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Abstract  1 

Identification of the spatial distribution of ephemeral, intermittent and perennial channel 2 

networks over large ungauged basins in semi-arid regions is an important step for 3 

hydrodynamic simulation, landscape evolution and riparian vegetation dynamics, and 4 

calibration of watershed models. This paper describes an automated method for detection 5 

of stream channels and their classification into ephemeral, intermittent and perennial 6 

reaches using ASTER Level 1B remote sensing data. The methodology involves 7 

calculation of normalized difference water index map of the area of interest followed by 8 

bi-level uni-modal thresholding to obtain the wet channel network. This step is repeated 9 

over a registered set of multi-temporal images followed by application of a change-10 

detection algorithm to obtain a classified map of the channel network with reaches of 11 

different water retention time scales.  12 

Keywords: Normalized Difference Water Index; automated image thresholding; 13 

Ephemeral channels; remote sensing; change detection; hydrology. 14 

 15 

1. Introduction 16 

Remotely-sensed spatio-temporal classification of river networks according to the 17 

water retention time scale associated with each perennial, intermittent or ephemeral 18 

channel reach can provide an important tool for eco-hydrologic analysis and modeling. 19 

This channel reach classification into perennial, intermittent or ephemeral reaches (PIE) 20 

has traditionally been used to characterize or describe the conditions for: surface-21 

groundwater interaction (Michaelides et. al., 2002), the riparian vegetation growth and 22 
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redistribution (Rood et. al., 2003), channel geomorphologic changes (Canfield et. al. 1 

2005), and aquatic life support (Rosario and Resh, 2000). In semi-arid regions of the 2 

American southwest, which is largely unguaged and where intermittent and ephemeral 3 

reaches are the primary surface hydrologic features, it is important to identify the spatial 4 

distribution of PIE for proper accounting of spatially distributed water budgets and 5 

understanding of ecological and geo-morphological interaction between channel and its 6 

surroundings. Spatial PIE maps in unguaged basins are particularly useful as a “control 7 

base map” for verification of distributed hydrologic models. 8 

The local hydrodynamic interactions between channel and the aquifer are different 9 

within each PIE category. Transmission losses from an ephemeral channel to deep water 10 

table are often a rapid transient process produced by an infiltration impulse from a 11 

convective storm (Besbes et al., 1978; Freyberg, 1983; Razzak and Seytoux, 1983). 12 

Losses or gains in a perennial channel reach are generally more slowly varying or even 13 

quasi-steady in larger perennial rivers. Existence of a particular type of stream reach is 14 

controlled by the local hydrogeology, ground and bedrock topography and its location in 15 

regional groundwater flow field (Toth, 1962). In, the semi-arid basins of southwest such 16 

as the Rio Grande valley of central New Mexico, perennial channels may exist at high 17 

elevation where the runoff ratio (R/P) tends to be high due to orographic effects. At lower 18 

elevation R/P is very low and channel reaches are either intermittent or ephemeral. Using 19 

the definitions of the USGS, perennial river-reaches support flow round the year, 20 

intermittent streams are seasonal and ephemeral streams flow only in direct response to 21 

precipitation (USGS, 2008). At all elevations the water table plays a key role. During the 22 

summer monsoon, intermittent stream may gain water from the aquifer while drying and 23 



 

 4

losing water and flow when the water table drops below the stream bed. Intermittent wet 1 

patches in the dried channel network can also exist due to hydrogeologic anomaly in the 2 

river bed due to clay lenses, reduced aquifer thicknesses (Sahuquillo, 2004) or where 3 

shallow bed rock - caused by faulting or uplift - limits the depth of groundwater storage. 4 

Taken together PIE classification can help to determine the time scale and thus the 5 

processes creating streamflow in complex river networks of the southwest US.   6 

 High resolution spatio-temporal data obtained from remote sensing has emerged as 7 

an important resource in the mapping of fluvial systems and fluvial networks (Mertes, 8 

