 2012) is shown in Table 2. 

Measurements of relative errors of flood volume, peak discharge, 
time to peak, base time and also CE and RMSE were defined in four 
clusters for vector and raster scales, separately. The distribution char
acteristics belonging to each cluster and also cluster characteristics for 
each hydrograph component are shown in Tables 3 and 4. 

As Table 4 shows, the significance levels (sig.) of hydrograph 
component evaluation criteria were quite low and then classifying 
clusters were approved for both VBD and RBD resolutions. Indeed, 

Table 2 
Characteristics of hydrographs components resulted from applying DEMs based 
on vector and raster scales in different cell sizes for Nov. 20, 2012 storm event in 
the Galazchai Watershed, Iran.  

No Cell 
size 
(m) 

Scale Flood 
volume (m3) 

Peak 
discharge (m3 

s− 1) 

Time to 
peak (h) 

Base 
time 
(h) 

1 5 Vector  23155.11  2.46  1.75  7.50 
Raster  23238.14  2.41  1.75  7.50 

2 10 Vector  23264.44  2.32  1.75  7.50 
Raster  23168.44  2.39  1.75  7.50 

3 20 Vector  23211.67  2.34  1.75  8.00 
Raster  23293.97  2.32  1.75  7.50 

4 30 Vector  23199.00  2.24  1.75  8.00 
Raster  23221.17  2.34  1.75  8.00 

5 50 Vector  23242.58  2.46  1.75  7.50 
Raster  23208.20  2.24  1.75  8.00 

6 100 Vector  23242.58  2.49  1.50  7.50 
Raster  23282.58  2.51  1.75  7.50 

7 200 Vector  23597.23  2.67  1.25  8.00 
Raster  23659.02  2.75  1.50  7.50 

Maximum Vector 23597.23  2.67  1.75  8.00 
Raster 23659.02  2.75  1.75  8.00 

Minimum Vector 23155.11  2.24  1.25  7.50 
Raster 23168.44  2.24  1.50  7.50 

Mean Vector 23242.58  2.46  1.75  7.50 
Raster 23238.14  2.39  1.75  7.50 

Coefficient of 
variation 
(%) 

Vector 0.63  5.74  11.97  3.46 
Raster 0.71  6.83  5.51  3.19  
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clusters 3, 1, 3, 4, 2 and 4 were selected as an optimal cluster (based on 
the lowest errors) for flood volume, peak discharge, time to peak, base 
time, CE and RMSE, respectively, for the VBD resolutions. While in fact, 
clusters 1, 1, 4, 2, 3 and 2 were selected as optimal clusters with the 
lowest errors for flood volume, peak discharge, time to peak, base time, 
CE and RMSE, respectively, for RBD resolutions. RMSE and CE criteria as 
two major evaluation criteria of hydrological models performance were 
classified in different clusters (i.e., clusters 4 and 2 for VBD and clusters 
2 and 3 clusters for RBD). In fact, the highest precision of simulated 
hydrographs based on the best CE and RMSE evaluation criteria were 
dissimilar and then precision of hydrological models performance 
depended to type of evaluation criteria of RMSE and CE. On the other 
hand, cluster 1 for both VBD and RBD resolutions behaved similarly in 
estimation of peak discharge. However, other criteria were significantly 
different. Table 5 shows optimal resolutions related to VBD and RBD 
sources based on the best simulated direct hydrographs with the lowest 
errors resulted from optimal clusters. 

As shown in Table 5, for the VBD, resolutions of 5 and 10 m (for flood 
volume hydrograph component), resolution of 5 m (for peak discharge 
hydrograph component), resolutions of 5 and 20 m (for time to peak 
hydrograph component) and resolutions of 30 and 20 m (for base time 
hydrograph component) were determined as optimal resolutions asso
ciation with optimal clusters. Whereas, for the RBD, resolutions of 20 
and 30 m (for flood volume hydrograph component), resolutions of 5 
and 10 m (for peak discharge hydrograph component), resolution of 10 
m (for time to peak hydrograph component) and resolutions of 10 and 
50 m (for base time hydrograph component) were selected as optimal 
resolution association with optimal clusters. According to Table 5, the 
maximum frequency of VBD and RBD resolutions were 5 and 10 m, 
respectively. On the other hand, in Table 5, the number and contribution 
of variables of selected optimal clusters are represented and these range 
between 20.74 and 30.27 (for VBD) and 14.3 and 32 percent (for RBD). 
In addition, errors were calculated through average REs for flood vol
ume, peak discharge, time to peak and base time in each selected 
optimal cluster for VBD and RBD resolutions, separately. Accordingly, 
REs derived from flood volume, peak discharge, time to peak and base 

