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ARTICLE INFO ABSTRACT

Keywords: In the western United States, the rapid expansion of exotic saltcedar along riparian corridors has drastically
Saltcedar altered landscape structures and ecosystem functions. Monitoring the geographical distribution and spatio-
Phenology temporal dynamics of this invasive species is essentially critical to conduct the systematic restoration of affected
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Phenological transition date
Composite image

riparian ecosystems. Previous studies indicated that the leaf senescence stage is the optimal time window to
remotely monitor saltcedar distributions. Yet due to climate variability and anthropogenic forcing, the timing of
saltcedar leaf senescence varies over space and time. Given that the saltcedar leaf senescence stage only lasts for
a short temporal window (i.e., three or four weeks), pinpointing the appropriate Landsat image across years and
locations without the expert knowledge is challenging. Remotely sensed phenological time series analysis pro-
vides a practical means to locate the leaf senescence date on a per-pixel basis. However, affected by temporal
revisit rates and cloud contamination, Landsat time series can only capture very limited temporal segments of
vegetation phenology. The lack of Landsat imagery throughout the year makes the conventional time series
analysis difficult. In this study, we developed a multiyear spectral angle clustering (MSAC) model to monitor the
inter-annual leaf senescence of saltcedar with limited Landsat imagery on a per-pixel basis. The MSAC model
leverages the Landsat images across years to temporally predict the fall phenology of plant species in a single
year, and constructs the synthesized time series of spectral signatures to estimate critical phenological transition
dates. Results indicated that the MSAC model could guide the construction of the composite Landsat surface
reflectance image to accommodate spatial and inter-annual variation in the timing of plant leaf senescence. The
phenology-guided composite image from the MSAC model achieved a greater saltcedar mapping accuracy than
any single Landsat image in 2004. The proposed MSAC model provides new insights in estimating phenological
transition dates of plant species with limited Landsat imagery. It opens up unique opportunities to guide the
selection of representative remotely sensed imagery on a per-pixel basis for repetitive saltcedar mapping over
wide geographical regions.

1. Introduction frequency (Di Tomaso, 1998; Glenn and Nagler, 2005; Zavaleta, 2000).

Various remediation and restoration efforts have been made by local,

Biological invasions constitute a component of global environ-
mental change and pose significant threats to ecosystem functioning
and biodiversity (Vitousek et al., 1996). Non-native saltcedar (Tamarix
spp.) was introduced to the United States from Eurasia in the early
1900s. Since then, it has spread along riparian corridors at rates up to
20 km per year. Significant portions of riparian ecosystem structures
have been transformed accordingly (Di Tomaso, 1998; Graf, 1978;
Robinson, 1965). Saltcedar is now the third most dominant woody
plant in the western U.S. riparian ecosystems (Friedman et al., 2005).
The rapid expansion of saltcedar has been cited for displacing native
species, reducing biodiversity, depleting river flows, and increasing fire
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state, and federal governments to control saltcedar. Among the control
strategies, the biological control agent, named saltcedar leaf beetle
(Diorhabda elongate), has been increasingly released to defoliate salt-
cedar in riparian areas (Dudley and Deloach, 2004; Hultine et al.,
2010). Yet more recent studies revealed that water salvage from salt-
cedar removal may be much less than previously expected, and po-
tential reductions of saltcedar may have unintended negative impacts
on avian habitat qualities (Nagler et al., 2008; Van Riper et al., 2008).
The negative role of saltcedar in ecosystem functions has thus been
called for reevaluation (Stromberg et al., 2009). To comprehensively
reevaluate the effects of saltcedar invasion and biocontrol defoliation,
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repeated monitoring of saltcedar distribution at the regional scale is
urgently needed (Nagler et al., 2011).

Remote sensing offers a practical means to monitor the spatial dis-
tribution of saltcedar. Fine spatial resolution airborne and spaceborne
data, with the ability to predict the detailed plant information, have
been explored extensively to map saltcedar distributions in various ri-
parian ecosystems (Everitt and Deloach, 1990; Hamada et al., 2007;
Narumalani et al., 2006; Pu et al., 2008; Wang and Zhang, 2014; Yang
et al., 2013). These remotely sensed images were often acquired during
the late fall and early winter period when saltcedar foliage color turns
yellowish-orange to orangish-brown (Everitt and Deloach, 1990). Yet
effective saltcedar management requires repetitive regional-scale
monitoring of saltcedar distribution, which is still not feasible with fine
resolution imagery due to its limited spatial coverage and expensive
acquisition cost. In recent studies, the widely available moderate re-
solution Landsat surface reflectance imagery has also been explored for
mapping the geographical distribution of saltcedar (Diao and Wang,
2016a, 2016b; Evangelista et al., 2009; Silvdn-Cardenas and Wang,
2010; Wang et al., 2013). Diao and Wang (2016a) used the monthly
Landsat time series of the year 2005 to map saltcedar along the Rio
Grande River, and found that throughout the phenological cycle, the
leaf senescence stage was the most crucial in spectrally distinguishing
saltcedar from associated native vegetation (e.g., mesquite and willow).
However, due to climate variability and anthropogenic forcing, the
timing of saltcedar leaf senescence may vary across locations and years
(Friedman et al., 2011). This spatial and inter-annual variation in the
timing of saltcedar leaf senescence makes it challenging to pinpoint
appropriate remotely sensed imagery, as saltcedar leaf senescence stage
only lasts for three or four weeks.

Phenology-based time series analysis provides a solution to ac-
commodate this spatio-temporal variation in vegetation. Time series of
satellite-derived vegetation index (e.g., normalized difference vegeta-
tion index [NDVI]) has been commonly applied to estimate phenolo-
gical stages of vegetation on a per-pixel basis. To reduce the effects of
atmospheric interference and cloud contamination, smoothing algo-
rithms (e.g., piecewise logistic function, asymmetric Gaussian function,
and Harmonic analysis) are usually employed first to preprocess the
time series (Beck et al., 2006; Diao and Wang, 2014; Jonsson and
Eklundh, 2002). Critical phenological transition dates (e.g., onset of
leaf senescence) can then be estimated from the smoothed curve of time
series. A variety of estimation methods have been developed, including
threshold-based method (Lloyd, 1990; White et al., 1997), inflection
point method (Moulin et al., 1997; Zhang et al., 2003), and auto-
regressive moving average method (Reed et al., 1994). To further
evaluate the status of leaf senescence (i.e., extent of leaf coloration),
Zhang and Goldberg (2011) developed a temporally-normalized
brownness index through combining a mixture model with the
smoothed NDVI curve from time series of Moderate Resolution Imaging
Spectroradiometer (MODIS). Ji and Wang (2016) used the MODIS End
of Season-Time product (http://phenology.cr.usgs.gov) to estimate the
saltcedar leaf peak coloration date by assuming that the timing of
saltcedar peak coloration was linearly correlated with that of leaf drop.
To date, phenology-based time series analysis has mostly been con-
ducted by tracking the change of vegetation index, which is commonly
used as an indicator of vegetation activity and is calculated based on
specific bands of satellite imagery (e.g., red and near-infrared bands for
NDVI). Yet the use of vegetation index may be limited by its sensitivity
to soil background conditions, atmospheric aerosols, and saturation at
densely vegetated areas. Hufkens et al. (2012) found that different
vegetation indices (i.e., NDVI, EVI, and excess green index) can exert
substantial influence on estimation results of phenological transition
dates at four deciduous forest sites in the US. These varied forms of
vegetation indices make the selection of any particular one difficult. As
a wide range of spectral wavelengths can be used to estimate the ve-
getation status, tracking the collective change of spectral signature
along the plant phenological trajectory may be more desirable.
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However, time series of this expanded range of spectral information
collected by satellites has seldom been reported in the current litera-
ture.