2002), and this is particularly true in ungaged basins. This study focuses on an automated 9 

technique to process remotely sensed images for identification of channel reaches with 10 

different time scales. In the first step, a categorical image depicting the regions in the 11 

channel reaches that are wet or dry at any one point in time is obtained. The next step 12 

involves using a temporally distributed series of such categorical images to perform pixel-13 

wise change detection. Information fusion from change detection results is used to finally 14 

generate a classification map of the channel reaches based on their varied time scales.  The 15 

obtained classified map has been validated using a conceptual geo-topographic framework 16 

and a steady state distributed hydrologic model simulation. 17 

 18 

2. Study Area 19 

The study has been conducted in lower semi-arid Rio Salado (drainage area = 3575 20 

km2) basin around Sevilleta Long Term Ecological (Sevilleta LTER) research station in 21 

New Mexico. Perennial and Intermittent reaches in Rio Salado are the primary source of 22 

ground water recharge in this watershed. The Rio Salado also has a very large sediment 23 
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contribution to the Rio Grande (Simcox, 1983). Near the Rio Grande riparian corridor,  1 

the Rio Salado crosses a Long Term Ecological Research station (http://sev.lternet.edu/)  2 

dedicated to understanding riparian dynamics in a semi-arid region (Beeson and Duffy, 3 

2004; Wyckoff et. al., 2004; Vivoni et. al., 2005; Passel et. al., 2003 and Winter et. al., 4 

2005). The main source of streamflow in the Rio Salado is due to summer thunderstorms 5 

and to a lesser degree winter precipitation. Historical daily stream flow measurements at 6 

San Acacia (a USGS gauging station, ID = 08354000) on Rio Salado suggests that Rio 7 

Salado flows for an average of only 10.6% days of the year. The stream is typically wet 8 

or flowing only during the months of July, August and September. Fig. 1 shows the daily 9 

streamflow and the percentage of time for which the stream remains dry each month. The 10 

geographical extent of the area (of size 1150 km2) is shown in Fig. 2.  11 

 12 

3. Data 13 

Remotely sensed data obtained by the Advanced Spaceborne Thermal Emission and 14 

Reflection Radiometer (ASTER) on board NASA’s Terra spacecraft has been used in this 15 

study. ASTER covers a wide spectral region with 14 bands from the visible to the thermal 16 

infrared with high spatial, spectral and radiometric resolution. The spatial resolution 17 

varies with wavelength: 15 m in the visible and near-infrared (VNIR), 30 m in the short 18 

wave infrared (SWIR), and 90 m in the thermal infrared (TIR). Each ASTER scene 19 

covers an area of 60 x 60 km. Detailed descriptions about ASTER data can be found in 20 

Fujisada et. al. (1998). ASTER level 1b data (which is radiometrically and geometrically 21 

corrected) was obtained from http://edcimswww.cr.usgs.gov/pub/imswelcome/. The 22 

multispectral nature and high spatial and temporal resolution of the ASTER data is 23 
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reasonably suited for the surface feature identification, image classification and 1 

interpretations used in this study (Jinlong et. al., 2003). The strategy proposed in this 2 

paper is generic and can be applied to data from other Earth Observing Satellites (EOS) 3 

multispectral sensors like MODIS. However, it should be mentioned that we expect that 4 

results could be improved if data with higher spatio-temporal resolution were available.  5 

Fig. 2 shows a false colored composite of the area of interest used in the present study. 6 

We note that only cloud-free cotemporaneous data have been used in this analysis.  7 

 8 

4. Approach 9 

The multi-step automated strategy applied in this study is depicted in Fig. 3. The 10 

primary step is image rectification to correct the geometric distortions arising during 11 

acquisition process such as due to platform instability and viewing geometry. The step is 12 

particularly important when multi-temporal images need to be compared on per-pixel 13 

basis to track changes.  14 

4.1. Image Rectification 15 

ASTER Level-1B data has embedded metadata with geo-registration details 16 

which include: map projection, datum, rotation angle and cell size. However, we observe 17 

that a shift as large as 500m in X-direction and 50m in Y-direction exists between 18 

georegistered multi-temporal images. The error is pointed out (as a red dot) in a 19 

representative co-registered set of images in Fig. 4. This geometric error is mainly 20 