time components of simulated hydrographs resolutions were estimated 
3.46, 4.61, 3.98 and 5.94 percent for VBD and 3.17, 4.16, 4.23 and 4.74 
percent for RBD, respectively. Furthermore, average values of CE and 
RMSE evaluation criteria of simulated hydrographs based on selected 
optimal clusters were estimated 82 and 0.87% for VBD and 74 and 
0.78% for RBD, respectively. According to Table 5, CE evaluation cri
terion based on VBD was suitable to evaluate base time while RMSE 
based on VBD was the most suitable criterion to evaluate base time and 
time to peak. CE evaluation criterion based on RBD resolutions was also 
suitable for evaluating base time and flood volume while RMSE based on 
RBD was the most suitable criterion to evaluate hydrograph base time 
only. 

3.2. VBD and RBD based time of concentrations 

TCs based on VBD and RBD resolutions are shown in Fig. 2. The 
lowest TC values are allocated to finer resolutions viz., 5, 10, 20, and 30 
m, while the TC values of 50, 100, and 200 m resolutions were the 
highest. In addition, Fig. 3 shows optimal resolutions related to hydro
graph components based on VBD and RBD resolutions. 

According to Fig. 3, resolutions of 5, 10, 20, and 30 m (finer reso
lutions) were recognized as optimal resolution for VBDs and RBDs in all 
components of the hydrograph. It can be further said that there were 
significant relationships between optimal resolutions viz., 5, 10, 20 and 
30 m and the lowest TC. 

3.3. Landscape metrics 

To analyze the landscape metrics, 80 landscape class-levels metrics 
were tested and have been shown in Table 6. A selection was then made 
of 20 landscape metrics based on PCA in four categories including area 
and edge, shape, aggregation and core area as shown in Table 7. 

3.4. Landscape metrics and hydrograph components relationships 

In the best cluster, the highest accuracy of hydrograph components 
viz., flood volume, peak discharge, and time to peak and base time based 
on 5, 10, 20 and 30 resolutions was achieved. On the other hand, in the 
worst cluster, hydrograph components viz., flood volume, peak 
discharge, time to peak and base time with the highest error based on the 
most contribution of resolutions of 50, 100, and 200 m were defined. 
Then, regression between landscape metrics with the best and the worst 
hydrograph components in association with the different spatial reso
lutions were analyzed and finally, level of significance of regression 
between landscapes with the best and the worst hydrograph components 
were tested. Characteristics of selected landscape metrics and corre
sponding adjusted R2 and also regression functions between dependent 
variables (hydrograph components) and independent variables (land
scape metrics) have been shown in Table 8. 

Table 3 
Clusters distribution characteristics of vector and raster scales  

Cluster No. Scale N % of Total 

1 Vector 71  24.14 
Raster 63  21.4 

2 Vector 61  20.74 
Raster 94  32.0 

3 Vector 73  24.83 
Raster 42  14.3 

4 Vector 89  30.27 
Raster 95  32.3 

Total Vector 294  100.0% 
Raster 294  100.0%  

Table 4 
Statistical characteristics of the hydrograph components for vector and raster scales  

Variables Scale Cluster Error F-Value Significant level Best cluster 

Mean Square df Mean Square df 

Flood volume Vector  235.59 3  7.15 290  56.78  0.015 3 
Raster  238.55 3  4.00 290  59.61  0.000 1 

Peak discharge Vector  19.65 3  5.82 290  3.37  0.019 1 
Raster  18.42 3  5.85 290  3.14  0.026 1 

Time to peak Vector  185.79 3  10.60 290  17.52  0.000 3 
Raster  171.54 3  10.60 290  16.17  0.000 4 

Base time Vector  10060.15 3  7.73 290  1301.32  0.000 4 
Raster  10363.99 3  5.76 290  1796.54  0.000 2 