Advances in quality and availability of satellite time series have
proven fruitful in tracking vegetation phenological dynamics in re-
sponse to climate variability. The vast majority of previous work has
used data from MODIS, Advanced Very High Resolution Radiometer
(AVHRR), and SPOT Vegetation (VGT), owing to their fine temporal
resolution and wide-area coverage (Morisette et al., 2006; Morisette
et al., 2009). However, phenology captured by these coarse spatial re-
solution images often represents the leaf development of vegetation
communities (e.g., including both native and non-native plants) (Zhang
et al., 2004; Zhang and Goldberg, 2011). This mixed phenology makes
the estimation of timing of saltcedar leaf senescence difficult, especially
in spatially heterogeneous landscapes. The finer spatial resolution
Landsat provides a more appropriate platform for capturing the plant
phenology (Diao and Wang, 2016a; Kovalskyy et al., 2012; Zhong et al.,
2014). Yet the 16 days' revisit rate and the influence of cloud cover
often result in a dearth of imagery throughout the year, which makes
the construction of Landsat time series challenging. Fisher et al. (2006)
compressed the Landsat data from 1984 to 2002 into a single re-
presentative year in terms of the acquisition day of year (DOY) to es-
timate average phenological transition dates. The inter-annual pheno-
logical variation was then taken into account using a phase offset term.
Yet the offset term was assumed to be uniform over the entire image
and may not be sufficient to explain the phenological variation over
space and time. To date, our ability to capture the spatial and inter-
annual variation of plant phenology using the Landsat time series is still
very limited.

The objective of this research was to develop a multiyear spectral
angle clustering (MSAC) model to monitor the inter-annual leaf senes-
cence of exotic saltcedar using limited Landsat images. The MSAC
model was proposed in this study to construct the phenology-guided
composite Landsat surface reflectance image, so as to accommodate the
spatial and inter-annual variation in the timing of plant leaf senescence.
The constructed composite Landsat surface reflectance image was then
employed to monitor the distribution of exotic saltcedar along the Rio
Grande River (near the town of Candelaria, Texas), which is one of the
most infested areas in US.

2. Study site and data
2.1. Study site

The study site is located along the Rio Grande River, near the town
of Candelaria, Texas (104.69° W, 30.14° N) (Fig. 1). The climate in the
region is semi-arid to arid, and topography is characterized by small
valleys and canyons, with elevation ranging from 700 m to 1150 m. The
Rio Grande River originates from the San Juan Mountains of southern
Colorado and flows southward to the Gulf of Mexico. It is one of the
most regulated rivers in the southwestern US. As a result of dam con-
struction and water regulation, the vegetation community along the
river corridor has been transformed profoundly over the last century. In
the study site, the native mesquite (Prosopis spp.) and willow (Salix
spp.) on the riverbanks have been largely replaced by saltcedar, and the
native cottonwood (Populus spp.) has been completely eliminated. The
density of saltcedar varies from place to place, including both mono-
typic and mixed stands.

2.2. Image acquisition and pre-processing

2.2.1. Landsat data

The study site is covered by two overlapping Landsat scenes (path 31,
row 39, and path 32, row 39). Due to climate variability, the timing of
saltcedar leaf senescence may vary from year to year. To estimate the
timing of inter-annual leaf senescence of saltcedar, constructing the
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Fig. 1. Geographic location and false color Landsat imagery of the study site.

Landsat time series that can track its phenological trajectory is important.
Affected by cloud cover and atmospheric conditions, Landsat images that
are usable for saltcedar mapping can be very limited in certain years (e.g.
2004), which makes the building of conventional time series challenging.
The proposed MSAC model will leverage the images in immediately pre-
ceding (e.g., 2003) and following (e.g., 2005) years to temporally predict
the fall phenology in the image-lacking year (e.g., 2004), given the as-
sumption that saltcedar fractions remain relatively stable during these
three years. In this study, to construct the Landsat time series along the
saltcedar leaf senescence trajectory in 2004, the cloud-free Landsat
Thematic Mapper (TM) and Enhanced Thematic Mapper Plus (ETM+)
images spanning from August (peak greenness) to the following February
(leaf-off) for the years 2003 to 2005 were obtained from the U.S.
Geological Survey (USGS). The images were not evenly distributed during
these three years, with 28 images in 2003, 15 images in 2004, and 25
images in 2005. The varying number of images each year also represents
different levels of image availability in constructing the time series to es-
timate phenological characteristics. Due to the Scan Line Corrector (SLC)
failure in 2003, Landsat ETM + traces a zig-zag pattern along the satellite
ground track and exhibits wedge-shaped data gaps. Thus the majority of
Landsat ETM + data over the three years contained gapped areas. As the
devised MSAC model was constructed for each individual pixel to conduct
temporal interpolation, the ETM + pixels that were not in gapped areas
were used. All the Landsat images were atmospherically corrected to the
surface reflectance through the 6S radiative transfer model of Landsat
Ecosystem Disturbance Adaptive Processing System (LEDAPS) (Masek
et al., 2006). The images were then georeferenced to the reference data
(see Section 2.2.2) with root mean square errors less than 0.35. To in-
vestigate the collective role of a wide range of spectral wavelengths in
tracing the phenological trajectory of saltcedar, six spectral bands (i.e.,
band 1, 2, 3, 4, 5, and 7) of Landsat images with the spatial resolution of
30m were used in this study.
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2.2.2. Reference data

The MSAC model was designed to temporally predict the fall phe-
nology of saltcedar in 2004 to estimate the phenological transition date,
which was then used to guide the construction of the composite image
for mapping the saltcedar distribution (see Section 3). The performance
of the composite image in classifying saltcedar was assessed by the
reference data. Given the difficulty of obtaining sufficient ground re-
ference data at the Landsat scale, the reference data were acquired from
the Airborne Imaging Spectroradiometer for Applications (AISA) image.
The AISA image was acquired on December 21, 2005, with the spatial
resolution of 1m and 61 bands in the spectral range from 400 to
1000 nm. Two field trips were conducted in November 2004 and De-
cember 2005 to collect the ground training and testing data for classi-
fying the AISA image.

