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Abstract

Efforts are increasingly being made to classify the world’s wetland resources, an important
ecosystem and habitat that is diminishing in abundance. There are multiple remote sensing
classification methods, including a suite of nonparametric classifiers such as decision-tree (DT),
rule-based (RB), and random forest (RF). High-resolution satellite imagery can provide more
specificity to the classified end product, and ancillary data layers such as the Normalized
Difference Vegetation Index, and hydrogeomorphic layers such as distance-to-a-stream can be
coupled to improve overall accuracy (OA) in wetland studies. In this paper, we contrast three
nonparametric machine-learning algorithms (DT, RB, and RF) using a large field-based dataset (n
= 228) from the Selenga River Delta of Lake Baikal, Russia. We also explore the use of ancillary
data layers selected to improve OA, with a goal of providing end users with a recommended
classifier to use and the most parsimonious suite of input parameters for classifying wetland-
dominated landscapes. Though all classifiers appeared suitable, the RF classification outperformed
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both the DT and RB methods, achieving OA >81%. Including a texture metric (homogeneity)
substantially improved the classification OA. However, including vegetation/soil/water metrics
(based on WorldView-2 band combinations), hydrogeomorphic data layers, and elevation data
layers to increase the descriptive content of the input parameters surprisingly did not markedly
improve the OA. We conclude that, in most cases, RF should be the classifier of choice. The
potential exception to this recommendation is under the circumstance where the end user requires
narrative rules to best manage his or her resource. Though not useful in this study, continuously
increasing satellite imagery resolution and band availability suggests the inclusion of ancillary
contextual data layers such as soil metrics or elevation data, the granularity of which may define
its utility in subsequent wetland classifications.
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freshwater wetland; Lake Baikal; methodological comparison; Selenga River Delta; WorldView-2

1. Introduction

Wetlands are dynamic environments existing at the terrestrial-aquatic interface. As such,
they are vulnerable to a wide range of human-mediated environmental and hydrological
alterations associated with population growth, urbanization, and increased human
development activities. Global and regional climate change, particularly temperature
alterations and changing precipitation trends, have considerably affected wetland ecosystems
[1,2]. Despite their vital functions in biodiversity and ecosystem services (e.g., [3]),
wetlands have experienced extensive losses throughout the world in recent decades [4-8].
Intelligent planning measures and effective management policies need to be formulated to
conserve and protect existing wetland resources; to mitigate negative anthropogenic impacts
on wetlands; and to maintain wetland integrity, functioning, and resilience. Wetland
mapping and inventory are critical to acquiring the scientific knowledge about wetland
habitats, including their location, extent, and spatial distribution, as well as their vegetation
composition, structure, and density. Once this knowledge is gained, effective management
can ensue.

Satellite data have long been utilized to augment and supplant field- and aerial-based
assessment techniques [9,10]. However, due to their high spatial heterogeneity and temporal
hydrologic variability, wetlands have been among the most difficult ecosystems to classify
with remotely sensed imagery [9,11-14]. In past decades, automated image classification
approaches were extensively adopted to process satellite remote sensing imagery for
mapping and studying wetlands at a large spatial scale, reducing inconsistencies associated
with human interpretation, and creating reproducible wetland maps [15-17]. Satellite data
require unsupervised or supervised classification of the spectral signatures for wetland
characterization, and classification approaches have advanced in concert with satellite
advancements [9,18-27]. There is now a wealth of classifiers, including lterative Self-
Organizing Data Analysis Technique (ISODATA) [28-30], maximum likelihood [30,31],
artificial neural network [32,33], support vector machine [34], and ensemble approaches
[35].
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Three increasingly employed approaches for classifying remote sensing images are decision-
tree (DT), rule-based (RB), and random forest (RF) classification. All three methods are
nonparametric, and as such they are not constrained by the distribution of the predictor
variables. The DT method is an efficient inductive machine learning technique [36-38]. A
DT consists of a root-nodes-branches-leaf flowchart that is created to effectively bin data by
recursively testing attributes of the dataset at each tree node, with branches representing the
different outcomes leading to subsequent nodes, until a leaf (or terminal node) is created,
representing a class. Compared with traditional classification methods such as the maximum
likelihood and linear discriminant function classifiers, the DT method has a number of
advantages [39,40]. As a nonparametric classifier, it is robust with respect to nonlinear
interactions between variables and relatively insensitive to noisy relationships between input
attributes and class labels [41]. It makes no assumptions regarding normality for the
predictor variables and can easily accommodate both continuous and categorical data from
various measurement scales (i.e., nominal, ordinal, interval, and ratio scales [36-38]).
Examples of wetland classifications using DTs from the literature include Baker et al. [42],
who used a DT-based classification method with Landsat Enhanced Thematic Mapper Plus
imagery and both topographic and soil data to distinguish wetlands and riparian areas with
86% overall accuracy. Similarly, Wright and Gallant [13] used DTs to combine Landsat
Thematic Mapper imagery and ancillary environmental data to discriminate among five
palustrine wetland types in a large national park in the western US.

The RB approach creates a series of “if-then” rules to effectively classify landscapes, and
can similarly couple different types of data in the process (e.g., [39,43]). The RB approach is
similar to the DT approach, but generally has fewer rules and contains contextual
information within the ruleset, hence it is simpler to understand than the complex bifurcating
DTs. Domain knowledge, spatial context, and associations can also be integrated into the RB
classification algorithm. For instance, Li and Chen [44] used Landsat ETM+, Radarsat
Synthetic Aperture Radar (SAR), and elevation data in a series of “if-then” rules to classify
each pixel in their study area as open bog, open fen, tree bog, marsh, or swamp, with
classification accuracy ranging from 71 to 92%. Sader et al. [45] applied RB methods to
effectively classify Landsat TM images for discrimination between forested wetlands and
uplands. Houhoulis and Michener [46] created an RB approach to detect wetland change
coupling SPOT-XS imagery and aerially derived wetland inventory data.

The RF approach is a relatively novel classification technique based on ensemble machine
learning and has been increasingly used as a classifier of choice for remote sensing of
different types of wetlands and aquatic habitats (e.g., [47]). The RF approach, like DT and
RB, is nonparametric, robust to normal distribution departures, and can be used for both
classifications and regressions, as well as determining variable importance [48,49]. Thus, RF
has many of the benefits of DT and RB classification while overcoming several limitations,
such as overfitting [50]. Errors of bias and variance can affect the DT and RB approaches,
whereas RF avoids both errors through random selection of input-predictor variables and use
of different subsets of the same training dataset [50,51]. Examples of RF used in wetland
classification include Tian et al. [52], who used fused Pleiade-1B and multitemporal
Landsat-8 data for mapping wetland cover in an arid region in China. Corcoranet al. [53]
used multisource and multitemporal remote sensing and ancillary information such as radar

Remote Sens (Basel). Author manuscript; available in PMC 2018 August 22.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Berhane et al.

Page 4

and optical data, topographic data, and soil characteristics for mapping mixed managed and
natural wetlands of woody and herbaceous plants in Minnesota, USA. Van Beijma et al. [54]
used both the S-band and X-band quad-polarimetric airborne SAR, elevation data, and
optical remotely sensed data for mapping natural coastal salt marsh vegetation habitats.
Disadvantages of RF include a relatively longer processing time and model complexity,
especially in comparison with the DT and RB methods [51].

Increased interest in wetland ecosystems has resulted in marked advances in characterizing
and classifying wetland structure (frequently controlled by inundation patterning; see
[55,56]). An abundance of advanced satellite platforms and spatial data coupled with an
understanding of differences in functional rates based on wetland typologies (e.g., [57,58])
portends a need to choose effective classification techniques. Which technique is chosen will
hinge on the needs of the end user, who could consider trade-offs such as the simplicity of
DT or contextual nature of RB versus the classification robustness of the higher-complexity
RF approach. In this paper, we contrast and report the efficacy and accuracy of three
different classifiers, the DT, RB, and RF approaches, using a large wetland vegetation
dataset and high-resolution imagery. As end users might have different resources available,
we further explore changes in overall accuracy (OA) using parsimonious inputs (e.g., a
spartan four-band analysis) as well as highly parameterized inputs (e.g., eight bands plus
spectral metrics, hydrogeomorphic variables, and elevation data). The goal of this study is to
provide methodological recommendations to effectively, efficiently, and robustly classify a
given wetland landscape.