CE Vector  6.90 3  0.04 290  147.18  0.000 2 
Raster  6.80 3  0.04 290  147.46  0.000 3 

RMSE Vector  84.07 3  1.81 290  46.43  0.000 4 
Raster  84.82 3  1.77 290  47.90  0.000 2  
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According to Table 8, there was acceptable adjusted R2 to fit pro
duced line in position of the best cluster between flood volume with 
NDCA (0.82), peak discharge with PD (0.60), time to peak with CA 
(0.53) and also base time with NLSI (0.51). In the worst cluster, namely 
simulated hydrograph components with the highest errors based on 
resolutions with the most contribution of 50, 100, and 200 m, no 
acceptable adjusted R2 could be found for flood volume and peak 
discharge but there was acceptable adjusted R2 for time to peak (0.57) 
and base time (0.50). As Table 8 shows, landscape class level metrics of 
NDCA, PD, CA, and NLSI were associated with hydrograph components 
of flood volume, peak discharge, time to peak, and base time, respec
tively. In addition, Beta index represented change rates in dependent 
variables (i.e., hydrograph components) affected by changes in land
scape metrics. The highest variability of dependent variables was related 
to flood volume and NDCA (0.92). Beta value for peak discharge and PD 
also was high (0.81). On the other hand, variability of time to peak 
related to CA landscape metrics for the best and worst clusters were 
found 0.76 and 0.80, respectively. Variability of base time related to 
NLSI landscape metric for the best and worst clusters, was also defined 
0.75 and 0.76, respectively. The highest correlation levels with the 
lowest significant levels (i.e., 0.003 and 0.023) were belonged to flood 
volume and peak discharge components related to the best spatial res
olutions. Indeed, significant levels for temporal components related to 
the worst spatial resolutions were defined 0.03 and 0.046. In this regard, 
Eqs. (13) and (14) in Table 8 showed the acceptable regression function 
for modeling flood volume and peak discharge with NDCA and PD 
landscape metrics. The regressions were determined based on the 
highest accuracy of simulated flood volume and peak discharge. On the 
other hands, the highest accuracy of simulated flood volume and peak Ta
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discharge occurred in resolutions of 5, 10, 20, and 30 m. Indeed, role of 
adaption and consistency of the best simulated time to peak and CA 
landscape metric was also approved in Eq. (15). On the other hand, 
correlation between the worst simulated time to peak and CA landscape 
metric based on Eq. (16) was also acceptable. In fact, it can be claimed 
that although 5, 10, 20, and 30 m resolutions were selected as optimal 
spatial resolutions for simulating the best time to peak but they did not 
play main role for CA landscape metric compared other resolutions. 

4. Discussion 

4.1. Evaluation of time of concentration derived from VBDs and RBDs 

In this study, resolutions with minimum TCs play a very important 
role in determination of optimal resolution. Therefore, in interpretation 
of selecting optimal resolutions related to hydrograph components, we 
must consider the watershed physiographic characteristics, and partic
ularly slope, stream and TC. To support this, Das et al. (2016) also 
showed changes in resolutions had different effects on physiographic 
and morphometric parameters of their case study. The Galazchai 
Watershed thanks to high elevations, steep slopes, and mountainous 
topography has a short TC leading to rapid hydrological response. In 
addition, Salimi et al. (2017) in their researches proved that changes in 
watershed parameters led to changes in TC. This is consistent with 
findings of Green and Nelson (2002) and Moradi Dashtpagerdi et al. 
(2019) that showed interaction of parameters of impact on watershed 

and TC led to changes of rainfall-runoff modelling results. In fact, fine 
resolutions lead to production of TC with lower values and finally, can 
represent what occur really in Galazchai Watershed as well. 