According to major land cover types in the study site, a two-level
hierarchical classification scheme was designed (Table 1). Partitioning
saltcedar into three classes at level II was necessary to avoid mis-
classification errors caused by its phenological variation. Spectral angle
mapper (SAM) was utilized to classify the AISA image at level II,
through comparing the spectral similarity between image spectra and
reference spectra in the spectral library (Kruse et al., 1993). It assigned
the image spectra to the class that formed the smallest spectral angle.
The reference spectral library for training SAM was built from in-situ
spectral signatures of typical land cover classes (e.g., saltcedar, native
woody riparian species, and non-woody vegetation) measured by the
ASD VNIR Field Spectrometer during the field trips, and image spectral
signatures extracted directly for non-vegetated classes from the AISA
image. The ASD Spectrometer was mounted on a boom 4 m above and
perpendicular to the ground surface, to acquire canopy reflectance
signatures of vegetated classes of the reference library. The level II
classification result was aggregated to level I, the accuracy of which
was assessed through the stratified sampling and estimation. For each
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Table 1
Two-level hierarchical classification scheme of land covers in the study site.

Class level 1 Class level II

Saltcedar Green saltcedar (Tamarix spp.)
Senescent saltcedar (Tamarix spp.)
Leaf-off saltcedar (Tamarix spp.)
Leaf-on willow (Salix spp.)
Leaf-off willow (Salix spp.)
Leaf-on mesquite (Prosopis spp.)
Leaf-off mesquite (Prosopis spp.)
Marshy weed (Limnophila spp.)
Poverty weed (Iva axillaris Pursh)
Green grasses

Dry grasses

Creosote bush (Larrea tridentate)
Desert gravel

Paved road

Sand

Roof

Wetland

Water (river, lake or pond)

Non-saltcedar

Table 2
Confusion matrix of the AISA classification result.

Reference data

Saltcedar Non- Total Map  Proportion
saltcedar area  of mapped
(ha) area
Classified data  Saltcedar 189 11 200 1086 0.42
Non- 5 195 200 1509 0.58
saltcedar
Total 194 206 400 2595 1

Overall accuracy = 189/200 * 0.42 + 195/200 = 0.58 = 96.24%
Saltcedar producer's accuracy = (189/200 x 0.42) / (189/

200 % 0.42 + 5/200 s 0.58) = 96.48%

Saltcedar user's accuracy = 189/200 = 94.50%

mapped class (i.e., saltcedar or non-saltcedar), 200 pixels were ran-
domly located and labelled according to the fieldwork and aerial
photos. The area proportions of the mapped classes were the strata
weights to obtain the stratified estimators (see Section 3.5 for stratified
estimator). The stratified estimate of overall accuracy was 96.24%, and
the producer's and user's accuracies of the saltcedar class were 96.48%
and 94.50%, respectively (Table 2). This SAM classified image was
further spatially resampled to the Landsat scale (30 m). The aggregated
pixels served as the reference data to evaluate the proposed model, with
fractions of saltcedar greater than 50% labelled as saltcedar (otherwise
labelled as non-saltcedar). As thematic and spatial aggregations com-
pensate for quantity and location errors, the aggregated reference data
generated at the Landsat scale were assumed to be more accurate than
those from the AISA classification result. Despite the great accuracy of
the resampled Landsat-scale classified image, there may be uncertainty
in the reference data, including sampling variability, class definitions,
residual variability, and classification errors (Foody, 2010). In this
study, we limited our attention to the uncertainty brought by sampling
variability in the reference data, which was evaluated using a sensi-
tivity analysis through randomly selecting training and testing samples
1000 times. Each time, according to the stratified sampling design, a
total of 800 and 800 pixels were randomly selected from the resampled
image for mapped saltcedar and non-saltcedar classes, respectively.
Fifty percent of the sample for each class was employed to train the
model, and the remainder was reserved for assessing the accuracy of
classification results. Yet it is acknowledged that estimates of un-
certainty using reference data would be slightly underestimated, as
residual uncertainty was not addressed in this study.
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3. Methods
3.1. Overview

A time series of spectral signatures was constructed for each in-
dividual pixel. The proposed MSAC model was designed on a per-pixel
basis to estimate the phenological transition date using the images ac-
quired across three years. The MSAC model mainly encompasses three
components: time series spectral outlier removal, time series spectral
clustering, and time series spectral matching (Fig. 2). For each pixel,
only the spectral signatures with the NDVI values in the downward
direction each year (i.e., DOY greater than that of maximum NDVI)
were taken into account to monitor the inter-annual leaf senescence of
saltcedar. Time series spectral outlier removal was devised to detect
and remove the outliers in the spectral signatures of Landsat time series.
In this study, Angle-Based Outlier Detection (ABOD) was used in time
series spectral outlier removal to rule out outlying spectral signatures
across years (Section 3.2). Time series spectral clustering was designed
to cluster and organize the retained spectral signatures, as an appro-
priate sequence of multi-year spectral signatures along the temporal
trajectory was critical to monitor inter-annual leaf senescence pro-
cesses. In particular, k-means clustering algorithm was used in time
series spectral clustering to organize and sort the multi-year spectral
signatures (Section 3.3). With the sorted spectral signatures, time series
spectral matching was devised to estimate the phenological transition
date of leaf senescence. Spectral angle mapper-based moving average
measure was developed in time series spectral matching to detect the
spectral signature that exhibited the most remarkable change in the
sorted time series. The corresponding date of that spectral signature
was taken as the optimal phenological transition date (Section 3.4). In
the devised MSAC model, angle of spectral signatures served as the
measure of spectral similarity to reduce illumination and albedo effects.
With the MSAC model, the composite Landsat image was then con-
structed. The spectral signature of each pixel in the composite image
was acquired around the phenological transition date of leaf senes-
cence. Finally, Random Forest was used to classify the composite image
for mapping the distribution of saltcedar, and the accuracy was eval-
uated using the reference data (Section 3.5).

3.2. Time series spectral outlier removal

Time series spectral outlier removal was devised to remove the
outliers in the spectral signatures of Landsat time series. Specifically,
Angle-Based Outlier Detection (ABOD) was used in this study to pre-
process the time series of spectral signatures across three years to re-
duce effects of atmospheric interference and cloud contamination
(Kriegel et al., 2008; Pham and Pagh, 2012; Ye et al., 2014). The ABOD
method measures the variance of angles between difference vectors of a
data point to all other pairs in the time series, weighted by the distance

of the points (Eq. (1)).

AM - AN
ABOD(A) = Vany,nep P—re———
IIAM I?-1l AN I

®

Here, A denotes the spectral signature of a pixel (i.e., 6 bands of
Landsat) at a single date. D is the set of spectral signatures in the time
series for the pixel. M and Nare the spectral signatures of the pixel on
any another two dates in the time series. A, M and N are called data
points in the time series of spectral signatures D. AM and I/AM || denote
the difference vector M — 71_), and the distance between point A and
point M, respectively.

