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Mapping Impervious Cover Using Multi-Temporal
MODIS NDVI Data
Joseph Knight and Margaret Voth

Abstract—Mapping impervious surfaces over regional or continental scale study areas with high spatial resolution imagery
is difficult due to the cost and time involved in processing the
large number of images required. This study investigated the
benefits of using the coarse spatial resolution, high temporal
resolution MODIS sensor to produce impervious surface maps.
MODIS NDVI data for multiple years were analyzed with two
multi-temporal image analysis methods: the Sequential Maximum
Angle Convex Cone and Linear Spectral Unmixing. Impervious
surface maps were generated and compared with a set of reference
data and a Landsat-derived impervious cover map. The mapping
accuracies for the algorithms used were generally good, particularly for the LSU approach, which was able to identify areas
with 50–60% impervious cover at 77% accuracy and areas with a
cumulative impervious cover of 50% or greater at 80% accuracy.
The methods presented in this paper have potential for mapping
impervious cover over large areas where the use of higher spatial
resolution data is impracticable.
Index Terms—Image processing, land cover, remote sensing.

I. INTRODUCTION
AND USE and Land Cover (LULC) maps derived from
remotely sensed data are a valuable source of information about the status and trends of natural and anthropogenic
impacts on the Earth. Multi-temporal remote sensing is proving
to be a powerful tool for many assessment applications such as
wetlands mapping [9], forest speciation [19], fire risk prediction
[26], snow cover mapping [27], urban planning [6], and impervious surface mapping [5]. An important element drawn from
LULC data is the amount of impervious surface present in an
area. Impervious surface extents must be accounted for in many
modeling applications, including hydrologic models of urban
runoff and storm flow [13], [23], water quality monitoring [2],
and studies of the urban heat island effect [1], [31].
Incorporating impervious surface estimates in regional or
continental scale models is particularly challenging due to the
tradeoff between the spatial resolution of the remotely sensed
images used to map impervious surfaces and the cost and
usability the resulting image data set. Landsat images have
frequently been used to map impervious surfaces (e.g., [30]),
but such imagery is difficult to acquire and process for large
study areas. While not providing a comparable spatial resolution, the higher temporal resolution of the 250 meter MODIS
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sensor may allow for the computation of impervious surface
estimates using sub-pixel information extraction [8]. This study
evaluated the use of multi-temporal MODIS NDVI images to
map impervious surfaces in a major metropolitan area.
II. STUDY AREA
This study was conducted in the Twin Cities Metropolitan
Area (TCMA) of Minnesota, which surrounds the cities of
Minneapolis and St. Paul and includes the counties of Anoka,
Carver, Dakota, Hennepin, Ramsey, Scott, and Washington
(Fig. 1). The TCMA is contained within the Temperate Deciduous Forest Biome, which is characterized by gently rolling
topography, many lakes and rivers, a predominance of broadleaf
deciduous trees such as oak and maple, and average annual
values for temperature of 4–7 degrees Celsius, rainfall of 16–18
inches, and growing season of 100–130 days (Minnesota Department of Natural Resources [20]). The study area contains
a wide variety of LULC types, including high density urban,
suburban, urban fringe, forest, wetlands, and agriculture. The
7700 km TCMA is dominated by the eponymous Twin Cities
of Minneapolis and St. Paul, which have fueled significant population growth and urbanization in recent years. Between 1990
and 2000 the area’s population grew by 16%, and from 2000
and 2007 the growth rate was 8% to 2.85 million people [18].
Such varied LULC types and rapid growth make the TCMA
a suitable area for evaluating impervious surface mapping
techniques.
III. METHODS
Moderate Resolution Imaging Spectroradiometer (MODIS)
Normalized Difference Vegetation Index (NDVI) data for
2004–2007 acquired by the National Aeronautics and Space
Administration’s (NASA) Terra satellite were obtained from
the Warehouse Inventory Search Tool (WIST). These 250 meter
spatial resolution NDVI datasets, referred to by the product
name MOD13Q1, are created from BRDF corrected input
images and provide a measure of the vegetative composition
of each image pixel over a 16 day compositing period. The
MOD13Q1 product is described as having approximately 0.5
pixel positional accuracy [21]. This accuracy estimate was
confirmed in previous work [17]. In the research presented
herein we have assumed that MODIS pixels represent the same
ground area on each date. The NDVI values are influenced by
vegetation type, amount, and vigor. A temporal profile of NDVI
values is strongly representative of vegetation phenology, or
interannual cycle.
This four year MODIS data set consisted of 92 individual images. The images were reprojected, clipped to the study area,
and stacked using custom software. The stacked four year time
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Fig. 1. The Twin Cities Metropolitan Area (figure by Yuan and Bauer [31], used with permission).