2. Methods
2.1. Study Area

The study area includes the Kabansky Nature Reserve and the surrounding area within the
~600 km? Selenga River Delta in southeastern Siberia, Russia [59]. The delta has a variety
of wetland habitats, from open water to emergent marshes, shrub scrub, forested wetlands,
and mixed habitats [60,61]. The delta traps suspended sediments and filters excess nutrients,
heavy metals, and other pollutants from the Selenga River [59,62]. The Selenga River Delta
was defined as a Ramsar Wetland of International Importance in 1994 for its significant flora
and fauna [63]. The Selenga River, which provides sediment and water resources to maintain
the delta, is the largest tributary to Lake Baikal and comprises ~82% of the lake’s watershed
[64] (Figure 1). The Selenga River supplies approximately 50% of water runoff and 60% of
sediments to Lake Baikal [65]. Lake Baikal, the deepest and most voluminous freshwater
lake in the world, holds approximately 20% of all liquid freshwater on Earth [63]. Located at
a relatively high latitude in a semi-arid environment, the Selenga River Delta is particularly
sensitive and vulnerable to climate change and water abstraction [66,67].

2.2. Spatial Data, Preprocessing, and Initial Field Classifications

Two cloud-free Ortho-Ready Standard (OR2A) WorldView-2 (WV2) images from 25 June
2011, and 3 July 2011, were acquired for this study. There is a 5-km-wide overlap area
between the 2 images. The WV2 multispectral imagery has 8 spectral bands (2.0 m pixel
size): coastal (400-450 nm), blue (450-510 nm), green (510-580 nm), yellow (585-625
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nm), red (630-690 nm), red-edge (705-745 nm), near infrared-1 (NIR1, 770-895 nm), and
near infrared-2 (NIR2,860-1040 nm), as well as a panchromatic band (0.5 m pixel size).

During the 2011 and 2012 field expeditions (described below), we collected 21 ground
control points (GCPs) corresponding to relatively permanent features easily identified on the
WV2 images, such as building corners, single isolated trees, “corners” (i.e., high curvature
points) of river channels, and tree stands. GCP location data were collected using the
Trimble Nomad and Yuma GPS receivers (Trimble Navigation Limited, Westminster, CO,
USA) with 100 points averaged for each location. The locational geo-accuracy error of the
WV2 images was less than 5 m as confirmed by the 21 GCPs. To make the 2 images
radiometrically comparable, the digital number values of the original WV2 images were
calibrated and converted to the top-of-the-atmosphere reflectance values, which accounts for
solar geometry differences at the 2 image acquisition dates. The combination of the 2 images
covers an area of 215 km?, including the entire Kabansky Nature Reserve and its
surrounding area (Figure 2). The WV2 data were not ortho-rectified.

We conducted a preliminary ISODATA classification to inform our field study in 2011,
initially selecting 24 classes with sufficiently high Jeffries-Matusita (J-M) separability
values [68]. After the field expedition in 2011, we conducted a maximum likelihood
classification to inform the 2012 field expedition, merging some classes to create a 22-class
wetland landscape, as detailed in Lane et al. [60,61].

2.3. Field Data

A total of 228 field data points were collected over the 2011 and 2012 expeditions (see
Figure 2). The field data were collected in July 2011 and July 2012. Homogeneous polygons
derived from the preliminary classifications (described in Section 2.2) were visited by teams
of botanists and ecologists. At least 3 unique polygons for each class were sampled across
the study area, accessed by boat, hiking, and/or wading. Vegetation and structural data were
collected at each point within a 100 m2 sampling frame established for each sampling point.
Information collected included identification of the species and relative abundance of all
plants with =10% coverage and ancillary information, including water depth, nonvegetation
abundance (i.e., bare ground), and substrate composition within the sampling frame.
Photographs were taken from the center of each polygon in the 4 cardinal directions. No
major changes occurred in the wetland systems between the 2 field data collection periods.
For this analysis, species-level abundance data were collapsed to the genus level to facilitate
comparisons among the classifiers.

2.4. Regions of Interest

Subsequent to the field expeditions, regions of interest (ROIs) were established using ENVI
(Harris Geospatial Solutions, Herndon, VA, USA, version 5.3) around each field point (i.e.,
the center of each polygon) for use in the classification. Each ROI was approximately 28
pixels in size to approximate the field sampling frame, and was normally centered on the
field point. Occasionally, an ROl was moved slightly off the field point to account for
spectral noise and/or speckling. The pixels of each ROI were ascribed that ROI’s value for
the wetland class (i.e., one of 22 classes based on the 2012 field analyses) and assigned the
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spectral and ancillary data of the pixel values described in Section 2.5. We then randomly
sampled ROls for training (77 = 158) and testing (n7= 70) datasets. Each wetland class had,
on average, 7 ROIs for training and 3 for testing (training range: 2-12 ROIs; testing range:
1-5 ROIs). The partition of training and testing datasets was performed by visually
inspecting the point distribution so that the training and/or testing datasets were distributed
in space to maximize the distance between the points, thereby minimizing the chances of
spatial autocorrelation. A total of 6262 pixels for training and 2773 pixels for testing were
identified.

2.5. Creating Spectral Metrics

Various spectral and landscape metrics can increase our ability to accurately discretize the
landscape [69,70]. We therefore calculated additional characteristics to parametrize our
models. Univariate Pearson’s product-moment linear correlation analyses among the
variables were also conducted (Table 1). Three spectral metrics expected to improve
classification accuracy were calculated based on differing ratios between spectral bands: the
Normalized Difference Vegetation Index (NDVI, [71]), Normalized Difference Water Index
(NDWI, [72]), and Normalized Difference Soil Index (NDSI, [73]).

The NDVI is a well-established indicator for the presence and condition (i.e., abundance,
vigor, and health) of vegetation [71]. The radiometrically calibrated reflectances of WV2
band 5 (Red) and band 7 (NIR1) were used to compute the NDVI. Healthy and abundant
vegetation reflects strongly in the near-infrared portion of the spectrum while absorbing
strongly in the visible red light portion, yielding high positive NDV1 values. Sparse, stressed,
and flooded vegetation has smaller positive NDV1 values. Open water bodies yield negative
values due to larger red reflectance than NIR. The NDVI values for bare soil ground are near
zero due to their similar reflectance in both bands. The NDVI value in the study area ranges
from —0.46 to 0.87 (data not shown).

We also calculated the NDWI1 following Wolf [73], based on the reflectance of WV2 band 1
(B1, Coastal) and band 8 (B8, NIR2) as ((B1 — B8)/(B1 + B8)). Water features in the NDWI
will typically have positive values, while soil and vegetation will have negative or zero
values [74]. NDWI values in the study area range from —0.61 to 0.83 (data not shown).

The NDSI discriminates soils from other background objects and was computed using WV2
shortwave bands 3 (B3, green) and 4 (B4, yellow; [73]) as ((B3 — B4)/(B3 + B4)). It is used
to quantify dissimilarities of vegetation cover density and soil properties [75]. Despite the
need for the shortwave infrared (SWIR) band to generate an index capable of discriminating
soils from other objects (i.e., brightness intensity of soils is higher at longer wavelengths),
the ratio of the aforementioned two visible bands of the WV2 dataset was consistently found
to be a robust index in similar applications capable of discriminating soil from other image
objects [73,76]. Exposed soils, non-photosynthesizing vegetation, and inundated areas tend
to exhibit negative and low positive NDSI values, while healthy vegetated areas have higher
positive NDSI values. For the study area, the NDSI ranges from —0.41 to 0.54 (data not
shown).
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We also calculated a texture metric [77] to characterize the spatial structure of the wetland
vegetation and habitat [78]. We quantified the homogeneity texture variable using Gray
Level Co-occurrence Matrices [79] with a grayscale quantification level of 64 anda 3 x 3
processing window. Water surfaces and emergent grasses have relatively smooth texture and
subsequently high homogeneity values. Forested and scrub-shrub habitats have relatively
rough texture and low homogeneity values, providing a contrast in habitat classification.
Textural values in the study area range from 0.0 to 1.0 (data not shown).