The ABOD method calculates the variance of angles for each data
point in the time series. A data point lying within a cluster of spectral
signatures usually has a large value of variance in angles, as this data
point is surrounded by other points in all directions. The angles be-
tween the difference vectors of this data point to all other pairs differ
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Fig. 2. Flowchart of the methodology.

widely. Yet an outlier typically has a small value of variance since the
outlier is located in certain directions of most data points in the time
series. The narrower the range of angles of a data point to other points
is, the more likely it is an outlier. Therefore, the ABOD method can
evaluate the degree of being an outlier of each data point in the time
series.

Similar to the smoothing algorithms in preprocessing the NDVI time
series, the ABOD method was used to remove the outliers in the Landsat
time series of spectral signatures. The outliers typically had small ABOD
scores and deviated markedly from other data points, which formed a
gap between the scores of outliers and those of non-outliers. The gaps
formed in the scores between potential outlying points and other data
points were used to remove outliers. The ABOD method is parameter-
free, and has been found to be more robust to an increasing di-
mensionality of data space than distance-based outlier detection
methods (Kriegel et al., 2008). It can alleviate the effects of “curse of
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dimensionality” and shows good performance with both low- and high-
dimensional datasets.

3.3. Time series spectral clustering

After removing the outliers from the time series of spectral sig-
natures, time series spectral clustering was designed to cluster and or-
ganize the retained spectral signatures. Unlike one-year time series of
spectral signatures, the spectral signatures acquired across multiple
years need to be organized to appropriately describe the change of
spectral signatures along the leaf senescence trajectory (i.e., from leaf-
on to leaf-off). In this study, the arrangement of multi-year spectral
signatures took into account spectral similarity, NDVI, and DOY. The k-
means algorithm was employed to group the multi-year spectral sig-
natures into clusters (more information in following paragraphs) and
the mean NDVI value of each cluster was calculated. The clusters were
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sorted in terms of the descending order of mean NDVI values, since
there was a decreasing trend of NDVI during the leaf senescence process
of saltcedar. Within each cluster, the spectral signatures were sorted
according to the descending order of NDVI, and this sequence was
adjusted by the acquisition time of signatures each year, in which the
sequence of spectral signatures can maintain a chronological order.

An appropriate sequence of multi-year spectral signatures along the
temporal trajectory is crucial to monitor inter-annual leaf senescence
processes. The k-means clustering algorithm was used in this study to
organize the three-year spectral signatures in the downward direction
of NDVI values and group similar spectral signatures into clusters
(MacQueen, 1967). The k-means algorithm aims to partition the spec-
tral signatures into k clusters, so as to minimize the within-cluster sum
of squared distance. Instead of the Euclidean distance, the cosine dis-
tance was used in the k-means clustering algorithm in this study (Eq.
(2)).

Dist(A,C) =1 —cos(®) =1 — %
A mci )

Here, A denotes the spectral signature of a pixel (i.e., 6 bands of
Landsat) at a single date in the time series, and C denotes the centroid
of a cluster of spectral signatures. A and IC |l are the norms of the

— - — -
vectors A and C, respectively. 0 is the angle formed by A and C . Dist
(A, C) measures the similarity of orientation between a and 8, and is
invariant to magnitude. Compared to the Euclidean distance, this an-
gular-based distance measure can reduce the influence of illumination
on the time series of spectral signatures, as variations in illumination
mainly affect the length of vectors.

The k-means clustering algorithm requires the number of clusters
(k) to be specified to identify the clusters of spectral signatures. The
optimal number of clusters was estimated according to the Hartigan's
method (Hartigan, 1975). As the number of clusters increases, the
within-cluster sum of squared distance decreases. The optimal number
of clusters was chosen when the reduction in the within-cluster sum of
squares was not significant. As a heuristic algorithm, the convergence of
the k-means clustering to a global minimum is heavily dependent on the
initialization of centroids. In this study, the initial centroids were se-
lected according to Arthur and Vassilvitskii (2007) to ensure that these
centroid seeds were relatively far from each other. Besides, 100 re-
plicates of random initialization of centroids were performed to locate
the clusters of spectral signatures that could approximate the global
minimum of the within-cluster sum of squared distance. Through time
series spectral clustering and sorting, three years' spectral signatures
were leveraged to track the spectral change of saltcedar along its leaf
senescence trajectory.

3.4. Time series spectral matching

With the sorted multi-year spectral signatures, time series spectral
matching was designed to estimate the phenological transition date of
saltcedar leaf senescence. Two criteria were used in spectral matching
to locate the desired transition date. First, following the temporal tra-
jectory of leaf senescence (i.e., synthesized time series), the phenolo-
gical transition date occurs when there is a noticeable change in the
spectral signatures of saltcedar. It is expected that the spectral signature
at the phenological transition date is appreciably different from pre-
ceding signatures in the synthesized time series. Second, the phenolo-
gical transition date marks the onset of a new phenological process (i.e.,
leaf senescence). The spectral signature at the phenological transition
date should be comparable to its immediate following spectral sig-
natures.

Similar to the cosine distance in time series spectral clustering,
spectral angle mapper (SAM) was used in time series spectral matching
to compare the similarity between spectral signatures. SAM calculates
the angle between two spectra in a multi-dimensional space, with
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smaller angles indicating closer matches of the spectra. SAM has been
found to be insensitive to albedo and illumination effects. To locate the
phenological transition date, the spectral signature at each single date
was compared to its previous spectral signatures in the synthesized time
series using SAM (Eq. (3)). Following the second criterion, the spectral
signature at each single date was also compared to its following spectral
signatures using SAM (Eq. (4)).

n

21: SAM (t,t — i)
MSACSM1(t) = =
3)

Here, t denotes the position of a spectral signature in the sorted time

series. n; is the number of its preceding spectral signatures to be
compared. SAM(t,t — i) stands for the spectral similarity between the
spectral signature t and the spectral signature t — i in the sorted time
series measured by SAM. Each spectral signature in the sorted time
series is compared to the immediate previous n; spectral signatures
using SAM, and the average of SAM measures indicates how different
this spectral signature is from the preceding signatures in the sorted
time series.

m

n
}Z] SAM (t,t + i)
MSACSM2(t) = =t
@
Similar to Eq. (3), t denotes the position of a spectral signature in
the sorted time series. n, is the number of its following spectral sig-
natures to be compared. Each spectral signature in the sorted time
series is compared to the immediate following n, spectral signatures
using SAM, and the average of SAM measures indicates the extent of
difference between this spectral signature and its following signatures.
The two moving average measures of SAM (i.e., Egs. (3) and (4)) can
be used to track the change of spectral signatures along the temporal
trajectory of saltcedar leaf senescence. To meet both criteria, a spectral
signature in the sorted time series needs to be compared to both its
preceding and following signatures. The two moving average measures
of SAM are thus integrated to be the time series spectral matching
measure to estimate the phenological transition date (Eq. (5)).

n

MSACSM1(t) + MSACSM2(t — 1)
2

MSACSM (t) = )

Here, MSAC_SM(t) is the spectral matching result of the spectral
signature t in the sorted time series. At the phenological transition date,
the spectral signature t will deviate from its previous signatures.
Meanwhile, this spectral signature t will also be the onset of the fol-
lowing signatures in the time series, which implies that the spectral
signature t — 1 (i.e., the immediate previous signature) will differ from
its following signatures. Hence a larger value of MSAC SM(t) indicates
that the date of the position t is more likely to be the phenological
transition date.