series data were then corrected using the Filter/Clean approach
described in Lunetta et al. [17]. In brief, this process first examines the NASA-supplied MODIS Quality Assurance (QA)
flags and removes pixel values with a QA level below “Acceptable.” Next, obviously erroneous pixel values are removed. For
example, if the NDVI value for a pixel drops significantly on
one composite date and then returns to its previous value in the
next date, the low value is assumed to be erroneous. Finally,
new values for the removed low quality and erroneous pixels
were interpolated using nonlinear deconvolution. The result of
this process was a time series stack that more accurately represented the vegetation phenology signal present in each pixel.
The cleaned MODIS NDVI time series was analyzed using four
approaches: a simple band threshold, the SMACC algorithm,
and Linear Spectral Unmixing applied to the full four year stack
and a two year stack. Each of these methods is described below.
Band Threshold: Based on the assumption that pixels with
relatively low NDVI values in the summer months would likely
have some impervious surface composition, the MODIS NDVI

image composite for July 14, 2005 was used to threshold the
image. This date was chosen because it is typically near peak
greenness in the TCMA and because the atmospheric conditions at that time were particularly good, allowing for confidence that the NDVI value recorded by MODIS are representative. An empirically determined NDVI value of 0.4 represented
the threshold between high and low vegetation pixels. Areas
with NDVI values less than or equal to 0.4 were set aside as
likely to be partially or fully impervious. This method was intended to serve as a baseline for comparison with the more sophisticated multi-temporal techniques described below.
SMACC: A two year NDVI stack (2004–05 only) was
analyzed using the Sequential Maximum Angle Convex Cone
(SMACC) algorithm [11], [12]. SMACC is an endmember
extraction algorithm typically used with hyperspectral data that
works by identifying an initial image endmember and then sequentially finding additional endmembers that have maximally
divergent spectral angles from existing endmembers. Ten image
endmembers were extracted from the MODIS image stack.
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The endmembers were assessed for their correspondence to LC
classes of interest. One of the endmembers was found to be
strongly representative of impervious surfaces. Nonzero values
of this endmember were used to mask the study area into an
impervious surface map.
Linear Spectral Unmixing (Two Years): The Linear Spectral
Unmixing (LSU) algorithm treats each pixel as a linear combination of its constituent LULC classes, and that the relative
contributions of each of those classes can be determined by “unmixing” the pixel using a spectral library containing “pure” examples of those LULC classes [22]. The normal work flow when
using LSU with hyperspectral or multi-temporal data sets is to
first perform a “whitening” procedure in which the noise signal
present in the image is transformed to have unit variance and no
band to band correlations [10], [4]. Algorithms typically used
for noise whitening are Principal Components Analysis (PCA)
and Minimum Noise Fraction (MNF) [14]. The coherent, theoretically noise free, bands produced by the whitening procedure
are then used in further analyses such as LSU. Contrary to results reported by others (e.g., [15], [16], [24], [25], [29]), the use
of noise whitening procedures on the TCMA NDVI data set resulted in a substantial decrease in impervious surface mapping
accuracy. Therefore, the original unwhitened NDVI stack was
used in the LSU analysis. It is likely that, in this case, the impervious surface signal was not distinct enough to be identified
by the whitening algorithms as an important image component.
The spectral library used in the LSU analysis was composed
of image endmember pixels identified manually as representing
the cover types of interest. Initially, an attempt was made to select endmembers representing all of the LULC classes present
in the study area, including impervious surface, agriculture,
forests, water, etc. The performance of the LSU algorithm in
identifying impervious surfaces using such a spectral library
was unexpectedly poor. Simplifying the spectral library to
include only the most distinct LULC classes greatly improved
the mapping accuracy—so much so that the final library used
in the LSU analysis contained only two endmembers: a pure
impervious pixel and a pure deciduous forest pixel. The LSU
algorithm therefore treated all of the image pixels as linear mixtures of impervious surface and vegetation exhibiting a strong
phenological signal. The resulting endmember abundance maps
show the fraction of impervious and vegetation for each pixel
in the study area. The impervious endmember abundance map
was used to produce the impervious surface maps described
below.
Linear Spectral Unmixing (Four Years): The LSU experiment described above was repeated with four years of NDVI
data, 2004–2007. The same image pixels were used to construct
the four year spectral libraries as were used in the two year
method. The purpose of repeating LSU with four years was to
determine whether including additional temporal data would result in improved unmixing results.
Accuracy Assessment: Arguably the most important step in
any LULC project is the creation of a reference data set with
which to assess the accuracy of the maps produced [7]. A complicating factor in assessing the accuracy of a classification derived from 250 m image data was the disparity between the
image pixel size and the average patch size of the landscape. Be-
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Fig. 2. Random reference sample distribution in the TCMA.