because of nutation and error in referencing of earth ellipsoid (NASA-EOS team, email 21 

communication, 2005). This unsystematic error is corrected by performing rectification, 22 

geocoding and warping (Pratt, 1991) using ground control points (GCPs). These GCPs 23 
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are matched to the true coordinates on the ground by computing a transformation matrix 1 

followed by resampling. Nearest-neighbor resampling strategy is used so as to not 2 

introduce any new pixels.  3 

4.2 Image Processing  4 

 Using the geo-registered multitemporal images, wetness of each pixel is evaluated 5 

by calculating a normalized difference water index map (NDWI).  6 

4.2.1. Normalized Difference Water Index 7 

NDWI (Gao, 1996) is a quantitative measure of liquid water content (Jackson et. al., 8 

2003) and is defined by 9 





SWIRNIR

NIRSWIR

RR

RR
NDWI    (1) 10 

where SWIRR  and NIRR  is the reflectance in a short wave infrared wavelength and near 11 

infrared wavelength channels respectively and   is a small number to avoid 12 

indeterminate (denominator equal to zero) calculations. The index was first used for 13 

Landsat TM/ETM+ data where NIRR  and SWIRR  correspond to bands 4 (0.78 – 0.90 m ) 14 

and 5(1.55 – 1.75 m )  respectively. Buhe et. al., 2004 used the same index to map 15 

moisture distribution in the watershed using ASTER Level 1B data. The NIRR  and SWIRR  16 

bands used in ASTER NDWI calculation are bands 3N (0.78 – 0.86 m ) and 6 (2.185 – 17 

2.225 m ). We note that the spatial resolution of band 3N and band 6 are 15m and 30m 18 

respectively. Band 6 is resampled to 15m resolution. Though this step does not add any 19 

extra information to band 6, it does leaves band 3N at its original finer resolution during 20 

further processing. The NDWI values can be easily interpreted from the spectral 21 

signature of common land-cover types depicted in Fig. 5. Notably, there is a significant 22 
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difference in the percentage reflectance level of green vegetation at wavelengths 1 

corresponding to the two bands in consideration. On the other hand the difference in the 2 

reflectance in bands 3N and 6 is far smaller for water and bare soil with respect to that for 3 

vegetation. NDWI for wet regions on the ground (channels or lake) have smaller 4 

(positive) values relative to the background. Characteristic NDWI for vegetated regions is 5 

large negative values. The NDWI map obtained is renormalized from 0 to 1. Areas in the 6 

scene with higher water content will have values closer to 1. Next we perform the 7 

automated image classification for wet and dry pixel sets.  8 

4.2.2 Automated Thresholding 9 

Multispectral digital classification (Zhu and Blumberg, 2002; Aynekulu et. al., 2008), 10 

where an image scene is divided into a number of groups each representing a particular 11 

land-cover type on the ground, is carried out using supervised, unsupervised or hybrid 12 

classifiers (Schowengerdt, 1983; Lillesand, 1987). Supervised classification methods 13 

such as maximum-likelihood classifier need ground truth information (Strahler, 1980) 14 

and are based on the assumption of normality for pixel distribution in classes. 15 

Unsupervised methods like k-means clustering are semi-automated and need smaller a 16 

degree of user input to classify the images. Here we use an automated and efficient 17 

histogram-based, bi-level thresholding algorithm to segment the NDWI image into wet 18 

and dry pixels.  19 

The thresholding technique automatically selects an optimal pixel value for 20 

separating objects of interest in an image from the background based on the frequency 21 

distribution of pixels in the image. Most of the existing thresholding techniques use the 22 

histogram of the image to select a good threshold. The histogram of an image is the 23 

frequency distribution of grey levels in that image. If in the image the objects have 24 
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significantly different grey values from the background, the histogram will exhibit two 1 

different peaks with a valley in-between. Such a histogram is called a bimodal histogram 2 

and the determination of a suitable threshold value is a relatively simple matter. Several 3 

threshold selection methods including those based on entropy (Kapur et. al., 1985; Pun, 4 