2.6. Landscape Metrics and Topographic Data

To represent spatial associations and domain knowledge [69,70], we also introduced three
hydrogeomorphic metrics: landscape/topographic position, distributary stream channels, and
surface depressions. We further assigned elevation data to each ROI.

2.6.1. Landscape/Topographic Position Variable—The Selenga River Delta has a
protruding fan shape with a loam- and sand-rich soil. The outer boundary of the delta is
configured by a chain of long sand spits (depositional sandbars) (see Figure 2). Between the
sandbar chain and the vegetated delta front is a subaqueous deltaic plain composed of silt
and clay sediments. Hydrogeomorphologically, the delta is composed of low, central, and
high portions. The low, northern, peripheral portion of the delta is subjected to regular floods
[80]. The central floodplain and southern high islands are only flooded during high floods,
and the floodplain terraces are typically not affected by floodwater. The floodplain terraces
have flat or slightly undulating surfaces, which is complicated by the natural levees along
former and present river channels [80].

We used the depositional sandbars described above to delineate the peripheral “shoreline”
extent for the Selenga River Delta. Then the shortest distance from each WV2 pixel to the
delta shoreline was created as an ancillary geographic information system (GIS) layer to
indicate the landscape/topographic position along the relevant gradient in the broader
landscape from lowlands, to midlands or central areas, to highlands. This variable is also
closely related to the magnitude of seiches created from strong prevailing winds across the
lake.

2.6.2. Distance to Stream Channels—The Selenga River enters Lake Baikal via the
Selenga Delta wetland through a complex array of channels that are active and ice-free for
approximately six months of the year. The inter-distributary bays are filled with sandy
deposits frequently redistributed by waves. The delta consists of sandy lobe islands
separated by numerous elongated and bifurcated channels [81]. Numerous distributary
channels with natural levees separate extensive marshes, and lakes, channel cutoffs, and
oxbows are abundant on the lobate islands. Natural levees with loamy sandy and sandy
alluvial deposits and meadow marshes are widespread within the lower portion of the delta.

We extracted the stream channel features from the multispectral WV2 imagery sharpened by
its panchromatic band using the NDWI thresholding method. The shortest distance from
each WV2 pixel to the stream channels was created as another ancillary GIS data layer. The
distance to distributary channels was used as a hydrogeomorphic variable to indicate the
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spatial relationship (proximity) to stream levees, closely related to elevation and flooding
frequency, which has a controlling effect on wetland vegetation.

2.6.3. Distance to Depressional Features—Ponds, lakes, and marshes were
extracted from the pan-sharpened WV2 imagery to indicate proximity to hydrogeomorphic
features characterized as surface depressions. Depressions (or the ponds, lakes, and marshes
that form in areas relatively distal to the stream network) are formed through ice-block and
water-scouring actions, the magnitude of which is controlled by the energy of the water. We
hypothesized that distance to a surface depression would be a hydrogeomorphic proxy for a
combination of exposure to water-energy and sediment transport and could inform wetland
vegetation typology. Similar to the stream channel extraction, we extracted the depressional
features (e.g., lakes, ponds) using the NDWI thresholding method along with shape indices
(see, e.9., [82]). The shortest distance from each WV2 pixel to the depressional features was
created as another ancillary GIS data layer.

2.6.4. Surface Elevation—A digital surface-elevation dataset from the Advanced
Spaceborne Thermal Emission and Reflection Radiometer-Global Digital Elevation Model
(ASTER-GDEM, 30 m spatial resolution) was used as an auxiliary predictor variable. As
with the aforementioned landscape metrics (predictors), elevation was expected to be a
proxy for wetness, with areas of lower elevation being prone to longer hydroperiods. The
dataset was projected (WGS84, UTM Zone 48 Northern Hemisphere) and resampled to a
WV2 native pixel resolution of 2 m. The elevation of the study area ranged from 419 to 484
m above sea level, with an average elevation of 446 m.

2.7. Decision-Tree, Rule-Based, and Random Forest Classification and Assessment

2.7.1. Overview—We contrasted three different classification approaches: DT, RB, and
RF. The classification models were constructed iteratively, adding information content at
each step. Each iteration was considered a “test,” and the overall accuracy of that iteration
and approach contrasted between the three methods. Models were initially constructed using
the four traditional bands: Test 1: B2 (Blue), B3 (Green), B5 (Red), B7 (NIR1). We then
added the WV2 coastal band (B1) as Test 2, as Lane et al. [60] determined that this band
could facilitate open-water and vegetated habitat discrimination in wetlands. The full eight
bands available in WV2 were analyzed (Test 3), and we then iteratively augmented the eight-
band stack in a stepwise approach with the derived indices:B1-8 plus Test 4: NDVI, Test 5:
NDWI, Test 6: NDSI, Test 7: texture, and Test 8: elevation. We tested WV2 B1-B8 plus all
spectral metrics (e.g., NDVI, NDWI, etc.) initially without boosting (Test 9), and then
adding the “boost” function described below (Test 10) for the DT and RB approaches only.
We analyzed B1-B8 plus the four spectral metrics and all three hydrogeomorphic variables
(Test 11); we subsequently analyzed the same 15-layer stack using the “boost” function for
the DT and RB approaches (Test 12). We analyzed B1-B8 plus the four spectral metrics and
all three hydrogeomorphic variables (Test 11). We subsequently analyzed the same 15-layer
stack using the “boost” function for the DT and RB approaches (Test 12). We analyzed B1-
B8 plus four spectral metrics, three hydrogeomorphic variables, and elevation initially
without boosting (Test 13), and with boosting for the DT and RB approaches only (Test 14).
Lastly, since we intended to develop classification models with the minimum number of
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input variables possible (thereby decreasing data dimensionality) while achieving the highest
possible overall accuracy, we systematically worked through model parameterization to
develop the most parsimonious models by removing highly correlated variables (see Table 1;
Tests 15 and 16).

2.7.2. Decision-Tree Classification—Both DT and RB models were developed using
C5.0 [83]. DT classification employs a hierarchy of rules in an automated, top-down,
dichotomous fashion [84-86]. C5.0 uses a recursive partition procedure to build a binary DT.
The DT is composed of different levels of nodes: a root node, a set of internal nodes
(branches), and a set of terminal nodes (leaves). The root node or whole dataset is divided
(split) into more homogeneous groups. The split at each internal node of a tree is defined by
a single predictor variable based on statistical analysis of the training data [43]. The split is
made based on determining predictor variable values with the most discriminatory power,
measured by the information gain ratio with iterative predictor-variable values in C5.0 [36].
Split nodes subsequently contain only part of the data and can further be divided until an end
node (leaf) is reached, where no further split is possible or desired. Both DT and RB models
can be improved through boosting, wherein misclassified leaves in the final model are
reanalyzed and the model reiteratively runs in an attempt to properly classify these errors.

The DT was constructed in two steps. First, a large tree was grown to fit the training data
closely. Then, the tree was pruned (or winnowed) to remove attributes that affected the error
rate. This pruning process attempted to correct overfitting errors and reduce the tree size
[36,83,87]. DT and RB models were boosted in Tests 10, 12, 14, and 16, wherein the
misclassified leaves in the final DT were reanalyzed and the model was reiteratively run in
an attempt to properly classify these errors. Boosting was conducted for 10 trials or until the
model performance failed to improve as measured by the error rate. The portion of the DT
from the 5-layer stack (WV2 coastal, green, red, and NIR1 bands plus texture) is displayed
as a branching dichotomous tree in Figure 3.