4.2. Analysis of optimal resolutions 

In this research, 5 m resolution for VBD was selected as optimal for 
flood volume, peak discharge, and time to peak. For RBD, 10 m reso
lution was also determined as optimal for flood volume, peak discharge, 
and time to peak. In this matter, Zhang and Montgomery (1994) also 
showed that 10 m DEM resolution was sufficient for proper estimating 
physiographic and hydrologic parameters. In addition, Usery et al. 
(2004) represented that DEMs between 3 and 30 m resolution had 
higher accuracy and correlation (r = 0.9) compared to coarser resolu
tion. Sørensen and Seibert (2007) argued higher resolution DEMs had 
better performance. On the other hands, the simulation results of 
hydrograph components using Clark’s IUH hydrological model and 
applying all DEMs derived from RBD did not show distinct differences. 
This finding certainly helps managers and experts optimize time and 
cost effectiveness for getting reliable outcomes. This is consistent with 
findings of Sørensen and Seibert (2007) who proved sufficient accuracy 
of DEMs with resolutions of 5 to 10 m to compute topographic indices. 
Charrier and Li (2012) also proved the appropriateness of RBD source 
with coarser resolutions beyond 10 m for studying some physiographic 
components of the watershed. Indeed, Cai and Wang (2006) showed that 
DEMs with 90 m resolution represented better performance to assess 

Table 6 
Rotated matrix of PCA components of the study landscape metrics for the study watershed  