1980; Dizenzo et. al., 1998), moment preservation (Tsai, 1985) and error minimization 5 

(Kittler and Illingworth, 1986; Chan et. al., 1998) are found to work best for the cases 6 

with distinct modes in image intensity histogram. Incidentally, the NDWI maps obtained 7 

from the previous step produces a histogram where one of the modes is much larger than 8 

the other and its contribution effectively stymies the other class, resulting in a unimodal 9 

histogram. The large peak obtained in the unimodal histogram is because of the 10 

background response from classes such as a fairly vegetated or a bare soil. This uni-11 

modality of the histogram however poses difficulty in selection of threshold. 12 

 For bi-level segmentation of NDWI images, a unimodal thresholding algorithm is 13 

needed. A number of unimodal thresholding algorithms like LMedS method, Poisson 14 

method, Connectivity method and Corner method (Gorman, 1994; Rosin, 1999) have 15 

been investigated by Rosin et. al., (2000).  For this study, a unimodal thresholding 16 

technique by Rosin, 2001 which is more robust and accurate is employed. This algorithm 17 

assumes that there is only one relatively large peak. A straight line is drawn from the 18 

peak of the histogram to its end. The selected threshold pixel value is the one that 19 

maximizes the perpendicular distance between the line joining peak and end of the 20 

histogram to the histogram itself. The perpendicular distance from any pixel value on the 21 

histogram location (xi, yi) to the line ),(),( 2211 yxyx  is given by:  22 
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 2 

The value of xi for which the distance di is maximum is the required threshold. Threshold 3 

calculation of an image scene (AST_L1B_003_06162002175757_07052002124606) is 4 

shown in Fig. 6. This threshold divides the image into two classes. The resulting 5 

segmented image for ASTER scene 6 

(AST_L1B_003_06162002175757_07052002124606) is shown in Fig. 7. Note that the 7 

two classes obtained by thresholding are a “dry” class which corresponds to areas below 8 

threshold and a “wet-water” class corresponding to the regions which are above threshold 9 

value. The “wet-water” class contains both the wet pixels and the watered pixels. Fig. 7 10 

shows the wet-water class. For visual interpretation only have we divided the wet-water 11 

class into two clusters using a Jenk’s optimal segmentation algorithm (Coulson, 1987 and 12 

Jenks, 1977). As expected, water pixels form linear features for the most part correspond 13 

to stream channels. We note that a large, relatively wet region is observed in the scene 14 

shown in Fig. 7, which is in part due to a convective precipitation event that happened a 15 

day before the scene was taken. The wet pixels also include pixels with temporary 16 

ponding and near-surface ground water along smaller tributaries and gullies that are wet 17 

for limited period after the large storm. Such wet regions show up as narrow dotted linear 18 

features in Silver Creek, Popotosa Canada and Jencia Creek. The wet region lying along 19 

the Rio Grande to its western side in the lower half of Fig. 7 represents irrigation 20 

diversions, channels and drains in agricultural land.  21 

 Next we focus on the water retention time scales and classification of stream 22 

reaches within the Rio Salado channel network.  23 
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4.3. Delineation of Stream Network from Digital Elevation Model (DEM) 1 

Flow network delineation in a watershed is a standard DEM processing step 2 

which is based on finding the direction of maximum slope for each DEM cell. The flow 3 

direction information is used to derive all the upstream cells that contribute flow to a 4 

particular cell. Cells with a large flow accumulation (support) value denote the streams. 5 

Several methods exist to extract a drainage network from the flow accumulation (O’ 6 

Callaghan and Mark (1984), Quinn et. al., 1991; Tarboton, 1997). Here we use what is 7 

referred to as the D8 algorithm to obtain the drainage network (Tarboton, 1997).  8 

Along each possible stream reach candidate, a buffer area of 100 m on the either 9 

side is identified (shown in Fig. 7). This limits the analysis to those regions of the 10 

thresholded NDWI map which are candidates for further study (e.g. likely channels). 11 