2.7.3. Rule-Based Classification—The DT developed in 2.7.2 (including the boosting
conducted in Tests 10, 12, 14, and 16) was transformed into a simpler set of “if-then” rules
in C5.0 by creating “rulesets” in the algorithm. The ruleset generated from the DT has fewer
rules than the number of leaves in the decision tree, thus it is a more compact and simpler
representation [88]. Since each conditional logic rule describes a specific context associated
with a class, it is relatively easy to examine, validate, and interpret the ruleset. The “if-then”
logic rules make the connection between wetland classes and their predictor variables. A
portion of the ruleset when using the same five-layer stack as in Figure 3 is shown in Figure
4.

2.7.4. Random Forest Classification—In contrast with the single optimal tree built
using the entire training dataset and all of the predictor variables in the DT and RB
approaches, RF creates an ensemble of trees that each provides a “vote” to select the best
classification approach. That is, class membership in a DT is decided by a single tree,
whereas the majority of votes from the assemblages of trees built by RF decide the class
assignment of a given pixel. We used the randomForest package [51] in the R statistical
software environment (RStudio, Inc., Boston, MA, USA, version 1.0.143). Each RF tree was
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built by training each DT (ntree) with a random subset of the predictor-variables (mtry) from
the training dataset with a replacement [49,89]. Based on the preliminary analyses, we
selected RF models comprising ntree = 1000 trees, 1000 bootstrap (or “out-of-box”, OOB)
samples to assess internal model error, and tested multiple predictor variables (i.e., mtry =
the square root of the total number of input variables, either 2, 3, or 4) at each split as we
tested from the simplest to the most complex model (i.e., 4-, 9-, and 16-layer stacks).

2.7.5. Accuracy Assessment—Each ROI pixel in the training dataset (i.e., 158 ROlIs
composed of 6262 pixels) was used to construct DT, RB, and RF models, ranging from the
relatively simple (i.e., four bands as input) to complex (i.e., 16 data layers including eight
bands, four spectral metrics, three hydrogeomorphic metrics, and elevation). The holdout 70
ROI (2773 pixels) as a validation dataset was used to assess the prediction accuracy of the
approach across all 16 tests, resulting in an average of 103 validation pixels generated per
class for each of the 22 classes in the evaluation. Performance measures included overall
accuracy, class-wise producer’s accuracy (PA; errors of omission), and class-wise user’s
accuracy (UA,; errors of commission). We quantitatively assessed if the observed difference
in the classification accuracies between the “best” or most accurate application of each of
the approaches was statistically meaningful using 95% confidence intervals [90].

3. Results

3.1. Field Data Collection

Fifty-two different plant genera were found at =10% coverage in our 228 sampling frames.
Members of the genera Equisetum and Carex were most commonly found, with 58 and 45
sites, respectively. Nymphoides (41 sites) and Salix (27 sites) were also commonly
encountered. Open water (100 sites) and thatch (45 sites) were also noted to cover >10% of
the sampling frame in the field sites. Fourteen genera were encountered only a single time.
Because the main goal of this paper is to determine the effectiveness of the DT, RB, and RF
approaches, we do not further describe the ecology of the wetland classes here (but see
[60,61]).

3.2. Decision-Tree, Rule-Based, and Random Forest Classification Accuracy and

Complexity

We examined the performance of the DT, RB, and RF approaches based on a random sample
of 2773 validation pixels, determined from field-sampled sites and independent of the
training pixels. Performance measures included OA, class-wise PA (errors of omission), and
class-wise UA (errors of commission).

3.2.1. Classification Accuracy—The training and testing dataset ROls were
independent and widely distributed across the study area, minimizing the potential for
spatial autocorrelation by predictor variables. As shown in Table 2, the OA on the testing
dataset ranged from 54.8 (Test 11: 15-layer stack and RB classification) to 81.2% (Test 16:
5-layer stack and RF classification). The highest OAs for DT and RB were 80.7% (Test 16)
and 80.0% (Test 10), respectively. Both tests achieved the highest accuracy with boosted
classification. Test 16 was also the highest-performing RF classification (81.2% OA). We
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assessed the classification accuracy of the best-performing models for each approach, and,
as the 95% confidence intervals overlapped, we found no significant differences between the
test results (DT Test 16, RB Test 10, and RF Test 16).

3.2.2. The Effects of Additional Bands and Input Parameters—Similar to Lane
et al. [60], we found that the addition of available spectral bands in WV2 increased OA
(Tests 1 and 3) across the DT, RB, and RF models by 6.2%, 8.2%, and 3.6%, respectively.
The improvements from adding derived indices (i.e., NDVI, NDWI, NDSI) vacillated across
the three approaches, with no marked increase in overall accuracy (e.g., Tests 4 to 6), but
adding texture increased OA by 3-5%, depending on the approach (contrasting Test 3 with
Test 7). As the 22 wetland classes were composed of different hydroperiods and inundation
regimes, vegetative structures, and soil characteristics that affect the spectral signal received
by the WV2 sensors, particular classes (e.g., those with abundant forest structure) might
respond with substantial increases (or decreases) in comparative accuracy between different
tests.

However, contrary to our expectations, including hydrogeomorphic variables and/or
elevation data resulted in a marked decrease in OA across all approaches (e.g., contrast Test
3, Test 8, and Test 11 with Test 14 across all approaches in Table 2). For example, including
the elevation dataset decreased the OA by 11.5%, 12.8%, and 1.4% for DT, RB, and RF,
respectively (e.g., contrast Test 3 and Test 8 in Table 2). Similarly, including three
hydrogeomorphic variables (landscape position, distance to stream channels, and distance to
depressional features; Sections 2.6.1-2.6.3) along with the eight multispectral bands and
four spectral indices resulted in a decrease in OA by 21.9% for DT and 23.9% for RB (Test
9 and Test 11, Table 2). With the boost function, there were similar decreases in OA, 19.9%
for DT and 21.1% for RB (Test 10 and Test 12). A similar decrease was also observed for
RF, though by a smaller amount, 5.9% (see Table 2).

Removing highly correlated (|r| = 0.89) predictor variables (e.g., B2, blue; B4, yellow; B6,
red-edge; and B8, NIR2; see Table 1) from Test 7 yielded approximately the same OA
results as shown in Test 16 (see Table 2): 80.7% for DT and 81.2% for RF. Consequently, for
DT and RF, the models that combined parsimony and accuracy were built using a five-layer
stack of input variables (Test 16: B1, coastal; B3, green; B5, red; and B7, NIR1; and
texture). Using the same parsimonious predictor variables, a lower OA of 77.8% was
achieved for RB (i.e., in contrast with Test 10, 80.0% RB OA).

4. Discussion

4.1. Random Forest as the Classifier of Choice

In all iterations (see Table 2), the RF model outperformed both DT and RB. In addition, the
RF model appeared to better handle an increasing number of predictor variables that resulted
in higher OA, demonstrating its ability to effectively process complex and highly
dimensional datasets. Furthermore, RF provides useful information to the end user in terms
of mean decrease in Gini (MDG, [49]), a measure of the relative importance of different
predictor variables affecting overall accuracy. Though not the focus of this study, the MDG
indicates that NIR1 (B7) has the greatest effect on overall model accuracy in the best RF

Remote Sens (Basel). Author manuscript; available in PMC 2018 August 22.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Berhane et al.

Page 12

model (Test 16, data not shown). Therefore, end users wishing to increase OA could
consider ensuring that NIR1 (B7) is used in models addressing their study area, focusing the
development of additional indices to improve OA on other information content in the
spectral data (e.g., focusing on the effects of soil reflectance, or calculating texture metrics).