NO. Acronym Component NO. Acronym Component 

1 2 3 4 1 2 3 4 

1 NP  0.497  0.857  0.054  0.121 41 CONTIG_AM  0.758  0.511  0.405 0.003 
2 PD  0.497  0.857  0.053  0.121 42 CONTIG_MD  0.96  − 0.055  0.092 0.146 
3 LPI  − 0.154  − 0.849  − 0.467  0.13 43 CONTIG_RA  0.757  0.51  0.409 − 0.007 
4 NLSI  0.759  0.511  0.402  0.033 44 CONTIG_SD  0.479  0.467  0.739 − 0.067 
5 TA  0.775  0.617  0.065  0.114 45 CONTIG_CV  − 0.923  0.225  0.145 − 0.211 
6 AREA_MN  − 0.873  − 0.417  − 0.217  0.12 46 PAFRAC  − 0.362  − 0.88  − 0.3 − 0.02 
7 AREA_AM  0.111  − 0.897  − 0.42  0.063 47 CA  0.718  0.557  0.416 0.016 
8 AREA_MD  − 0.893  − 0.29  − 0.336  0.015 48 NDCA  0.595  0.495  0.62 0.061 
9 AREA_RA  − 0.145  − 0.851  − 0.465  0.131 49 DCAD  0.595  0.495  0.62 0.061 
10 AREA_SD  − 0.723  − 0.626  − 0.287  0.053 50 CORE_MN  − 0.74  − 0.665  − 0.079 0.039 
11 GYRATE_MN  − 0.85  − 0.47  − 0.222  0.08 51 CORE_AM  0.946  − 0.281  0.103 0.106 
12 GYRATE_AM  0.41  − 0.844  − 0.323  0.002 52 CORE_RA  0.96  0.038  0.231 0.106 
13 GYRATE_MD  − 0.863  − 0.379  − 0.321  0.076 53 CORE_SD  − 0.346  − 0.929  − 0.122 0.02 
14 GYRATE_RA  0.148  − 0.91  − 0.324  0.171 54 CORE_CV  0.807  0.56  − 0.119 0.136 
15 GYRATE_SD  − 0.812  − 0.547  − 0.196  0.016 55 DCORE_MN  − 0.883  − 0.27  − 0.38 0.009 
16 GYRATE_CV  0.561  0.814  0.101  0.094 56 DCORE_AM  0.949  0.035  0.286 0.097 
17 SHAPE_MN  0.623  0.153  0.766  0.021 57 DCORE_MD  − 0.934  − 0.2  − 0.2 0.202 
18 SHAPE_AM  0.939  0.147  0.287  0.099 58 DCORE_RA  0.923  0.234  0.303 − 0.033 
19 SHAPE_RA  0.495  0.84  − 0.103  0.19 59 DCORE_SD  − 0.27  − 0.532  − 0.739 − 0.288 
20 SHAPE_SD  0.602  0.471  0.644  − 0.012 60 CPLAND  0.805  0.251  0.518 0.113 
21 SHAPE_CV  0.612  0.584  0.532  − 0.005 61 CAI_MN  0.433  0.553  0.706 − 0.064 
22 FRAC_MN  0.712  0.405  0.56  0.092 62 CAI_AM  0.718  0.557  0.416 0.015 
23 FRAC_AM  0.898  0.283  0.336  0.032 63 CAI_RA  0.754  0.51  0.414 0.001 
24 FRAC_MD  0.693  0.557  0.299  − 0.015 64 CAI_SD  0.466  0.719  0.514 0.01 
25 FRAC_RA  0.423  0.862  0.278  − 0.002 65 CAI_CV  − 0.793  − 0.229  − 0.564 − 0.015 
26 FRAC_SD  0.597  0.551  0.581  0.031 66 CLUMPY  0.688  0.593  0.417 0.023 
27 FRAC_CV  0.598  0.553  0.579  0.031 67 PLADJ  0.769  0.498  0.401 0 
28 PARA_MN  0.268  0.958  0.029  0.096 68 IJI  0.893  0.288  0.127 − 0.294 
29 PARA_AM  0.761  0.51  0.4  0.032 69 COHESION  0.877  0.357  0.31 − 0.085 
30 PARA_MD  0.259  0.959  0.06  0.088 70 DIVISION  − 0.106  0.897  0.422 − 0.061 
31 PARA_RA  0.273  0.955  0.07  0.086 71 MESH  0.111  − 0.897  − 0.42 0.063 
32 PARA_SD  0.257  0.955  0.137  0.051 72 SPLIT  − 0.07  0.906  0.404 − 0.085 
33 PARA_CV  0.575  0.388  0.718  − 0.023 73 SHDI  0.711  0.195  0.432 0.448 
34 CIRCLE_MN  0.942  0.089  0.248  0.15 74 SIDI  0.923  0.206  0.263 0.048 
35 CIRCLE_AM  0.861  0.33  0.353  − 0.123 75 MSIDI  0.917  0.201  0.295 0.066 
36 CIRCLE_MD  0.984  0.121  0.022  − 0.117 77 SIEI  0.924  0.189  0.286 0.073 
37 CIRCLE_RA  0.741  0.514  0.422  0.075 78 MSIEI  0.914  0.2  0.293 0.078 
38 CIRCLE_SD  0.596  0.366  0.698  − 0.086 79 ED  0.581  0.682  0.385 0.014 
39 CIRCLE_CV  − 0.984  − 0.014  − 0.023  − 0.094 80 TE  0.791  0.201  0.195 0.046 
40 CONTIG_MN  0.747  0.29  0.581  0.087 81 AI  0.761  0.506  0.406 0.005  
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topographic characteristics than a 30 m DEM. Beside these, CE and 
RMSE based on VBD, showed higher accuracy in map than CE and RMSE 
based on RBD. Although no discrepancy of significance was found but 
CE and RMSE for VBD were higher and it was therefore recognized as the 
more optimal mapping source. Zhang et al. (2008), Hladik and Alber 
(2012) and Holisaz et al. (2016) proved that simulated evaluation 
criteria of topographic and hydrological parameters represent different 
accuracies in association with different scales and resolutions. In fact, it 
can be said that different scales and spatial resolutions represent 
different details and finally they lead to different outputs for the models. 
In this matter, Du et al. (2017), Mondal et al. (2017) and Siles et al. 
(2020) also argued that raster open source DEMs (i.e., SAR, SRTM, 
ASTER and CARTOSAT) showed acceptable performance to extract case 
study physiographic parameters. Recently, Moradi Dashtpagerdi et al. 
(2019) and Sadeghi et al. (2019) also verified that performance of 
various spatial resolutions from different sources represented different 
results in simulation of sedimentgraph and hydrograph components. 

4.3. Sensitivity analysis of landscape metrics and hydrograph components 

In resolutions of 5, 10, 20, and 30 m, there were high correlations 
between hydrograph components and landscape metrics. However, 