Next we detect changes in wet-dry pixels over time, and trace the pixels that remain 12 

dry/wet all the time or for a shorter period.  13 

4.4. Change Detection 14 

 Comparison of two or more than two satellite images acquired at different times 15 

can be used to evaluate the changes on the ground. Several studies on change detection 16 

for environmental monitoring have been carried out (Zoran and Anderson, 2006; Singh, 17 

1989; Jensen, 1996; Rynzar and Wagner, 2001). The two common change detection 18 

approaches are – a) “pre-classification” and “post-classification”. The first approach 19 

involves simultaneous analysis of multi-temporal images to find the differences in 20 

spectral reflectance with time. This method assumes that the changes in spectral values in 21 

the multi-temporal images are due to the changes on the ground. However, these changes 22 

can also be because of variations in atmospheric conditions when the images are taken, or 23 
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because of variations in solar illumination angles or sensor calibration trends. So the 1 

multi-temporal satellite images are normalized radiometrically to a common radiometric 2 

level before any further processing is performed on them (Du et. al., 2001). This is 3 

followed by thresholding to mark the regions which actually underwent significant 4 

changes (Eastman and Mackendry, 1994).  The second approach avoids the problems 5 

associated with radiometric correction by tracking changes in the sequence of image 6 

which are already categorical in nature, like the ones which have been obtained by 7 

thresholding in Section 4.2. Thresholded images are categorical as they are divided into 8 

two categories viz. “wet-water’ and “dry”.  The latter approach avoids any need for 9 

image renormalization. 10 

 Categorical image change detection involves tracking the change in each pixel 11 

over different periods.  12 

4.5. Information fusion 13 

Change-detected information for each categorical image with respect to the base 14 

image is documented and fused to form a final classified map. The flow chart in Fig. 8 15 

depicts the fusion strategy. If   a water pixel changes to a dry pixel or a dry pixel changes 16 

to a water pixel, it is marked “Intermittent”. If the water pixels don’t undergo change, 17 

they are marked “perennial” and if the “dry” pixels don’t undergo any change, they are 18 

marked “ephemeral”. “Ephemeral” regions in the channel respond fast to storms and they 19 

dry off quickly too because of infiltration and evaporation. We note that most pixels 20 

appear to be dry in most of the images. This behavior is characteristic of this region, as 21 

most of the higher order streams are ephemeral. We also note that the cloud-free images 22 

used in this study didn’t have a precipitation event within 24 hours of the image 23 
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acquisition. The final fused map showing intermittent and perennial regions are shown in 1 

Fig. 9(b).   2 

 3 

5. Results 4 

The final classified map according to three different time scales is shown in Fig. 10. Here 5 

we have only geocoded the classified information obtained in previous section to the 6 

stream network. Although we have a limited number of cloud-free remotely sensed 7 

images available to test the multi-temporal change detection, the results still produce a 8 

reasonable fused map and a product suitable for application to model and process studies. 9 

From Fig. 10, we see that most of the reaches in the main channel, upper Rio-Grande, has 10 

larger time scales as it is filled with water all the year round. However its tributary, the 11 

Rio Salado is ephemeral in most regions. Next we validate our results with ancillary 12 

hydro-geologic information, historical data, and hydrologic modeling. We identify four 13 

different reaches (inside square boxes) on Rio Salado (shown in Fig. 10). Reach 4 is 14 

ephemeral while reach 1, 2 and 3 are intermittent/ ephemeral. The spatial distribution is 15 

validated using two approaches: 16 

5.1. Qualitative Validation  17 

We observe that the distribution of water retention time scale in the river reach 18 

correlates to the geologic structure along Rio Salado, which is shown in Fig. 11. At 19 

region 1 and region 2 and 3, the impermeable crystalline bedrock and impermeable 20 

volcanic rocks respectively are shallow. This reduces the aquifer storage depth and 21 

supports “ponding”.  The low infiltration rate of the shallow bedrock prevents leakage of 22 
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water. In comparison to that, region 4 falls in the alluvium sediment region where water 1 

infiltrates fast after storms letting this channel section dry.  2 

5.2. Quantitative Validation 3 

 A steady state distributed model simulation of Rio Salado Watershed using 4 

ModHMS model (Panday and Huyakorn, 2004; Beeson, 2008) was performed. The 5 

steady state model provides a long term hydrologic water balance within the watershed, 6 