With the time series spectral matching measure, the spectral sig-
nature that exhibited the most remarkable change in the sorted time
series could be detected. The corresponding acquisition date of the
signature was taken as the optimal phenological transition date across
three years. The corresponding cluster of the signature was taken as the
leaf senescence cluster, in which the spectral signatures were acquired
during the leaf senescence stage, regardless of acquisition years. By this
means, the images that were acquired during the leaf senescence stage
could be located for each individual pixel.

The composite Landsat surface reflectance image of the year 2004,
with each pixel acquired from its leaf senescence cluster, was then
constructed. Among the images in the leaf senescence cluster, the image
acquired in 2004 would be prioritized for the composite image. If two
or more images from 2004 were in the cluster, the image lined close to
that of the optimal phenological transition date in the sorted time series
would be selected. For certain pixels, no image data were available
during this period in 2004 due to cloud contamination. In that case the
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Fig. 3. Three components encompassed in the MSAC model to estimate the phenological transition date of saltcedar leaf senescence. Time series of spectral signatures are shown in two-

dimensional space for the illustration purpose.

image acquired at the optimal phenological transition date would be
selected. By temporally predicting the fall phenology of the year 2004
with the images across three years (i.e., 2004-2006), the MSAC model
could guide the selection for the composite image, in which each pixel
was ensured to be acquired during the leaf senescence period of salt-
cedar.

3.5. Accuracy assessment

The composite image was classified using the Random Forest (RF)
algorithm to map the distribution of saltcedar in 2004 (Breiman, 2001).
RF is a non-parametric ensemble learning method where a multitude of
decision trees are constructed based on randomly selected features (i.e.,
bands) of a bootstrapped sample of training data. For each individual
tree, a random subset of input features is selected at each tree node to
determine a split, and the criterion for best splitting is based on the Gini
index to maximize the dissimilarity between classes. The class of each
pixel is then predicted by majority votes of all the decision trees in the
forest, and the classification result is evaluated using the testing sample
in terms of the confusion matrix. Given the stratified sampling design
with saltcedar and non-saltcedar map classes used as two strata, the
variation in estimation weights (e.g., different sampling intensities in
different strata) associated with each stratum should be incorporated in

constructing the confusion matrix (Olofsson et al., 2014; Olofsson et al.,
2013). Stratified estimators were used for which strata weights were the
area proportions of the mapped classes. On this basis, the overall ac-
curacy, producer's and user's accuracies of saltcedar were calculated
using the reference data (i.e., testing sample with 400 and 400 pixels
randomly selected for mapped saltcedar and non-saltcedar classes, re-
spectively) to evaluate the performance of the composite image. The
stratified estimator of area invaded by saltcedar was then produced
from the composite image in conjunction with the reference data. A
95% confidence interval of the area of saltcedar invasion was provided
to quantify the uncertainty of the estimated area obtained. To further
assess the role of the composite image generated by the MSAC model in
mapping saltcedar, the classification result of the composite image was
compared to the largest classification accuracy achieved by a single
Landsat image (i.e., the Landsat image acquired on December 8) in
2004.

The performance of the MSAC-based composite image was also
compared to that of the conventional vegetation index-based composite
image. The dearth of images in 2004 makes it difficult to conduct the
conventional vegetation index-based time series analysis (e.g., fit a
smoothing NDVI time series curve). Without fitting the time series
curve, threshold-based estimation methods may be possible to estimate
the phenological transition dates and construct the corresponding

587



C. Diao, L. Wang

composite image. As a threshold-based estimation method, the
Midpoint method (i.e., the timing of NDVI reaching the half of ampli-
tude) was used in this study to estimate the phenological transition date
of leaf senescence. For each pixel, the spectral signature of the image
acquired around the timing of NDVI decreasing to the half of its annual
amplitude in the downward direction of phenological trajectory was
used to construct the composite image. The NDVI-based composite
image generated from the Midpoint threshold-based estimation method
was also classified using RF and evaluated with the same reference
data.

Additionally, the MSAC-based composite image was also evaluated
according to the purity level of saltcedar within a pixel. The fractional
coverage of saltcedar in a pixel affected the shape of its spectral sig-
nature, and the MSAC model was constructed based on the time series
of spectral signatures. Thus the purity level of the pixel might affect the
efficacy of the proposed model in estimating the saltcedar leaf senes-
cence timing. The classification accuracies of the composite image for
multiple pixel purity levels (i.e., 50% to 90% with an increment of 5%)
were calculated. For example, the pixel purity level of 50% indicated
that both training and testing sampling units were selected from the
pixels with fractional coverage of saltcedar (or non-saltcedar) greater
than 50%. The sample sizes for evaluating all the purity levels were the
same. For each level, 800 pixels were randomly selected for training
and the other 800 pixels were reserved for testing.

4. Results
4.1. Estimation of saltcedar leaf senescence timing

In this study, the timing of saltcedar leaf senescence in 2004 was
estimated by leveraging all available Landsat images in the fall phe-
nology of the years 2003, 2004, and 2005 using the proposed MSAC
model. As an example, the time series of spectral signatures for a typical
pure saltcedar pixel was shown in Fig. 3. The spectral signatures ac-
quired in different years were shown in varied colors (12 images from
2003, 6 images from 2004, and 17 images from 2005).

Time series spectral outlier removal was used to rule out outlying
spectral signatures that were affected by atmospheric and cloud inter-
ference (see Section 3.2). Specifically, two spectral signatures (one in
2003 and the other in 2005) were detected as outliers and removed due
to small variances calculated by the ABOD method. The remaining
spectral signatures were then clustered and organized using time series
spectral clustering (see Section 3.3). Three clusters were formed ac-
cording to the Hartigan's method. The clusters of spectral signatures
across three years were sorted based on the mean NDVI value, and the
spectral signatures within a cluster were then organized in terms of
NDVI and DOY. The sorted time series of spectral signatures was shown
in Fig. 3. The trend of the change in the spectral signatures along the
time series was consonant with the phenological process of saltcedar
leaf senescence (i.e., from leaf-on to leaf-off). This change in the spec-
tral signatures was associated with the change in leaf color, leaf cell
structure, and leaf water content of saltcedar. The spectral-based MSAC
model can comprehensively consider these effects.

With the sorted multi-year spectral signatures, the timing of salt-
cedar leaf senescence was then estimated using time series spectral
matching (see Section 3.4). For each spectral signature, multiple pre-
ceding and following spectral signatures (i.e., nl and n2) were con-
sidered in time series spectral matching. Selecting the number of
spectral signatures (i.e., moving average interval) to be compared is a
critical issue, as a small interval may grasp insignificant trend changes
and a large interval is less sensitive to the transition of phenological
events. We experimented with several moving average intervals ran-
ging from 2 to 10, and evaluated time series spectral matching results of
pure saltcedar pixels. Among the moving average intervals, we found
that a moving average interval of four spectral signatures achieved the
largest spectral matching score at the phenological transition date of
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saltcedar leaf senescence. Compared to other moving average intervals,
it was more robust to insignificant trend changes while capturing the
key phenological transition events. Thus a moving average interval of
four spectral signatures was selected.