DT and RB models were able to approximate the RF results (e.g., OA between all three
approaches was within 0.5% in Test 10 and 3.5% in Test 16), and overlapping confidence
intervals indicated no significant differences between the different approaches [90]. DT and
RB were only able to achieve near parity with RF through the use of the boost function in
C5.0. Similar to the voting aspect of RF, the boost function predicts a given class assignment
by using the majority of votes from multiple classifiers as opposed to a single tree or ruleset.
Moreover, similar to the random selection of input variables (mtry) by RF, the ability to
make subsets of the predictor variables to construct the DTs and rulesets was achieved
through the “winnowing” mechanism of the C5.0 package. However, relative to RF, these
different steps in the DT and RB approaches require additional processing and user input.

Throughout the literature we found many instances of users classifying landscapes with DT
and RB methods, but we found only one, Rodriguez-Galiano et al. [91], that contrasted the
outcome between a DT and RF. In their study, they mapped 14 land-cover categories using
Landsat TM and ancillary datasets with OA of 86% for the DT approach. Similar to our
efforts, RF increased OA to 92%, and RF also outperformed DT/RB when model parsimony
was optimized.

However, RF is considered a “black box” model, wherein much of the algorithm is
performed in the virtual background [92]. That requires accepting the outcomes or laborious
efforts to unpack the algorithm. In addition, RF OA can be sensitive to the distribution of
ROIs; unequal distribution can affect the RF outcome relative to a balanced approach
[93,94]. However, it appears the benefits of RF outweigh the detriments, and as such we
suggest that end users strongly consider using RF in their classification applications.

DT and RB may be useful when the rules and/or tree nodes and splits are contextually
relevant and useful to end users [84], versus the aforementioned “black box” nature of RF
resulting in difficult rule extraction and model comprehension. Should end users rely on DT
and RB approaches, we recommend using the boost and winnowing functions of the C5.0
package, which could improve the OA of the DT and RB classifications.

4.2. Overall Accuracy with a Large Suite of Classes

Whereas land cover classification is common, using remotely sensed data to specifically
assess and conduct wetland classification is somewhat rarer (see, e.g., [95] for a detailed
review of approaches). Furthermore, we have found that most wetland classifications limit
the classes to a relatively small number, depending on the end goals of the user (e.g., 10 to
11 classes, [9,96]). The deltaic wetland we studied was discriminated into 22 classes, which
set a high bar for achieving acceptable overall classification accuracy. We would have
expected higher OA if we had fewer classes, or if we targeted certain classes and perhaps
merged them together.
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The 22 classes had high Jeffries-Matusita (J-M) separability values [68] Table 3). These
values range from 0.00 to 2.00, with values <1.0 suggesting poor separability and values
approaching 2.0 indicating high separability; we found 18 contrasts with J-M values less
than an arbitrary 1.75, and only two instances where the J-M values were <1.20 (Class 8 and
Class 9; Class 21 and Class 22). As evidenced by the above findings, lower J-M values
typically occurred along neighboring classes, as might be expected. Dubeauet et al. [97]
classified a headwater wetland ecosystem in the Dabus River basin, a large tributary of the
Abay-Blue-Nile River in Ethiopia, using Landsat TM and an RF approach. Similar to our
findings, they found that among the eight wetland types and three upland classes, the
greatest confusion was between similar neighboring plant types and vegetation structures
(e.g., greater confusion within herbaceous classes than between herbaceous and woody/
shrub or open water classes). In general, our table-wide J-M average was 1.95, suggesting
that the 22 classes were well discriminated by the high-resolution WV2 data.

4.3. Metrics, Classes, Spectral Bands, and Hydrogeomorphic Variables

Using vegetative, soil, and hydrologic indicators based on various band combinations
(NDVI, NDSI, and NDWI, respectively) did not markedly improve the classification. This is
similar to the findings of Berhane et al. [47], who reported decreased classification OA
(and/or no meaningful change) when exploring the influence of over 30 predictor variables
on classification accuracy (using Quickbird imagery), including the NDWI, NDVI, and a
functionally similar soil metric, the NDSI. However, they did find increased OA when
incorporating a metric functionally similar to the NDWI, the Water Ratio Index [98]. Thus,
though the primary goal in this study was to contrast the three classification approaches, in
order to fully and accurately characterize the wetland landscape, full consideration of a
multitude of band combinations should be explored (see, e.g., [47], Table 1, for a list of
potential metrics to consider; see also [95]).

The results of this study, as well as those of Franklin and Peddle [78], Lane et al. [60,61],
Berhane et al. [47], and others, show that including the homogeneity texture variable,
calculated using the Gray Level Co-occurrence Matrices [79], did substantially improve
classification OA. Water surfaces and emergent grasses have relatively smooth texture and
subsequently high homogeneity values. Increasing vegetative structure, such as that found in
forested and shrub-scrub wetland habitats, imparts relatively rough texture and low
homogeneity values, apparently providing a useful contrast in wetland vegetation and habitat
classification. These structural features of different wetland vegetation types, as determined
by the texture measure included in this study, are thus recommended to provide a useful and
additive metric to improve classification outcomes.

There appears to be relatively strong discriminatory power among the spectral bands when
used in combination; exploring the median distribution of the WV2 bands across the 22
classes (Figure 5) supports this statement. In other words, the fact that the derived metrics,
notwithstanding texture, did not markedly improve OA appears to be a manageable situation,
wherein these data alone can provide useful information to the end user. This is further
supported by the relatively high ~75% OA for the eight WV2 bands when analyzed as an 8-
band stack (Test 3, Table 2). For instance, NIR1 and NIR2 have values closer to zero for
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Classes 1-7 (excluding Class 4) and increase linearly through to Class 22, with relatively
minor overlap between median reflectance values among the wetland classes in this study.
Interestingly, the remaining six bands indicate that the classes may be visually discriminated
into approximately four clusters: Classes 1-5, Classes 613, Classes 14-16, and Classes 17—
22; these may be further explored to better understand wetland classification and ecology.
For instance, we found that our classification followed a wet-to-dry gradient, as evidenced
by the vegetation data in Figure 6 and more closely explored in the wet-to-dry, north-to-
south gradient evidenced in Figure 7A—H. Deeper waters and submerged vegetation
manifested in the northern portion of the study area, and emergent vegetation and facultative
upland genera were found in the southern portions.

With this distribution of wetland classes following a wet-to-dry gradient, we were surprised
that our hydrogeomorphic and elevation data did not improve the classification. Indeed,
including these variables decreased overall accuracy (e.g., Test 9 versus Test 11, Table 2; see
also Test 3 and Test 8 for elevation effects). The elevation effect may be ascribed to the
relatively flat nature of the delta, where the granularity of the topographic terrain provided
no meaningful or discernable attribute information about the wetland classes to the
classifiers, but rather imparted noise. We had expected elevation to play an important role, as
even slight differences in elevation can dramatically affect inundation patterning, soil
biogeochemistry, and vegetative structure. Perhaps if a higher-resolution DEM was found for
the study area, we might find it a useful input variable.

Similarly, including three hydrogeomorphic variables (landscape position, distance to stream
channels, and distance to depressional features; Sections 2.6.1-2.6.3) decreased overall
accuracy by approximately 20% for DT and RB and 5% for RF (e.g., Tests 9 and 11, and
Tests 10 and12 in Table 2). The complexity of the delta, wherein stream networks and
channels are constantly migrating, affecting inundation patterning and water clarity and
modifying hydrologic gradients, likely also meant that the granularity of our
hydrogeomorphic variables was too coarse. We suspect that further refinement of
hydrogeomorphic variables may improve their influence on OA (e.g., incorporating stream
width, flow direction, and proportion of flow, as an energy surrogate, may correlate with the
distribution of the wetland habitats).

