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Abstract: Wetlands play a key role in regional and global environments, and are critically linked
to major issues such as climate change, wildlife habitat, biodiversity, water quality protection,
and global carbon and methane cycles. Remotely-sensed imagery provides a means to detect and
monitor wetlands on large scales and with regular frequency. In this project, methodologies were
developed to classify wetlands (Open Bog, Treed Bog, Open Fen, Treed Fen, and Swamps) from
multi-source remotely sensed data using advanced classification algorithms. The data utilized
included multispectral optical and thermal data (Landsat-5) and Radar imagery from RADARSAT-2
and Sentinel-1. The goals were to determine the best way to combine the aforementioned imagery
to classify wetlands, and determine the most significant image features. Classification algorithms
investigated in this study were Naive Bayes, K-Nearest Neighbor (K-NN), Support Vector Machine
(SVM), and Random Forest (RF). Based on the test results in the study area in Northern Ontario,
Canada (49◦ 310 .34N, 80◦ 430 37.04W), a RF based classification methodology produced the most
accurate classification result (87.51%). SVM, in some cases, produced results of comparable or better
accuracy than RF. Our work also showed that the use of surface temperature (an untraditional feature
choice) could aid in the classification process if the image is from an abnormally warm spring. This
study found that wetlands were best classified using the NDVI (Normalized Difference Vegetative
Index) calculated from optical imagery obtained in the spring months, radar backscatter coefficients,
surface temperature, and ancillary data such as surface slope, computed through either an RF or SVM
classifier. It was also found that preselection of features using Log-normal or RF variable importance
analysis was an effective way of identifying low quality features and to a lesser extent features which
were of higher quality.
Keywords: wetlands; landsat; radar; random forest; support vector machine; classification

1. Introduction
Wetlands play key roles in regional and global environments and are critically linked to major
issues such as climate change, wildlife habitat health, and biodiversity. More specifically, wetlands play
important roles in flood mitigation, water quality protection, and global carbon and methane cycles.
In addition, nearly one-half of plant and animal species listed as endangered by the U.S. Fish and
Wildlife Service are wetland dependent [1], and wetland loss is arguably the largest factor for the cause
of global amphibian declines [2]. North American and global wetland losses are estimated to be on the
order of 50% since the early 1700s [3,4]. The importance of the wetland conservation is well-established
as a matter of national and international public policy. In this vein, accurately mapping and monitoring
wetlands and their changes in a timely and repeatable manner are of utmost importance. Remotely
sensed imagery provides researchers with a means to achieve these goals. In previous studies, maps
of wetlands were created with some levels of success through medium resolution (10 –30 m), high
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resolution, and very high resolution remotely sensed imagery [5–21]. Some of the most widely used
maps have been created by expert photo-interpreters using high spatial resolution imagery [1,10].
The main disadvantages to these maps are their limited coverage and their large time and resource
demands. The turnaround times for these products can last years [1,11]. Wetland mapping using
Landsat Thermatic Mapper (TM) imagery is common and considered a standard approach. It is found
to have good class separation when one class dominated the classification area (>30 m2 ), but not when
mixtures of wetlands types were of the same order as the sensor resolution [13]. Additionally, for
these Landsat derived maps, accuracy levels varied between 30 and 82%, depending on the techniques
used [13–21]. Generally, for all studies with finer class definitions, lower classification accuracies
are observed, and in some cases, aggregation of similar wetland classes are necessary in order to
produce a product with desirable accuracies [15,22]. For some studies, the classification process with
TM imagery is aided through the incorporation of ancillary data such as elevation maps and field
samples [13,18,22–24]. It should be noted that surface temperature, while a readily available Landsat
product, is not commonly used in the classification of wetlands, mainly due to its relatively low spatial
resolution. Due to its relatively low spatial resolution (compared with optical satellite imagery), surface
temperature is utilized to differentiate surface cover types with a large difference in temperature,
such as separating roads and buildings from vegetation. However, given the recent advances in
machine learning, we contend that a smaller difference in surface temperature may be able to aid in the
classification process of surface cover types. As a result, surface temperature was exploited in this study.
Since many wetland species have overlapping spectral reflectance at peak biomass [25], researchers
have employed multitemporal imagery in the classification process of TM imagery [13,15,17,26,27].
Other studies have approached this problem by incorporating Radio Detection and Ranging (RADAR)
or Light Detection and Ranging (LiDAR) based measurements with Landsat TM imagery to aid in
their classification methodologies. Resulting classification accuracies range from ~63% to 92%, again,
depending on the methodologies and class definitions used [15,15,21,27–31].
It is also worth noting that in many studies [15–17,21,27–34], there is relatively little justification
for choice in features used in classification, with trial and error being a common approach. It is also still
common practice to test all possible features or parameters in order to determine the most optimal set
of inputs. This is not a desirable strategy as this is both crude and time consuming. Furthermore, the
performances of machine learning algorithms depend strongly on inputs used for classification, which
could explain, partially, why there is no clear consensus on their relative performance of different
algorithms to one another. However, the use of a set of features that are significant among the land
covers of concern undoubtedly aid in the pursuit of superior classification accuracy. This is especially
important given that the advances in remote sensing technology make an enormous amount of data
readily available. A key remaining challenge in land cover classification lies in how to extract the best
or most relevant information from a huge amount of data in an efficient and logical way.
Considering all of these factors, there is a strong need to determine which image features are best
suited for identifying wetlands. Furthermore, quantifying the quality of these features can help provide
a better understanding of how accuracy and error propagates through different types of analysis. In
support of this, the purpose of this study was to investigate the significance of different combinations of
features and feature types through various feature analysis and classification methodologies, with the
intent of determining which features were the most significant in the classification process of wetlands
for our study area, and which approaches are best suited in determining those features. This was
accomplished through evaluating a wetland study area in Northern Ontario, using various statistical
analysis and classification and imagery sources. Data inputs were primarily drawn from Landsat-5,
RADARSAT-2, and Sentinel-1 imagery, with ancillary data such as digital elevation data, also being
used. Feature analysis was conducted using Log-normal distance measurements and Random Forest
predictor improvement values. The classification techniques investigated were Naïve Bayes, K-Nearest
Neighbor (K-NN), Support Vector Machine (SVM), and Random Forest (RF).
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2. Study Area and Data Used
The study area, located at approximately 49◦ 310 .34N, 80◦ 430 37.04W, was chosen because of the
availability of satellite and other geo-spatial data. Figure 1 illustrates the study area from a geographic
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Figure 1. The study area from a geographic perspective, and from Landsat-5 and from aerial imagery.