The time series spectral matching result for this saltcedar pixel was
shown in Fig. 3. Along the time series, the spectral signature 21 attained
the largest value of MSAC_SM1 and was perceived as the most different
from its preceding four signatures. The spectral signature 20 had the
largest value of MSAC_SM2 and varied the most from the following four
signatures. By integrating the MSAC_SM1 and MSAC_SM2 measures, the
spectral signature 21 obtained the largest spectral matching score and
the corresponding date was selected as the optimal phenological tran-
sition date across three years. Given the similarity of spectral signatures
within a cluster, the corresponding cluster was indicative of the leaf
senescence stage of saltcedar. It was thus taken as the saltcedar leaf
senescence cluster. Four spectral signatures were included in this
cluster, with two acquired in 2003 (November 28 and December 6), one
in 2004 (December 8), and one in 2005 (December 26). Thus in 2004,
the most representative image to map the senescent saltcedar for this
pixel was the one acquired on December 8.

4.2. Classification result of the composite image

The MSAC model guided the construction of the composite image,
in which the spectral signature of each individual pixel was selected
from the leaf senescence stage. Due to the scarcity of Landsat images in
2004, there may be no image data available during the leaf senescence
stage in 2004 for some pixels. In this case, the spectral signature ac-
quired at the optimal phenological transition date (i.e., attaining the
largest spectral matching score) would be used to construct the com-
posite image (Fig. 4). The varied color in the composite image acqui-
sition dates indicated the spatial heterogeneity and variation in salt-
cedar leaf senescence timing. Four pixels in the composite image were
highlighted, with two pixels acquired from the images in 2004 (i.e.,
November 29 and December 8), one pixel from the image in 2003
(November 28), and one pixel from the image in 2005 (December 26).
Among the mapped area of 2595 ha in Fig. 4, pixels of 1607 ha were
acquired from the images in 2004, pixels of 520 ha were from the
images in 2003, and the rest of pixels of 468 ha were from the images in
2005. Hence the composite image can accommodate the spatial and
inter-annual variation in saltcedar leaf senescence, and facilitate the
repetitive regional-scale mapping of this invasive species.

The performance of the composite image in mapping the distribu-
tion of saltcedar was evaluated, and the confusion matrix that ac-
counted for different sampling intensities in different strata was shown
in Table 3. To account for the stratified sampling design, stratified es-
timators were used for which strata weights were equal to the area
proportions of the mapped types (see Table 3 for details). The overall
classification accuracy of the composite image was 81.26%. The cor-
responding producer's and user's accuracies of the saltcedar class were
70.14% and 83.50%, respectively. To evaluate the uncertainty of
sampling variability in the reference data (resampled AISA classifica-
tion result), the training and testing samples were randomly selected
1000 times. Each time the classification accuracy of the composite
image was assessed with the corresponding testing sample using the
stratified estimates. The mean overall accuracy (95% confidence in-
terval), mean producer's accuracy of saltcedar (95% confidence in-
terval), and mean user's accuracy of saltcedar (95% confidence interval)
were 80.35% (79.34%-81.97%), 82.69% (81.67%-83.93%), and
69.27% (68.23%-70.98%), respectively. Given the similar evaluation
accuracy from 1000 simulations and great classification accuracy of the
AISA imagery, we randomly selected one sample as the reference data
to conduct the following evaluation. To further assess the role of the
composite image generated by the MSAC model in mapping saltcedar,
the classification result of the composite image was compared to the
largest classification accuracy achieved by a single Landsat image in
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Fig. 4. Composite image in 2004 generated by the MSAC model.

2004. Among all the Landsat images in 2004, the image acquired on
December 8 achieved the greatest performance, with the stratified es-
timate of overall accuracy being 74.79%. The producer's and user's
accuracies of the saltcedar class using this single-date Landsat image
were 61.22% and 80.25%, respectively.

Compared to the accuracies of the singe-date image on December 8,
the user's accuracy of the saltcedar class increased by about 3% and the
producer's accuracy of the saltcedar class increased by 9% through
using the composite image. The improved accuracy could also be re-
flected in the confusion matrices constructed for these two classification
strategies (Table 3). The comparisons revealed that the areas saltcedar
occupied were underestimated with the traditional single-image-based
mapping strategy, mainly due to the spatial variation in the timing of
saltcedar leaf senescence. Saltcedar in various phenological stages (e.g.,
leaf on, leaf senescence, and leaf off) may exist within an image, yet the
single-date image is only capable of mapping saltcedar during its se-
nescent stage. Saltcedar at other phenological stages (e.g., leaf-on and
leaf-off) are more inclined to be confused with native vegetation. The
composite image was constructed on a per-pixel basis, with the spectral
signature of each pixel acquired during the saltcedar leaf senescence
stage. It was beneficial to correct the confusion errors by accom-
modating the spatial and inter-annual phenological variation.

Pinpointing the appropriate image for remotely mapping saltcedar
is crucial, as classification results using different single-date Landsat
images can vary widely. Table 3 shows the classification accuracies of
two single-date Landsat images, acquired on November 29, 2004 and
December 8, 2004, respectively. Compared to the image on December
8, the classification accuracy of the image acquired on November 29
deteriorated appreciably. The stratified estimate of overall accuracy
dropped from 74.79% to 71.62%, and the producer's accuracy of salt-
cedar decreased from 61.22% to 56.60%. As saltcedar leaf senescence
stage only lasts for a short temporal window (i.e., three or four weeks),
one-week difference in image acquisition date can exert considerable
influence on capturing colored saltcedar. The composite Landsat image
constructed by the proposed model can not only accommodate this
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phenological variation, but also ease the challenge to select the ap-
propriate Landsat image repeatedly over space and time in saltcedar
mapping.

The performance of the MSAC-based composite image was also
compared to that of the NDVI-based composite image (Table 4). The
NDVI-based composite image was constructed with the spectral sig-
nature of each pixel acquired around the timing of NDVI dropping to
the half of amplitude. Compared to the MSAC-based composite image,
the NDVI-based composite image yielded a much smaller mapping ac-
curacy. The stratified estimate of overall accuracy of the NDVI-based
composite image was 73.66%. The producer's and user's accuracies of
saltcedar class were 59.49% and 79.00%, respectively. This noticeable
decrease in the performance can mainly be explained by two reasons.
On one hand, the leaf senescence timing in the NDVI-based composite
image is defined as the timing of NDVI dropping to the half of ampli-
tude. However, it is still not clear how the half of NDVI amplitude
corresponds to the status of leaf coloration, as the threshold value (e.g.,
half of amplitude) to monitor the leaf senescence timing also varies
across locations and species. Even more challenging is that the dearth of
images in 2004 impedes the conventional time series analysis (e.g.,
smoothing). The difficulty of pre-processing the NDVI values in the fall
phenology makes the construction of the NDVI-based composite image
sensitive to the influence of atmospheric noise. As a result, the overall
accuracy of NDVI-based composite image was less than that of the
single Landsat image acquired on December 8 (Table 3). On the other
hand, there may be no image data available during the leaf senescence
stage for some pixels, due to the lack of images in 2004. Unlike the
NDVI-based method, the MSAC model can take advantage of the
Landsat images from multiple years to compensate the lack of images in
a single year. It synthesizes the phenological information across years to
temporally predict the fall phenology in 2004. The MSAC-based com-
posite image is more likely to capture the senescent saltcedar, and thus
achieves a larger mapping accuracy.