simulated time to peak and base time with the highest error also rep
resented higher correlation than the highest accuracy of simulated time 
to peak and base time. In fact, sensitivity of relationship between 
landscape metrics and flood volume and peak discharge influenced by 5, 
10, 20 and 30 m resolutions and consequently the best simulation. It can 
be said that relationship between landscape metrics and flood volume 
and peak discharge components depends on cluster with the highest 
accuracy of resolutions viz., 5, 10, 20, and 30 m. This is consistent with 
findings of Wu (2004) who showed that impacts of scaling relations on 
the landscape class level metrics were tangible. Plexida et al. (2014) also 
showed that the correlations between shape metrics and other metrics 
were not strong at any scale. Zhang et al. (2018) approved effectability 
of water quality indices from landscape metrics in different scales using 
regression models. In this matter, representation of more details in 
resolutions of 5, 10, 20, and 30 m (finer spatial resolutions) led to higher 
accuracy of hydrograph components and landscape metrics. This is 
comparable with findings of Claessens et al. (2005) who verified DEMs 
with finer resolutions represent more detail and consequently the more 
accuracy. In fact, the resolutions of 5, 10, 20, and 30 m had the best 
results to analyze spatial pattern (using NDCA and PD metrics) and also 
these spatial resolutions had the best results to simulate hydrograph 
components. Therefore, these resolutions played major role in NDCA 
and PD landscape metrics. It can be said also that adaption and consis
tency of the best simulated flood volume and peak discharge, and NDCA 
and PD landscape metrics due to same spatial resolutions led to a 
regression with high correlation. In this regard, Wu et al. (2002) showed 
there was acceptable correlation between different spatial resolutions 
and landscape metrics so that change in spatial resolution led to change 
in type of landscape metrics. Therefore, CA landscape metric had no 
sensitivity to spatial resolutions which were the best spatial resolution in 
simulation of hydrograph components. In this matter, sensitivity of NLSI 
landscape metric to spatial resolution for base time was similar to 
sensitivity of CA landscape metrics for time to peak so that NLSI also was 
not sensitive to resolutions. Beside these, sensitivity of flood volume and 
peak discharge related to landscape metrics was higher than those for 
time to peak and base time. Plexida et al. (2014) found also that Patch 
Cohesion Index (PCI) and Area-Weighted Mean Fractal Dimension Index 
(AWMFD) were suitable to analyze landscape metrics without effect
ability from the scale. Generally, various studies showed that change in 
landscape patterns due to change in spatial structure and configuration 
was significantly influenced by natural factors (Turner, 1990; Gustafson, 
1998; Déjeant-Pons, 2006). 

5. Conclusions remarks 

In this research, we evaluated impacts of DEMs with different sources 
and spatial resolutions to simulate hydrograph components based on 
storm event Clark’s IUH model. Also, the most accuracy of scale and 
spatial resolutions based on evaluation criteria were selected and then, 
relationships between landscape metrics and hydrograph components 
were modeled. The results showed that the optimal spatial resolutions to 
simulate hydrograph components related to 1:25000 contour line 
(vector scale) were selected 5, 10, 20 and 30 m and also the optimal 

Table 7 
Analyzed Landscape metrics based on vector scale and cell sizes of 5, 10, 20, 30, 
50, 100, and 200 m in the Galazchai Watershed, Iran.  

NO. Acronym Name Type Units 

1 TA Total area Area and edge 
metrics 

Ha 
2 TE Total edge % 
3 ED Edge density m/ha 
4 LPI Largest patch index % 
5 PAFRAC Perimeter-Area fractal 

dimension 
Shape metrics dimensionless 

6 AI Aggregation index Aggregation 
metrics 

% 
7 NLSI Normalized 

Landscape Shape 
Index 

dimensionless 

8 CLUMPY Clumpiness % 
9 IJI Interspersion 

juxtaposition index 
% 

10 COHESION Patch cohesion index dimensionless 
11 LSI Landscape shape 

index 
dimensionless 

12 MESH Effective mesh size Ha 
13 PD Patch density number/100 

ha 
14 NP Number of patches dimensionless 
15 PLADJ Proportion of like 

adjacencies 
% 

16 SPLIT Splitting Index dimensionless 
17 CA Core area Core area Ha 
18 CPLAND Core area percent of 

landscape 
% 

19 NDCA Number of disjunct 
core areas 

dimensionless 

20 DCAD Disjunct core area 
density 

number/100 
ha  

Table 8 
Characteristics of regression functions between landscape metrics variables and the highest and lowest accuracy of hydrograph components in the Galazchai 
Watershed, Iran  

Dependent variable Error Maximum No. of contribution of cell sizes Adjusted R2 Regression Beta Significant level 