Figure 1. The study area from a geographic perspective, and from Landsat-5 and from aerial imagery.

Landsat-5, RADARSAT-2, and Sentinel-1 imagery were the primary image sources used in this
study. The Landsat-5
series
of sensors
collect multispectral
optical
imagery
with
a spatial resolution of
Table
1. Summary
of remotely-sensed
imagery
collected
for this
study.
30 m by 30 m and thermal imagery at 120 m by 120 m [35]. As a point to note, when creating layer
Dateresolution (120
Level
Accessed images
From
stacksImagery
of these imagesSeason
for analysis, the lower
m of
byProcessing
120 m) temperature-based
United
States
were resampled to 30 m by 30 m.
1.
Landsat-5
Spring-1
18-May-2010
Level 1G
Geological Survey
(USGS)
2.
Landsat-5
Spring-2
15-May-2009
Level 1G
USGS
Level 1—Single Look
Canadian Space
3. RADARSAT-2 Summer-1
29-June-2014
Complex (SLC)
Agency (CSA)
4.
Landsat-5
Summer-2
24-July-2011
Level 1G
USGS

Remote Sens. 2019, 11, 1537

4 of 28

The RADARSAT-2 imagery product used was a C-band, Wide Fine, SLC (Single Look Complex),
quad-polarization image with a spatial resolution of 5.2 m by 7.7 m [36]. However, the features (such
as entropy and alpha) derived from the original RADARSAT-2 imagery had a spatial resolution of
12.5 m by 12.5 m. The final step with preparing the RADARSAT-2 imagery was to resample it to
30 m by 30 m to match the resolution of the Landsat-5 imagery. For Sentinel-1 imagery (C-band), the
product used was the duel-polarization imagery, and had a resolution of 5 m by 20 m [37]. As with the
RADARSAT-2 imagery, the Sentinel-1 imagery was resampled to 30 m by 30 m in order to facilitate
ease of analysis with the other imagery products. The final imagery product used in this study was the
aerial imagery with four channels ((590–675 nm, 500–650 nm, 400–580 nm, 675–850 nm) and with a very
high resolution (0.4 m by 0.4 m) [38]. It was used for closer examinations of training and validation
sites as identified by Ministry of Natural Resources surveys of the area.
Finally, a digital elevation map (DEM) of the study area taken from the Canadian Digital Surface
Model [39] at the spatial resolution of 30 m by 30 m and an associated DEM derived slope were used.
In total, five different Landsat-5 images, two different RADARSAT-2, and three Sentinel-1 images were
collected. Table 1 summarizes the dates and types of imagery that were collected for this study.
Table 1. Summary of remotely-sensed imagery collected for this study.
Imagery

Season

Date

Level of Processing

1.

Landsat-5

Spring-1

18-May-2010

Level 1G

2.

Landsat-5

Spring-2

15-May-2009

3.

RADARSAT-2

Summer-1

29-June-2014

4.

Landsat-5

Summer-2

24-July-2011

Level 1G
Level 1—Single Look
Complex (SLC)
Level 1G

5.

Sentinel-1

Summer-1

01-August-2015

Level 1—SLC

6.
7.
8.
9.
10.

Sentinel-1
RADARSAT-2
Landsat-5
Landsat-5
Sentinel-1

Summer-2
Fall-1
Fall-1
Fall-2
Fall-1

25-August-2015
10-October-2014
09-October-2010
10-November-2010
18-September-2015

Level 1—SLC
Level 1—SLC
Level 1G
Level 1G
Level 1—SLC

Accessed From
United States Geological
Survey (USGS)
USGS
Canadian Space Agency
(CSA)
USGS
European Space Agency
(ESA) - Sentinel
ESA - Sentinel
CSA
USGS
USGS
ESA - Sentinel

During covariance analysis of our datasets, it was discovered that inter-season Landsat-5 images
were strongly correlated with one another. In an effort to promote better data independence, only a
single Landsat-5 image for a particular season was chosen; the Landsat-5 image that produced the
highest classification accuracy was selected. The selected Landsat-5 images for testing were Spring-1,
Summer-2, and Fall-1, with the Summer-1 and Fall-1 images being selected from the Sentinel-1 images.
Eight different land covers were classified in this study. These land covers were Open Fen, Treed
Fen, Open Bog, Treed Bog, Dense Coniferous Forest, Swamps, Grassy Areas, and Cleared Areas. Open
Fens are non-treed Grassy areas, with open pools of water. Fens are peat-covered sloping plains
or channels with very high water tables and with surface carpets of brown mosses and associated
Sphagnum. The average depth to the water table, even in a dry season, is usually less than 20 cm [40].
Treed Fens are fens, as described above, with dense shrubs and tamarack trees. In Northern Ontario,