The classification map of the MSAC-based composite image in 2004
was shown in Fig. 5. The areas invaded by saltcedar were shown in
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Table 3
Confusion matrices for the MSAC-based composite Landsat image and two single Landsat
images.

MSAC-based composite image (2004)

Reference Data

Saltcedar Non- Total Map  Proportion
saltcedar area  of mapped
(ha) area
Classified data  Saltcedar 334 66 400 946 0.36
Non- 80 320 400 1649 0.64
saltcedar
Total 414 386 800 2595 1

Overall accuracy = 334/400%0.36 + 320/400%0.64 = 81.26%
Saltcedar producer’s accuracy = (334/400%0.36)/ (334/
400%0.36 + 80/400%0.64) = 70.14%

Saltcedar user’s accuracy = 334/400 = 83.50%

Single Landsat image (Dec. 8, 2004)
Reference Data

Saltcedar Non- Total Map  Proportion
saltcedar area  of mapped
(ha) area
Classified data ~ Saltcedar 321 79 400 927 0.36
Non- 113 287 400 1668 0.64
saltcedar
Total 434 366 800 2595 1
Overall accuracy = 74.79%
Saltcedar producer’s
accuracy = 61.22%
Saltcedar user’s
accuracy = 80.25%
Single Landsat image (Nov. 29, 2004)
Reference Data
Saltcedar ~ Non- Total Map  Proportion
saltcedar area  of mapped
(ha)  area
Classified data  Saltcedar 310 90 400 899 0.35
Non- 126 274 400 1696 0.65
saltcedar
Total 436 364 800 2595 1

Overall accuracy = 71.62%
Saltcedar producer’s
accuracy = 56.60%
Saltcedar user’s

accuracy = 77.50%

Note: The accuracies of MSAC-based composite image and two Landsat images were
evaluated using stratified estimators.

yellow. Overall, a great portion of the study area was susceptible to
saltcedar invasion and highly dense areas were mostly distributed along
the river. The stratified estimate of the area invaded by saltcedar
( = 95% confidence interval) was 1112ha + 75ha. In the study site,
the expansion of saltcedar along the riparian corridor posed serious
threats to the native vegetation communities and biodiversity. The
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native mesquite and willow on the riverbanks have been largely re-
placed by saltcedar, and the native cottonwood has been completely
eliminated. In recent year, various remediation and restoration efforts
(e.g., mechanical, chemical, and biological efforts) have been made by
local, state, and federal governments to control saltcedar. The dis-
tribution map of saltcedar and stratified estimate of invasion area are
thus critical for governments to investigate the ecological role of salt-
cedar in riparian ecosystems and develop corresponding cost-effective
control strategies.

4.3. Pixel purity in the MSAC model

Additionally, the composite image was also evaluated according to
the purity level of saltcedar within a pixel. The classification accuracies
of the composite image for multiple pixel purity levels (i.e., 50% to 90%
with an increment of 5%) were calculated using the testing sample
(Fig. 6). When saltcedar fractions changed from 50% to 90%, the
stratified estimates of overall accuracy increased from 81.26% to
91.45%. The user's accuracy of saltcedar increased from 83.50% to
92.11%, and the producer's accuracy of saltcedar rose from 70.14% to
83.72%. This dramatic increase in the classification accuracies (espe-
cially the producer's accuracy of saltcedar) was mostly attributable to
two reasons. First, the MSAC model organizes the spectral signatures in
a time series to estimate critical phenological transition dates (e.g., time
series spectral clustering and time series spectral matching). As the
pixel becomes purer, the temporal pattern of spectral signatures along
the time series is more pronounced and the noticeable change in the
spectral signature at the phenological transition date is more likely to
be detected. For each individual pixel, the image selected to construct
the composite image is more inclined to be acquired during the leaf
senescence stage of saltcedar. Second, when the fractional coverage of
saltcedar within a pixel increases, the within-class spectral variability
will decrease. The omission and commission errors caused by the
spectral confusion between classes are more likely to be corrected.

As the fractional coverage of saltcedar in a pixel affects the shape of
its spectral signature and the MSAC model is constructed based on time
series of spectral signatures, temporal pattern of spectral signatures
along the time series may not be obvious in a mixed pixel. Thus the
purity level of the pixel can affect the efficacy of the proposed model in
estimating saltcedar leaf senescence timing. Despite the increasing
mixed level within a pixel, the performance of the composite image
(e.g., pixel purity level being 50%) is still much greater than that of a
single Landsat image (see Section 4.2). Yet to conduct the detailed
saltcedar mapping, acquiring fine resolution imagery during the key
phenological stage would be beneficial for further reconnaissance of
saltcedar distributions.

5. Discussion

Among all the earth observation satellites, Landsat represents the

Confusion matrices constructed for the MSAC-based and NDVI-based composite Landsat images.

MSAC-based composite image

NDVI-based composite image

Reference data

Reference data

Saltcedar  Non-saltcedar Total Map area (ha) Saltcedar  Non-saltcedar Total Map area (ha)
Classified data  Saltcedar 334 66 400 946 Classified data  Saltcedar 316 84 400 914
Non-saltcedar 80 320 400 1649 Non-saltcedar 117 283 400 1681
Total 414 386 800 2595 Total 433 367 800 2595

Overall accuracy = 81.26%
Saltcedar producer's accuracy = 70.14%
Saltcedar user's accuracy = 83.50%

Overall accuracy = 73.66%
Saltcedar producer's accuracy = 59.49%
Saltcedar user's accuracy = 79.00%

Note: The accuracies of MSAC-based and NDVI-based composite images were evaluated using stratified estimators.
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Fig. 6. Influence of pixel purity on the classification accuracy of the MSAC-based com-
posite image.

suitable tradeoff between resolution, temporal span, and frequency of
coverage, to distinguish the plant species and map their distributions
over space and time. Time series of Landsat imagery provides an ef-
fective way to estimate plant phenological dynamics in response to
climate change and variability. Yet due to the limited temporal re-
solution, it is often challenging to estimate phenological characteristics
using conventional methods. Based on spectral similarities and tem-
poral autocorrelation during fall senescence processes, spectral sig-
natures acquired across multiple years were leveraged to temporally
predict the fall phenology of plant species in image-lacking years. The
phenological transition date estimated from the MSAC model helped
locate the optimal image data to be used for saltcedar monitoring for
each individual pixel. Hence this phenology-guided composite image
could accommodate the spatial and inter-annual variation in plant
phenology, and achieved greater classification accuracy than any single
Landsat image (e.g., acquired on Dec. 28 or Nov. 29) in 2004. It is
acknowledged that the accuracy assessment based on our reference data
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(resampled AISA classification image) was somewhat optimistic. The
literature provides extensive guidance on some important issues re-
garding reference data such as classification errors, residual variability,
and spatial autocorrelation, which are beyond the scope of this current
study and need to be investigated in future studies (Condés and
McRoberts, 2017; Foody, 2010; McRoberts et al., 2016). With the
synthesized Landsat time series, the MSAC model provides a new
phenological perspective to construct the composite image, which can
facilitate the repetitive mapping of invasive saltcedar over wide geo-
graphical regions.