as well as the average surface water depths. The long-term average net recharge of 0.5 7 

inches/day obtained from various locations (NCDC COOP stations) in the vicinity of the 8 

watershed was uniformly applied. Simulated head in the channel network shows 9 

distributed pattern of wet and dry reaches as shown in Fig. 12. Comparing Fig. 12 and 10, 10 

we observe that the spatial distribution of ephemeral/intermittent spots obtained from 11 

thresholding and change detection of remote sensing images closely resemble the wet 12 

reaches obtained from steady state simulations. We note that the model simulation was 13 

performed only for lower Rio Salado.  14 

 15 

6. Conclusions 16 

An automated procedure for classification of channel network into regions with different 17 

time scale of water retention is implemented.  Multi-temporal data set is georegistered 18 

and then automatic uni-modal thresholding is performed to obtain the regions which are 19 

wet and dry. Using a buffer around the stream reaches, an area of the watershed that is 20 

used for change detection is selected. Change detection in the multi-temporal thresholded 21 

images with respect to a base image is derived. Information regarding this change is 22 

fused to obtain a classified map of the drainage network showing regions with different 23 
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time scales. The results are validated using a conceptual geologic network and steady 1 

state ModHMS model simulation (Beeson, 2008). 2 

 3 
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Fig. 1: Streamflow time series at Rio Salado near San Acacia (USGS Station ID: 
08354000). On daily basis, the stream remains dry 89 % of the year.  
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Fig. 2: False colored composite of the area of interest in Upper Rio Grande River basin 
using bands 3N (0.78-0.86 m ), 2 ( 0.63-0.69 m ) and 1 (0.52-0.6 m ) of ASTER level 
1-B product. Coordinate system: UTM. 
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Fig. 3:  Flowchart depicting the sequence of steps implemented in the proposed 
methodology 

ASTER Level-1B dataset 
(14 bands) 
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Change detection  
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scene 
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Fig 4: Geometric displacement between two image pairs viz. AST_L1B_003_ 
07192000181741_05132003042026 and AST_L1B_003_04262001180635_ 
01302004133658 is evident even when ASTER level 1B georegistration metadata is 
used. Red dot shows the corner of the same artificial channel in the image pair. 
Coordinate value of the red dot in either of the images is shown in “Cursor 
Location/Value” window.  
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Fig. 5: Spectral signature of some common land cover types along with shaded window 
depicting the band width band # 3N and 6 respectively of ASTER Level 1B product. 
Modified from http://geog.hkbu.edu.hk/virtuallabs/rs/env_backgr_refl.htm.  
 
 
 
 
  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Band 3N 

Band 6 



 

 26

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 6: Unimodal Thresholding applied to an NDWI map obtained from 
AST_L1B_003_06162002175757_07052002124606. Note that (x1,y1) and (x2,y2) are the 
extremes used in eqn (2). Threshold value obtained for this image is 164 
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Fig. 7: Bi-level segmented image for image AST_L1B_003_06162002175757_ 
07052002124606. Threshold selected using automated thresholding algorithm was 164. 
Linear polygonized layer overlaid on the segmented image are the regions with high 
probability of existence of flow network obtained from DEM (as described in section IV-
d).  
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Fig. 8: Information regarding change of a pixel’s status (wet or dry) with time is used to 
categorize a pixel as ephemeral, intermittent or perennial. The decision process is 
depicted in this graphic.  
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Fig. 9(a): Change detection is performed on multi-temporal thresholded images. Shown 
above is a pyramid of segmented maps belonging to different months. b) Information 
about the tracked changes is fused to form a final classified map. 
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Fig. 10: A qualitative classified channel network depicting the regions with relatively 
different times scales.  
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Fig. 11: Geologic structure along a Rio-Salado transect (Modified from Beeson and 
Duffy, 2004). 
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Fig. 12: Wet-dry areas obtained from steady-state simulation of Rio-Salado basin using 
ModHMS (Beeson, 2008) 
 