Treed Fens are usually dominated by Black Spruce (Picea mariana). Treed Fens occur generally
throughout the province but most extensively in the Hudson Bay-James Bay Lowlands [40]. Bogs are
peat-covered plains or peat-filled depressions with a high water table and a surface carpet of mosses
dominated by Sphagnum. In flat or level Bogs, the water may remain at the surface throughout the
spring and summer months. Open Bogs that may have a partial cover of stunted trees occur generally
throughout the province of Ontario, Canada, but also exist very extensively in the Hudson Bay-James
Bay area in Northern Ontario [40]. Treed Bogs are bogs with a low to high density of tree cover. It
was expected for there to be some degree of overlap between densely Treed Bog and Sparse Conifer
Forest. Treed Bogs are typically dominated by Black Spruce trees. Treed Bogs exist in many parts of the
province of Ontario, Canada, but extensively in the Hudson Bay-James Bay Lowlands area in Northern
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Ontario [40]. Dense Coniferous Forests are large continuous forested areas, composed of at least 80
percent of coniferous species. Dense Coniferous Forest exists throughout the province of Ontario,
Canada [40]. Coniferous and deciduous Swamps occur along rivers, and lakes and are characterized by
a range of moisture conditions and plant species such as cattails, grasses, and shrubs. The Swamps in
Northern Ontario can also have a sparse presence of trees, both coniferous and deciduous [40]. Grassy
areas are flat open areas covered almost entirely of grass, colloquially known as meadows or fields.
Some of these areas are older cleared areas that are regenerated and are almost entirely covered by
tall grasses [41]. Cleared areas are forested areas that are harvested, and are undergoing regeneration.
Characterized by very young trees, open areas, low to medium height grasses, shrubs, and bare soil.
These areas are generally dry and the soil is of poor nutrient content [41].
3. Methodology
The analysis for this study was carried out in five phases. In the first phase, individual samples
for each land cover type were identified through Forest Resources of Inventory (FRI) data [38] and
they were separated into two subsets for training and evaluation, respectively. In the second phase, the
remotely sensed imagery was processed, georeferenced, and prepared for analysis. Relevant features
were extracted in this phase as well. In the third phase, feature selection was carried out. Features
derived in the second phase were analyzed using the log-normal distance, and an RF generated feature
importance parameter based on the sum of changes to the mean squared error (MSE). In the fourth
phase, various classification schemes were performed and the classification results were evaluated.
For RF classified results, a corresponding ‘confidence value’ and a corresponding ‘confidence map’
were produced. Finally, for the fifth phase the best performing classification scheme was used to
classify a test area to explore the functionality of that scheme and to provide a visual representation of
a classified area. In the following, these phases are described in more detail.
3.1. Defining Training and Evaluation Areas
Training and evaluation areas were identified using ground survey data collected during the
summers of 2011–2014 by the Ministry of Natural Resources in support of forest inventory resource
management [38] and aerial imagery also collected for the Ministry of Natural Resources, as part
of its internal inventory and records. Oftentimes, areas were cross referenced with one another for
added verification. For the ground survey data, survey areas were defined by 100–200 m square areas
where generally 3–4 GPS points are taken to define the extents of those areas. Surveying of those areas
followed the Ontario Forest Resource Inventory Calibration Plot Specifications guide [38]. Table 2
summarizes the sizes of the training areas (in pixels), and their corresponding evaluation sets. The
evaluation and training were sets taken from separate areas to eliminate spatial correlation, which was
observed in initial testing, illustrated in Figure 2.
Table 2. Number of pixels used for different classes in training and testing.
Class