cause the TCMA is quite heterogeneous at the 250 m scale, a reference data set that provided sub-pixel LULC information was
required. In this study, the impervious surface mapping accuracy
of each method was assessed using a reference data set created
from 0.6 m color infrared aerial orthophotos acquired April 8,
13, and 14, 2005. The positional accuracy of these orthophotos
is estimated to be 33.3 feet at 1:12 000 scale. For each of 1000
randomly selected MODIS pixels in the study area (Fig. 2),
the areal percentages of twelve LULC classes, including impervious surface, were estimated using a 100 point dot grid superimposed upon the high resolution reference images. A trained
analyst counted the number of dots appearing over each LULC
class and recorded the values. To avoid inter-interpreter variation in these values, one analyst assessed all 1000 samples.
This procedure provided sub-pixel LULC data for the reference
MODIS pixels.
A separate validation of the impervious mapping results
involved comparison with an impervious map derived from
Landsat data by Yuan et al. [30]. The Landsat map was assessed
using the reference dataset described above, with the Landsat
map’s mean pixel value compared with the 250 meter reference
impervious percent value.
IV. RESULTS AND DISCUSSION
The accuracy assessments results for the methods described
above are presented in Tables I–VI. Impervious surface maps
for each method are shown in Fig. 3. The accuracies of the impervious surface maps are presented in two ways: first, the accuracy in specified ranges of percent impervious surface as determined from the reference data (e.g., there were 10 reference
pixels having impervious cover in the range of 71–80%), and
second, the cumulative accuracy for impervious surface thresh-
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Fig. 3. (a) Impervious cover maps for band threshold. (b) SMACC, (c) four year LSU, (d) two year LSU, and (e) Landsat.
TABLE I
ACCURACY OF IMPERVIOUS SURFACE MAPPING: BAND THRESHOLD

TABLE II
ACCURACY OF IMPERVIOUS SURFACE MAPPING: SMACC

olds (e.g., there were 36 reference pixels having greater than
60% impervious cover).
The band threshold method (Table I) exhibited relatively poor
performance. This method was able to identify pixels with a
very high concentration of impervious surface but as the percent
impervious cover decreased the accuracy dropped dramatically.
Such a result was not unexpected, given the simplicity of the
method, and serves to illustrate the usefulness of multi-temporal
techniques. The band threshold map in Fig. 3(a) [as compared to
the Landsat map in Fig. 3(e)] confirms that the threshold method
identified only areas of relatively high impervious concentration
such as the downtowns of Minneapolis and St. Paul and more
developed surrounding areas.
The SMACC results are given in Table II. Like the band
threshold method, the fully automated SMACC algorithm per-

formed acceptably well when impervious concentrations were
high but decreased in accuracy as percent impervious cover decreased. These results can be explained by the statistical underpinnings of the algorithm. The SMACC method is based on
the Spectral Angle Mapper, which compares the angles formed
between the automatically selected reference endmembers and
the image pixel spectra, treating them as vectors in multidimensional space. As a correlative measure that does not distinguish
between positive and negative correlations in the data, the SAM
lacks the discriminatory power of algorithms such as LSU. Like
the band threshold method, SMACC identified mainly areas of
high impervious concentration, as is shown in Fig. 3(b).
The four year and two year LSU results are presented in Tables III and IV, respectively. The two approaches yielded nearly
identical mapping accuracies, which suggests that two years of
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TABLE III
ACCURACY OF IMPERVIOUS SURFACE MAPPING: 2004–2007 LSU

TABLE IV
ACCURACY OF IMPERVIOUS SURFACE MAPPING: 2004–05 LSU

TABLE V
ACCURACY OF IMPERVIOUS SURFACE MAPPING: LANDSAT (2002)

data are enough to identify impervious surfaces with reasonable accuracy. The LSU results compare favorably with the band
threshold and SMACC methods. LSU performance was similar
to that of SMACC when impervious percent was low but was
substantially better as imperviousness increased. The two year
LSU’s ability to identify areas with 50–60% impervious cover
at 77% accuracy and areas with a cumulative impervious cover
of 50% or greater at 80% accuracy is particularly notable. The
two year LSU shown in Fig. 3(d) exhibits the best spatial agreement with the higher resolution Landsat map.
Table V shows the comparison of the Landsat-derived impervious cover map with the reference data. The Landsat map exhibited superior performance to all of the MODIS-derived maps
across all of the impervious cover percentages. This result is
due to Landsat’s much higher spatial resolution and to the significant analyst input required to produce the map. It should be
noted that the Landsat map was produced using 2002 images
and was compared with 2005 reference data. It is therefore possible that the Landsat accuracy results presented were negatively
impacted by change that occurred between 2002 and 2005.
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TABLE VI
ACCURACY OF IMPERVIOUS SURFACE MAPPING: ALL METHODS