Volume flood (m3) Low (the best cluster) 5, 10, 20 and 30  0.82 5263.27 + 0.876 NDCA Eq. (13)  0.92  0.003 
High (the worst cluster) 50, 100 and 200  – Not found  –  – 

Peak discharge (m3 s− 1) Low (the best cluster) 5, 10, 20 and 30  0.60 0.345 + 0.029 PD Eq. (14)  0.81  0.023 
High (the worst cluster) 50, 100 and 200  – Not found  –  – 

Time to peak (h) Low (the best cluster) 5, 10, 20 and 30  0.53 141.24-0.109 CA Eq. (15)  − 0.76  0.04 
High (the worst cluster) 50, 100 and 200  0.57 234.752-0.182 CA Eq. (16)  − 0.80  0.03 

Base time (h) Low (the best cluster) 5, 10, 20 and 30  0.51 15.028 + 0.393 NLSI Eq. (17)  0.75  0.045 
High (the worst cluster) 50, 100 and 200  0.50 26.501-5.157 NLSI Eq. (18)  − 0.76  0.046  
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resolutions to simulate hydrograph components related to DEM derived 
from ALOS (raster scale) were selected 5, 10, 20, 30 and 50 m. In this 
regard, although CE of vector scale were defined higher than CE of raster 
scale but significant difference between hydrograph components based 
on vector and raster was not observed. Therefore, it is crucial impor
tance that DEM derived from ALOS satellite is available and free and can 
be suitable alternative to 1:25000 contour lines for simulating hydro
logical model. On the other hand, we established relationships between 
hydrograph components and landscape metrics based on different 
spatial resolutions. Creating modelling relationships between landscape 
metrics and hydrograph simulated components considering the ambi
guities and complexity of effects of spatial resolution on this modelling 
was our other goal. So that finally, we can overcome on complexity of 
simulation of hydrological components through landscape metrics that 
were estimated based on only watershed landuse without need to other 
factors. In this matter, 5, 10, 20 and 30 m resolutions were defined 
optimal spatial resolutions for both the most compatible NDCA and PD 
landscape metrics and the most accuracy of simulated flood volume and 
peak discharge. According to this, strong relationship between flood 
volume and peak discharge with NDCA and PD based on 5, 10, 20 and 
30 m was established. Indeed, relationship between flood volume and 
peak discharge with landscape metrics based on 50, 100, and 200 m was 
not established so that showed there was not any regression equation 
between landscape metrics and the lowest accuracy of simulated flood 
volume and peak discharge. On the other hand, sensitivity of modeling 
between landscape metrics and times (time to peak and base time) was 
complex and the regression relationships were established for both the 
highest and lowest accuracy of times with CA and NLSI landscape 
metrics. In this regard, the findings showed times regression relation
ships (time to peak and base time) had same sensitivity to different 
spatial resolutions and relationship between times and landscape met
rics could not be influenced by spatial resolution. Modeling times with 
landscape metrics showed these components had acceptable correlation 
with both finer and coarser resolutions viz., 5, 10, 20, 30, 50, 100, and 
200 m. Although landscape metrics for modeling time to peak and base 
time based on the best and worst spatial resolutions were same but 
regression coefficients were different. In fact, we approved that verifi
cation of modeling relationship between hydrograph components and 
landscape metrics based on optimal spatial resolutions for flood volume 
and peak discharge is acceptable so that represented regression can 
predict the most accuracy of flood volume and peak discharge. On the 
other hand, represented regression relationship between times with 
landscape metrics could not represent the best simulated time to peak 
and base time because of there were acceptable regression for both the 
best and worst simulated times. Therefore, it is necessary that re
searchers must represent regression equation which in turn lead to 
predict the most accuracy of hydrograph components based on the 
optimal spatial resolutions. In the long run, we suggest that modeling 
relationship between landscape metrics and hydrograph components 
without considering to accuracy of spatial resolutions on input maps can 
fake analysis of results out. It is vital for the managers and policy makers 
who are supposed to invest time and money for getting the most reliable, 
precise, and detailed information and data while bearing the least cost. 
It is obvious that some of the results of such studies are local and even 
time specific but the general findings of the results may certainly narrow 
the field of endeavors and remove divergences in hydrologic studies as 
far as spatial resolutions and scale are concerned. 
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