Number Assigned
to Class

Number of Pixels in
Training Set

Number of Pixels in
Validation Set

Open Fen
Treed Fen
Open Bog
Treed Bog
Dense Con. Forest
Swamps
Grassy Areas
Cleared Areas

Class 1
Class 2
Class 3
Class 4
Class 5
Class 6
Class 7
Class 8

839
766
802
868
933
881
2541
3184

624
526
517
563
672
580
1331
2147

Remote Sens. 2019, 11, x FOR PEER REVIEW
Remote Sens. 2019, 11, 1537

7 of 41
6 of 28

Evaluation Site
Training Site

Open Fen
Treed Fen
Open Bog
Treed Bog
Dense Con. Forest
Swamps
Grassy Areas
Cleared Areas

Figure 2. True color Landsat-5 image of study area with training (red circles) and evaluation (light
Figure 2. True color Landsat-5 image of study area with training (red circles) and evaluation (light blue
blue circles) highlighted for individual land covers.
circles) highlighted for individual land covers.
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NDVI, NDWI, Albedo, and Surface Temperature were calculated using Landsat-5 based imagery,
which, through its multispectral measurements, provides a spectral representation of a surface, for
multiple wavelength ranges.
NDVI is a popular vegetation index sensitive to leaf area index, coverage, and pigment content of
vegetation canopies vegetative activity photoactivity [42,43]. NDVI is defined as:
NDVI =

ρNIR − ρred
ρNIR + ρRED

(1)

where ρNIR and ρRED are the reflectances in the near infrared and red band, respectively. NDWI
works on a similar principle to NDVI, but is designed to be sensitive to water content rather than to
photosynthetic activity. NDWI is defined as:
NDWI =