Table VI summarizes the performance of the methods. All
of the MODIS-derived algorithms performed well in areas with
relatively high impervious cover. The increasingly subpar accuracy as percent imperviousness decreased is likely due to limitations imposed by the coarse spatial resolution of the MODIS
sensor in discriminating mixed areas such as low density residential. Thus, while the commission errors of the algorithms are
excellent, the omission errors may be unacceptable for use in
some applications. Another limitation of this approach is the requirement of at least two years of MODIS data. Providing only
a single year of images to the SMACC or LSU algorithms did
not give good results. Thus, some LULC class conversions must
have occurred in the study area during the two or four year image
acquisition windows, which may impact the usability of the approach for applications needing very temporally granular LULC
data.
An important consideration when using LSU to find impervious surfaces is that other cover types may have similar phenological profiles. For example, an area of bare soil or exposed
rock will mimic the low annual NDVI response of an impervious
surface. If such complications cause significant impacts on the
usability of the approach, it may be possible to use spectral data
in conjunction with the multi-temporal approach to discriminate
confused classes. Another possible confusing factor is turbid
water, which could have a steady low NDVI response. The use
of a water mask made from MODIS or higher resolution data
such as the NLCD may help to ameliorate such problems. Finally, the degree of tree cover in an area may affect the retrieval
of impervious surface percentages. An older suburban area with
significant tree cover may have a lower LSU-derived impervious
estimate than the actual amount due trees overhanging impervious surfaces.
Tables VII and VIII show error matrices comparing both the
LSU two year and Landsat classifications with the reference
data impervious percentages. In terms of absolute accuracy,
both methods performed poorly in identifying fine gradations
in impervious surface composition. Each algorithm had a 40%
overall accuracy rate, but the errors of omission and commission
were quite different between them. The LSU algorithm substantially underestimated impervious cover at low impervious
percentages (most likely due to the coarse spatial resolution
of the MODIS sensor) and thus exhibited fewer errors of
commission with respect to impervious. The Landsat method
performed better at assigning some level of impervious cover
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TABLE VII
ERROR MATRIX FOR LSU 2004–2005 IMPERVIOUS SURFACE PERCENTAGES

TABLE VIII
ERROR MATRIX FOR LANDSAT IMPERVIOUS SURFACE PERCENTAGES

to impervious-containing pixels but correspondingly exhibited
more errors of commission. Both algorithms had high omission
error rates. Of note is the performance of the LSU and Landsat
methods in the producer’s accuracies of the non-impervious
pixels. These results suggest that neither algorithm is well
suited for precise estimation of impervious surface cover, but
may perform acceptably in deriving coarse estimates. Finally,
both algorithms performed well in discriminating impervious
from non-impervious cover—particularly if the definition of
non-impervious is expanded to include 20% or less of such
cover.
The accuracy assessment conducted in this study was based
on a pixel by pixel comparison of the impervious surface maps
with the reference data. Thus, the image pixels were assumed
to represent the same area on the ground in each MODIS image
and to align perfectly with the reference data source. Given the
inherent positional uncertainties in geospatial data, it is likely
that these assumptions were not always valid. However, visual
inspection of the data indicated that impervious surface maps
corresponded very well positionally with the reference data. The
use of a minimum mapping unit (MMU) larger than one pixel,
for example a 3 3 pixel block, could have lessened the effects of positional errors [7]. While the use of a MMU is recommended if impervious surface maps produced using the methods
described herein are to be disseminated to the public, we view
the pixel by pixel approach to be valid in the research context of
this project.

V. CONCLUSION
We have presented multi-temporal impervious surface mapping methods that use the vegetation phenology signal derived
from MODIS NDVI data. The LSU algorithm in particular performed well in identifying impervious versus non-impervious
surfaces. While the Landsat-based mapping is superior in thematic accuracy, particularly at relatively low impervious concentrations, there are advantages to using MODIS NDVI data in
study areas at a statewide, regional, or continental level. First,
the MODIS scene size is much larger than that of higher spatial
resolution sensors. The state of Minnesota is covered by one
MODIS scene, while with Landsat several images would be required. Second, little preprocessing of the MODIS data is required, which saves analyst time. The NDVI data can be used
after applying a relatively computationally inexpensive cleaning
procedure, while Landsat data typically must be atmospherically corrected, georectified, and mosaicked. Third, the LSU
mapping algorithm is simple and fast, requiring less than one
minute to process the TCMA image stack. The amount of time
required from data download completion to the production of a
LSU-based impervious surface map can be as little as one hour.
Finally, the thematic accuracy provided by the LSU approach
could be suitable for applications in which higher resolution
data availability, budget, or time are limiting factors.
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