5. Conclusions

In this paper, we systematically and comprehensively evaluated the utility of three
nonparametric machine-learning algorithms (DT, RB, and RF) for effective supervised
classification of 22 complex freshwater deltaic wetland vegetation and aquatic habitats in the
Selenga River Delta of Lake Baikal, Russia. The use of WV2 multispectral bands, derived
spectral indices, and ancillary data was optimized through iterative modeling and predictor
variable selection to achieve a satisfyingly accurate working model. Our analysis shows that
DT, RB, and RF classification methods provide a suitable framework to combine different
types of data sources, accommodating image-derived indices and ancillary hydrogeomorphic
variables in addition to image spectral bands and elevation datasets. The OA of the DT, RB,
and RF classification methods ranged from 54.8 to 81.2%. The RF classification
outperformed both the DT and RB classifications; performance is approximately equal when
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boost and winnowing functions, available in the C5.0 package, were used. We conclude that
RF can be used as the classifier of choice in most cases, except, potentially, in situations
where end users require narrative rules to best manage their resources. That would call for
the DT or RB approach, though the breadth and abundance of rules (upwards of 140 rules or
tree leaves to achieve OA =80%); see Table 2) may be daunting. Including a texture metric
(homogeneity) substantially improved the classification OA. However, we were surprised
that including vegetation/soil/water metrics (based on band combinations),
hydrogeomorphic, and elevation data layers did not markedly improve OA. This may be a
result of the complexity of the deltaic wetland system, which requires finer-resolution spatial
data to meaningfully improve classification models.

Acknowledgments:

This paper has been reviewed in accordance with the U.S. Environmental Protection Agency’s peer-review policies
and approved for publication. Mention of trade names or commercial products does not constitute endorsement of
recommendation for use. Statements in this publication reflect the authors’ personal views and opinions and should
not be construed to represent any determination of policy of the U.S. Environmental Protection Agency. The
research of O.A. Anenkhonov and V.V. Chepinoga was carried out using the framework of projects 0337-2016-0001
and 0347-2016-003 accordingly, supported by the Russian Federal Budget.

References

1. Titus J; Hudgens D; Trescott D; Craghan M; Nuckols W; Hershner C; Kassakian J; Linn C; Merritt
P; McCue T State and local governments plan for development of most land vulnerable to rising sea
level along the US Atlantic coast. Environ. Res. Lett 2009, 4, 044008.

2. Klemas V Remote sensing of wetlands: Case studies comparing practical techniques. J. Coast. Res
2011, 27, 418-427.

3. Biggs J; von Fumetti S; Kelly-Quinn M The importance of small waterbodies for biodiversity and
ecosystem services: Implications for policy makers. Hydrobiologia 2017, 793, 3-39.

4, Mitsch W; Gosselink J Wetlands, 2nd ed.; Van Nostrand Reinhold Press: New York, NY, USA,
1993.

5. Finlayson C; Davidson N; Spiers A; Stevenson N Global wetland inventory-current status and future
priorities. Mar. Freshw. Res 1999, 50, 717-727.

6. Dahl TE Status and Trends of Wetlands in Conterminous United States 1986 to 1997; U.S. Fish and
Wildlife Service, Branch of Habitat Assessment: Onalaska, W1, USA, 2000.

7. Dahl TE; Watmough MD Current approaches to wetland status and trends monitoring in prairie
Canada and the continental United States of America. Can. J. Remote Sens 2007, 33,17-27.

8. Creed I; Lane C; Serran J; Alexander L; Basu N; Calhoun A; Christensen J; Cohen M; Craft C;
D’Amico E; et al. Enhancing protection for vulnerable waters. Nat. Geosci 2017,10, 809-815.
[PubMed: 30079098]

9. Ozesmi SL; Bauer ME Satellite remote sensing of wetlands. Wetl. Ecol. Manag 2002, 10, 381-402.

10. Adam E; Mutanga O; Rugege D Multispectral and hyperspectral remote sensing for identification
and mapping of wetland vegetation: A review. Wetl. Ecol. Manag 2010,18, 281-296.

11. Hess LL; Melack JM; Filoso S; Wang Y Delineation of inundated area and vegetation along the
Amazon floodplain with the SIR-C synthetic aperture radar. IEEE Trans. Geosci. Remote Sens
1995, 33, 896-904.

12. Wickham J; Stehman S; Smith J; Yang L Thematic accuracy of the 1992 National Land-Cover
Data for the western United States. Remote Sens. Environ 2004, 91, 452—-468.

13. Wright C; Gallant A Improved wetland remote sensing in Yellowstone National Park using
classification trees to combine TM imagery and ancillary environmental data. Remote Sens.
Environ 2007,107, 582-605.

Remote Sens (Basel). Author manuscript; available in PMC 2018 August 22.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Berhane et al.

14.

15.

16.
17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.
30.

31.

32.

33.

34.

35.
36.
37.

Page 16

Bourgeau-Chavez LL; Riordan K; Powell RB; Miller N; Nowels M Improving wetland
characterization with multi-sensor, multi-temporal SAR and optical/infrared data fusion In
Advances in Geosciences and Remote Sensing; InTechOpen Press: London, UK, 2009; pp. 679—
708.

Finlayson C; Valk AG Wetland classification and inventory: A summary. Plant Ecol.
1995,118,185-192.

Guo M; Li J; Sheng C; Xu J; Wu L A review of wetland remote sensing. Sensors 2017,17, 777.
Mahdavi S; Salehi B; Granger J; Amani M; Brisco B; Huang W Remote sensing for wetland
classification: A comprehensive review. GISci. Remote Sens 2017.

Huguenin RL; Karaska MA; Van Blaricom D; Jensen JR Subpixel classification of Bald Cypress
and Tupelo Gum trees in Thematic Mapper imagery. Photogramm. Eng. Remote Sens 1997, 63,
717-724.

Oki K; Oguma H; Sugita M Subpixel classification of alder trees using multitemporal Landsat
Thematic Mapper imagery. Photogramm. Eng. Remote Sens 2002, 68, 77-82.

Stankiewicz K; Dabrowska-Zielinska K; Gruszczynska M; Hoscilo A Mapping vegetation of a
wetland ecosystem by fuzzy classification of optical and microwave satellite images supported by
various ancillary data. Remote Sens. Agric. Ecosyst. Hydrol 2003, 4879, 352-361.

Shanmugam P; Ahn YH; Sanjeevi S A comparison of the classification of wetland characteristics
by linear spectral mixture modelling and traditional hard classifiers on multispectral remotely
sensed imagery in Southern India. Ecol. Model 2006,194, 379-394.

Fournier RA; Grenier M; Lavoie A; Helie R Towards a strategy to implement the Canadian
wetland inventory using satellite remote sensing. Can. J. Remote Sens 2007, 33, S1-S16.

Grenier M; Labrecque S; Garneau M; Tremblay A Object-based classification of a SPOT-4 image
for mapping wetlands in the context of greenhouse gases emissions: The case of the Eastmain
region, Quebec, Canada. Can. J. Remote Sens 2008, 34, S398-S413.

Wang J; Lang PA Detection of cypress canopies in the Florida Panhandle using subpixel analysis
and GIS. Remote Sens. 2009,1,1028-1042.

Frohn R; Autrey B; Lane C; Reif M Segmentation and object-oriented classification of wetlands in
a karst Florida landscape using multi-season Landsat-7 ETM+ imagery. Tnt. J. Remote Sens 2011,
32, 1471-1489.

Powers RP; Hay GJ; Chen G How wetland type and area differ through scale: A GEOBIA case
study in Alberta’s Boreal Plains. Remote Sens. Environ 2011,117,135-145.

Hird J; DeLancey E; McDermid G; Kariyeva J Google Earth Engine, open-access satellite data,
and machine learning in support of large-area probabilistic wetland mapping. Remote Sens. 2017,
9, 1315.

Ball GH; Hall DJ ISODATA, A Novel Method of Data Analysis and Pattern Classification; DTIC
Document; Stanford Research Inst Menlo Park CA: Menlo Park, CA, USA, 1965.

Jain A; Dubes R Algorithms for Clustering Data; Prentice Hall: Englewood Cliffs, NJ, USA, 1988.
Jensen JR Introductory Digital Image Processing, 3rd ed.; Prentice Hall: Upper Saddle River, NJ,
USA, 2005.