The MSAC model provides a new solution to estimate plant phe-
nological dynamics with multiyear time series of spectral signatures.
Compared to time series of vegetation index, time series of spectral
signatures carries richer information of plant properties (e.g., leaf pig-
ment content, cell structure, and water content). To date, more than
150 vegetation indices (e.g., NDVI, EVI, soil-adjusted vegetation index
[SAVI], and NDWI) have been developed in scientific literature, with
each accentuating a particular plant property. Different vegetation in-
dices can affect estimation results of phenological transition dates no-
tably. Tracking the collective change of spectral signature along the
temporal trajectory may be a desirable alternative. The study demon-
strated that the phenology-guided composite image constructed by time
series of spectral signatures achieved a more accurate saltcedar map-
ping result than the NDVI-based composite image. The overall accuracy
increased from 73.66% (NDVI-based) to 81.26% (MSAC-based).

Further, we found that time series of spectral signatures were more
comparable both within and between years. Unlike vegetation index,
spectral signatures acquired across years can be clustered and organized
based on their spectral similarity (e.g., shape similarity or cosine dis-
tance). Compared to one-dimensional vegetation index, multi-dimen-
sional spectral signatures along the time series exhibit higher temporal
autocorrelation. Time series of spectral signatures acquired across
multiple years can be more easily integrated to conduct the temporal
interpolation, which yields richer phenological trajectory information.
Despite being developed for estimating saltcedar phenological transi-
tion dates, the components proposed in the MSAC model (i.e., time
series spectral outlier removal, time series spectral clustering, and time
series spectral matching) could set up a general workflow for exploring
plant phenological dynamics given limited Landsat imagery. The MSAC
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model may also be generalized to other plant species (e.g., deciduous
tree species and agricultural crops) for understanding their phenology.
Yet we found that the performance of the MSAC model depends on the
pixel purity level. As a pixel becomes more mixed (e.g., more hetero-
geneous areas), it is more difficult to predict the temporal pattern of
spectral signatures along the time series, and to estimate the phenolo-
gical transition dates.

In this study, the MSAC model utilizes three years' spectral sig-
natures to temporally predict the plant phenology in a certain year. It
assumes that saltcedar fractions remain relatively stable during these
three years, so as to conduct the temporal interpolation and construct
the composite image. This assumption was made according to our ex-
tensive field work in the study area, as well as similar climate and
hydrological conditions during this period. Yet the robustness of the
MSAC model to the violation of the assumption needs to be tested in
highly dynamic invasive periods, which can further shed light on how
the length of image acquisition periods affects the efficacy of synthe-
sized Landsat time series. In some cases, if saltcedar fractions do not
change much over a longer period of time, the corresponding Landsat
imagery can be leveraged together to construct the MSAC model. With
the increasing possibility of images acquired during the leaf senescence
stage being selected, the MSAC model would be more capable of
monitoring saltcedar distributions. To overcome the challenge of the
coarse temporal resolution of Landsat, in future studies it may be
beneficial to construct the time series by fusing the satellite imagery of
fine temporal resolution (e.g., MODIS) with Landsat imagery using data
fusion algorithms (e.g., Spatial and Temporal Adaptive Reflectance
Fusion Model) (Gao et al., 2006). It may also be desirable to incorporate
recently available Sentinel-2 and near-surface remote sensing (e.g.,
PhenoCam) data in constructing the synthesized time series.

The phenological transition date estimated from the MSAC model
was used to guide the construction of the composite image. Due to
limited temporal resolution of Landsat imagery, the phenological
transition date may not directly correspond to the onset of leaf senes-
cence. In this study it denotes that the corresponding image is acquired
during the leaf senescence stage. In fact, remote monitoring of pheno-
logical events is a subjective process (White et al., 1997). A variety of
methods have been developed to estimate the onset of leaf senescence
from satellite observations, each suited to a specific research question.
Yet there is no consistent definition of leaf senescence from the satellite
perspective. Through leveraging the time series of spectral signatures,
the MSAC model developed in the study offers new insights into the
remote monitoring of vegetation phenological processes. As changes in
vegetation phenology show strong couplings to climate and net eco-
system productivity, the MSAC model can also help enhance the un-
derstanding of the effects of climate change on ecosystem functioning
and biosphere-atmosphere interactions.

As the third most dominant woody plant along riparian corridors in
the western US, saltcedar has spread remarkably fast during the past
century. The rapid expansion of invasive saltcedar has considerably
altered the hydrological regimes and threatened native biotic commu-
nities. To effectively control this species and conduct the systemic re-
storation of riparian ecosystems, it is crucially essential to monitor the
distribution of saltcedar and its spatio-temporal dynamics over wide
geographical regions. Yet the repetitive monitoring of saltcedar dis-
tribution at the regional scale presents many challenges and limitations,
largely due to the spatial and inter-annual variation in saltcedar phe-
nology. To accommodate the variation, the MSAC model was developed
in this study to construct the phenology-guided composite image using
the synthesized Landsat time series. With the readily available histor-
ical archives and continuing acquisitions of Landsat imagery, the pro-
posed method shows great promise in facilitating the region-wide
monitoring of saltcedar and reevaluating the ecological effects of the
species on riparian ecosystems.
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6. Conclusions

Over the last century, the rapid expansion of saltcedar along ri-
parian corridors has gravely altered the landscape structures and dis-
rupted the ecosystem functioning in the western US. The MSAC model
was developed in this study as a workflow to monitor the inter-annual
leaf senescence of saltcedar with limited Landsat imagery. The MSAC
model integrates the spectral signatures across years to generate the
synthesized time series for estimating phenological transition dates. By
accommodating spatial and inter-annual variations in plant leaf se-
nescence timing, the MSAC-based composite image mapped saltcedar
distribution more accurately than any single Landsat image in 2004. It
also achieved greater accuracy than the monitoring strategy of con-
ventional NDVI-based composite image. Yet built upon the time series
of spectral signatures, the performance of the MSAC model may be
affected by the pixel purity level, as mixed pixels can obscure the
temporal signature patterns along the leaf phenological trajectory.
Through characterizing the leaf senescence process, the MSAC model
provides unique opportunities to guide the construction of re-
presentative composite Landsat images for repetitive mapping of salt-
cedar distributions over wide geographical regions.
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