Foody GM; Campbell NA; Trodd NM; Wood TF Derivation and applications of probabilistic
measures of class membership from the maximum likelihood classification. Photogramm. Eng.
Remote Sens 1992, 58, 1335-1341.

Lek S; Guegan J Artificial neural networks as a tool in ecological modeling, an introduction. Ecol.
Model 1999, 120, 65-73.

Dixon B; Candade N Multispectral landuse classification using neural networks and support vector
machines: One or the other, or both? Int. J. Remote Sens 2008,29,1185-1206.

Mountrakis M; Im J; Ogole C Support vector machines in remote sensing: A review. ISPRS J.
Photogramm. Remote Sens 2011, 66, 247-259.

Breiman L Bagging predictors. Mach. Learn 1996, 24,123-140.
Quinlan JR Learning decision tree classifiers. ACM Comput. Surv. (CSUR) 1996,28, 71-72.

Quinlan JR Data Mining Tools see5 and ¢5. 0. 2004 Available online: http://www.rulequest.com/
see5-info.html (accessed on 21 March 2018).

Remote Sens (Basel). Author manuscript; available in PMC 2018 August 22.


http://www.rulequest.com/see5-info.html
http://www.rulequest.com/see5-info.html

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Berhane et al.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.
51.
52.

53.

54.

55.

56.

57.

58.

59.

60.

Page 17

Kuhn M; Johnson K Classification trees and rule-based models In Applied Predictive Modeling;
Springer: New York, NY, USA, 2013; pp. 369-413.

Hansen M; Dubayah R; DeFries R Classification trees: An alternative to traditional land cover
classifiers. Int. J. Remote Sens 1996,17,1075-1081.

DeFries R; Hansen M; Townshend J; Sohlberg R Global land cover classifications at 8 km spatial
resolution: The use of training data derived from Landsat imagery in decision tree classifiers. Int.
J. Remote Sens 1998,19, 3141-3168.

Clark L; Pregibon D; Chambers J; Hastie T Tree-Based Models In Statistical Models in S;
Routledge: Abingdon, UK, 1992; pp. 377-419.

Baker C; Lawrence R; Montagne C; Patten D Mapping wetlands and riparian areas using Landsat
ETM+ imagery and decision-tree-based models. Wetlands 2006,26, 465-474.

Friedl MA; Brodley CE Decision tree classification of land cover from remotely sensed data.
Remote Sens. Environ 1997, 61, 399-4009.

Li J; Chen W A rule-based method for mapping Canada’s wetlands using optical, radar and DEM
data. Int. J. Remote Sens 2005, 26, 5051-5069.

Sader SA; Ahl D; Liou W-S Accuracy of Landsat-TM and GIS rule-based methods for forest
wetland classification in Maine. Remote Sens. Environ 1995, 53,133-144.

Houhoulis PF; Michener WK Detecting wetland change: A rule-based approach using NWI and
SPOT-XS data. Photogramm. Eng. Remote Sens 2000, 66, 205-211.

Berhane TM; Lane CR; Wu Q; Anenkhonov OA; Chepinoga V'V, Autrey BC; Liu H Comparing
pixel- and object-based approaches in effectively classifying wetland-dominated landscapes.
Remote Sens. 2018,10, 46.

Kotsiantis S Combining bagging, boosting, rotation forest and random subspace methods. Artif.
Intell. Rev 2011, 35, 223-240.

Belgiu M; Dragut L Random forest in remote sensing: A review of applications and future
directions. ISPRS J. Photogramm. Remote Sens 2016,114, 24-31.

Breiman L Random forests. Mach. Learn 2001, 45, 5-32.

Liaw A; Wiener M Classification and regression by randomForest. R News 2002, 2,18-22.

Tian S; Zhang X; Tian J; Sun QR Random forest classification of wetland landcovers from multi-
sensor data in the arid region of Xinjiang, China. Remote Sens 2016, 8, 954.

Corcoran J; Knight J; Gallant A Influence of multi-source and multi-temporal remotely sensed and
ancillary data on the accuracy of random forest classification of wetlands in Northern Minnesota.
Remote Sens. 2013, 5, 3212-3238.

Van Beijma S; Comber A; Lamb A Random forest classification of salt marsh vegetation habitats
using quad-polarimetric airborne SAR, elevation and optical RS data. Remote Sens. Environ
2014,149,118-129.

Vanderhoof MK; Alexander LC; Todd MJ Temporal and spatial patterns of wetland extent
influence variability of surface water connectivity in the Prairie Pothole Region, United States.
Landsc. Ecol 2016, 31, 805-824.

DeVries B; Huang C; Lang M; Jones J; Hiang W; Creed I; Carroll M Automated quantification of
surface water inundation in wetlands using optical satellite imagery. Remote Sens. 2017, 9, 807.
Lane CR; D’Amico E Calculating the ecosystem service of water storage in isolated wetlands
using LiDAR in North Central Florida, USA. Wetlands 2010, 30, 967-977.

Lane CR; Autrey BC; Jicha T; Lehto L; Elonen C; Seifert-Monson L Denitrification potential in
geographically isolated wetlands of North Carolina and Florida, USA. Wetlands 2015, 35, 459—
471.

Chalov S; Thorslund J; Kasimov N; Aybullatov D; Ilyicheva E; Karthe D; Kositsky A; Lychagin
M; Nittrouer J; Pavlov M; et al. The Selenga River Delta: A geochemical barrier protecting Lake
Baikal water. Reg. Environ. Chang 2017,17, 2039-2053.

Lane CR; Liu H; Autrey BC; Anenkhonov OA; Chepinoga VV; Wu Q Improved wetland
classification using eight-band high resolution satellite imagery and a hybrid approach. Remote
Sens. 2014, 6,12187-12216.

Remote Sens (Basel). Author manuscript; available in PMC 2018 August 22.



1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Berhane et al.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

Page 18

Lane CR; Anenkhonov O; Liu H; Autrey BC; Chepinoga V Classification and inventory of
freshwater wetlands and aquatic habitats in the Selenga River Delta of Lake Baikal, Russia, using
high-resolution satellite imagery. Wetl. Ecol. Manag 2015, 23,195-214.

Khazheeva Z; Tulokhonov A; Yao R; Hu W Seasonal and spatial distribution of heavy metals in the
Selenga River Delta. J. Geogr. Sci 2008,18, 319-327.

Brunello AJ; Molotov VC; Dugherkhuu B; Goldman C; Khamaganova E; Strijhova T; Sigman R
Lake Baikal Management Experience and Lessons Learned Brief. 2008 Available online: http://
iwlearn.net/documents/10304 (accessed on 21 March 2018).

Garmaev EJ; Khristoforov AV Water Resources of the Rivers of the Lake Baikal Basin: Basics of
Their Use and Protection; Geo: Novosibirsk, Russia, 2010.

Potemkina T Hydrological-morphological zoning of the mouth zone of the Selenga River. Water
Resour. 2004, 31,11-16.

Moore M; Hampton S; Izmest’eva L; Silow E; Peshkova E; Pavlov B Climate change and the
world’s “Sacred Sea” Lake Baikal, Siberia. Bioscience 2009, 59, 405-417.

Thorslund J; Jarsjd J; Chalov SR; Belozerova EV Gold mining impact on riverine heavy metal
transport in a sparsely monitored region: The upper Lake Baikal Basin case. J. Environ. Monit
2012,14, 2780-2792. [PubMed: 22976382]

Richards JA; Jia X Feature reduction In Remote Sensing Digital Image Analysis; Springer: Berlin/
Heidelberg, Germany, 1999; pp. 239-257.

King R Land cover mapping principles: A return to interpretation fundamentals. Int. J. Remote
Sens 2002, 23, 3525-3545.

Daniels AE Incorporating domain knowledge and spatial relationships into land cover
classifications: A rule-based approach. Int. J. Remote Sens 2006, 27, 2949-2975.

Tucker CJ Red and photographic infrared linear combinations for monitoring vegetation. Remote
Sens. Environ 1979, 8,127-150.

Gao B NDWI-A normalized difference water index for remote sensing of vegetation liquid water
from space. Remote Sens. Environ 1996, 58, 257-266.

Wolf A Using Worldview 2 Vis-NIR MSI Imagery to Support Land Mapping and Feature
Extraction Using Normalized Difference Index Ratios; Digital Globe: Longmont, CO, USA, 2010.
McFeeters SK Using the normalized difference water index (NDWI) within a geographic
information system to detect swimming pools for mosquito abatement: A practical approach.
Remote Sens. 2013, 5, 3544-3561.

Parviainen M; Zimmermann N; Heikkinen R; Luoto M Using unclassified continuous remote
sensing data to improve distribution models of red-listed plant species. Biodivers. Conserv 2013,
22,1731-1754.

Sakamoto T; Van Nguyen N; Kotera A; Ohno H; Ishitsuka N; Yokozawa M Detecting temporal
changes in the extent of annual flooding within the Cambodia and the Vietnamese Mekong Delta
from MODIS time-series imagery. Remote Sens. Environ 2007, 3, 295-313.

Yamagata Y; Yasuoka Y Classification of wetland vegetation by texture analysis methods using
ERS-1 and JERS-1 images. In Proceedings of the IEEE International Geoscience and Remote
Sensing Symposium 1993 (IGARSS’93), Better Understanding of Earth Environment, Tokyo,
Japan, 18-21 8 1993; pp. 1614-1616.

Franklin SE; Peddle DR Classification of SPOT HRV imagery and texture features. Remote Sens.
1990,11, 551-556.

Haralick RM; Shanmugam K; Dinstein IH Textural features for image classification. IEEE Trans.
Syst. Man Cybern 1973, 3, 610-621.

Gyninova B; Gyninova A; Balsanova L Genesis and evolution of soils in the Selenga river delta.
Mosc. Univ. Soil Sci. Bull 2008, 63,171-177.

Gyninova A; Korsunov V The soil cover of the Selenga delta area in the Baikal region. Eur. Soil
Sci 2006, 39, 243-250.

Liu H; Wang L; Sherman D; Gao Y; Wu Q An object-based conceptual framework and
computational method for representing and analyzing coastal morphological changes. Int. J.
Geogr. Inf. Sci 2010, 24, 1015-1041.

Remote Sens (Basel). Author manuscript; available in PMC 2018 August 22.


http://iwlearn.net/documents/10304
http://iwlearn.net/documents/10304

1duosnuel Joyiny vd3 1duosnuep Joyiny vd3

1duosnue Joyiny vd3

Berhane et al.

83.

84.

85.

86.

87.

88.

89.

90.

9L

92.

93.

94.

95.

96.

97.

98.

Page 19

Frick A; Steffenhagen P; Zerbe S; Timmermann T; Schulz K Monitoring of the vegetation
composition in rewetted peatland with iterative decision tree classification of satellite imagery.
Photogramm. Fernerkund. Geoinf 2011, 2011,109-122.

Hansen M; Defries R; Townshend J; Sohlberg R Global land cover classification at 1 km spatial
resolution using a classification tree approach. Int. J. Remote Sens 2000, 21,1331-1364.

DeFries R; Chan JC-W Multiple criteria for evaluating machine learning algorithms for land cover
classification from satellite data. Remote Sens. Environ 2000, 74,503-515.

Simard M; Grandi GD; Saatchi S; Mayaux P Mapping tropical coastal vegetation using JERS-1
and ERS-1 radar data with a decision tree classifier. Int. J. Remote Sens 2002, 23,1461-1474.

Kearns M; Mansour Y; Ng AY An information-theoretic analysis of hard and soft assignment
methods for clustering In Learning in Graphical Models; Springer: Berlin/Heidelberg, Germany,
1998; Volume 89, pp. 495-520.

Lakkaraju H; Bach S; Leskovec J Interpretable decision sets: A joint framework for description and
prediction In Proceedings of the 22nd ACM SIGKDD International Conference on Knowledge
Discovery and Data Mining (KDD’16), San Francisco, CA, USA, 13-17 August 2016.

Chan J; Paelinckx D Evaluation of random forest and adaboost tree-based ensemble classification
and spectral band selection for ecotope mapping using airborne hyperspectral imagery. Remote
Sens. Environ 2008,112,2999-3011.

Foody G Classification accuracy comparison: Hypothesis tests and the use of confidence intervals
in evaluations of difference, equivalence and non-inferiority. Remote Sens. 2009,113,1658-1663.
Rodriguez-Galiano V; Ghimire B; Rogan J; Chica-Olmo M; Rigol-Sanchez J An assessment of the
effectiveness of a random forest classifier for land-cover classification. ISPRS J. Photogramm.
Remote Sens 2012, 67, 93-104.

Prasad AM; Iverswon LR; Liaw A Newer classification and regression tree techniques: Bagging
and random forests for ecological prediction. Ecosystems 2006, 9,181-199.

Stumpf A; Kerle N Object-oriented mapping of landslides using random forests. Remote Sens.
Environ 2011,115,2564-2577.

Millard K; Richardson M On the importance of training data sample selection in random forest
image classification: A case study in peatland ecosystem mapping. Remote Sens. 2015, 7, 8489—
8515.

Wu Q GIS and remote sensing applications in wetland mapping and monitoring In Comprehensive
Geographic Information Systems; Huang B, Ed.; Elsevier: Oxford, UK, 2018; pp. 140-157.
Dronova J Object-based image analysis in wetland research: A review. Remote Sens. 2015, 7,
6380-6413.

Dubeau P; King D; Unbushe D; Rebelo L Mapping the Dabus wetlands, Ethiopia, using random
forest classification of Landsat, PALSAR and topographic data. Remote Sens. 2017, 9,1056.
Wauest B; Zhang Y Region based segmentation of Quickbird multispectral imagery through bands
ratios and fuzzy comparison. ISPRS J. Photogramm. Remote Sens 2009, 64, 55-64.

Remote Sens (Basel). Author manuscript; available in PMC 2018 August 22.



1duosnuep Joyiny vd3 1duosnuepy Joyiny vd3

1duosnue Joyiny vd3

Berhane et al.

95°0"0"E 100°0"0"E 105°0'0"E 110°0'0"E

Page 20

115°0'0"E

) L L)
Rivers r'a;_J $>
— International Border h\"é'_:} g
b

[ Lake Baikal

[ Selenga River Watershed
[ Boundary of Lake Catchment
_D Study Area - Selenga River Delta

500 Kilometers
Sources: Esn, USGS, NOAA

Figure 1.

The watershed contributing to the study area, the Selenga River Delta into Lake Baikal,

Russia.
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Figure 2.

WorldView-2 false-color composite (near infrared-1 (NIR1), red, green) of the study area
showing the spatial location of the field-sampling locations and ground control points. Inset

image shows the Selenga River Delta in Lake Baikal and the study area boundary.
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Figure 3.
An example of the decision-tree outcome for classifying wetlands of the study area.
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An example of the rule-based approach for classifying the Selenga River Delta wetlands.
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Figure 5.

Median WV2 band distribution indicates strong discriminatory power between classes.
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Figure 6.

The RF-classified study area. Classes in the legend were attributed based on wetland plant
abundance, water depth, and substrate composition (see, e.g., [60]). The north-to-south,
wetter-to-drier boxes in Figure 6 are further discussed in Figure 7A-H.
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0.2 Kilomelers

Figure 7.
(A-H). The vegetation of the Selenga River Delta follows a north-to-south and wetter-to-

drier gradient, as evidenced by the abundance of different wetland classes within the white
rectangles in Figure 6. The images are combined WV2 bands 532 (left), bands 753
(middle), and the wetland classification thematic map (right) using the legend in Figure 6.
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