ρGREEN − ρMIR
ρGREEN + ρMIR

(2)

where ρGREEN and ρMIR are the reflectance in the green and middle infrared band (MIR), respectively.
In his paper describing NDWI, [44] mentions that the green and MIR bands are located in the high
reflectance plateau of vegetation canopies; the absorption by vegetation liquid water near the green
band is negligible, but weak liquid absorption at MIR is present. Canopy scattering enhances the
water absorption and as a result NDWI is sensitive to changes in liquid water content of vegetation
canopies. Gao [44] also argues that the effect of atmospheric aerosol scatter effects in the MIR region
are weak; NDWI is less sensitive to atmospheric-optical depth compared with NDVI. Due to its
success in many applications, NDWI is a standard layer product for the Moderate Resolution Imaging
Spectroradiometer (MODIS) sensor [45].
Surface albedo is a measure of reflectivity from a surface, which takes on a value from 0 (absorption)
to 1 (complete reflectance). A standard approach in determining the surface albedo using Landsat-5
imagery is through a numerically determined relationship described by Liang et al. [46,47]. Liang
describes albedo α using Landsat-5 TM imagery through the following equation:
α = 0.356α1 + 0.130α3 + 0.373α4 + 0.085α5 + 0.072α7 − 0.0018

(3)

where in (3) the subscript on each α represents a band number in a Landsat-5 TM image. Note that
band 6 and the panchromatic band are not present in (3).
The first step in determining the surface temperature for an individual pixel from the Landsat-5
imagery was to calculate the surface radiance from Band 6 (Thermal Infrared). The following equation
was used to convert the digital number (DN) of Band 6 into spectral radiance [35]:
Lλ = 0.0370588 × DN + 3.2

(4)

The next step was to convert the spectral radiance to the brightness temperature (i.e., blackbody
temperature) under the assumption of uniform emissivity as shown in (5) [35]:
TB =

ln



K2
K1
CVR2

+1



(5)

where
TB T_B  is the blackbody temperature in kelvin,
CVR2 is the radiance

Wm−2 sr−1 um−1 at the surface; and K1 = 607.76 Wm−2 sr−1 um−1 and K2 = 1260.56 K, which
are numerically determined constants [35].
During initial examinations of the test imagery, it was noted that surface temperature when plotted
against NDVI via a scatter plot, produced several well-defined clusters. These clusters could then be
used to quickly classify the source image into two separate classes (Figure 3). This helped motivate
the exploration of the role that temperature could play in the wetland classification process. Surface
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Temperature (K)

temperature is generally not used in the classification of land covers due to its low resolution. However,
we contend that with advanced classification methodologies and the needs of specific land cover types,
such as wetlands, surface temperature could play a role in improving classification accuracies
for
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Figure 3. Top left: true color image of test area. Bottom: scatter plot of surface temperature versus
Figure 3. Top left: true color image of test area. Bottom: scatter plot of surface temperature versus
NDVI. Top Right: Classified image based on the two main clusters produced from the bottom image.
NDVI. Top Right: Classified image based on the two main clusters produced from the bottom image.
Classes are cleared areas (red) and grassy areas with small plants (green).
Classes are cleared areas (red) and grassy areas with small plants (green).
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From a physical standpoint, 𝛼 provides the nature or the type of dominate scattering
mechanism for a given scatter [Error! Reference source not found.,Error! Reference source not
found.]. The scattering nature of a given target can vary among three different categories: isotropic
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surface [51]. From a physical standpoint, Entropy can be thought of as a measure of the degree of
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Figure 4. Illustration of the dominant scattering mechanisms as expressed by the mean alpha scattering
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angle. Scattering ranging from α = 0 to α = 90.
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For the Sentinel-1 imagery, it was put through a similar georeferencing process as the
For the Sentinel-1 imagery, it was put through a similar georeferencing process as the
RADARSAT-2 imagery.
RADARSAT-2 imagery.
In total, each land cover had a data set corresponding to 48 individual layers, with each layer
In total, each land cover had a data set corresponding to 48 individual layers, with each layer
representing a unique feature: either a spectral band value, an image metric, radar metric or value,
representing a unique feature: either a spectral band value, an image metric, radar metric or value,
digital elevation point, or a slope derived from the digital elevation. These individual features are
digital elevation point, or a slope derived from the digital elevation. These individual features are
summarized in Table 3. This parsed data will be known as the Master Data Set from hereon.
summarized in Table 3. This parsed data will be known as the Master Data Set from hereon.
Table 3. Image Input features used during this study and their associated variable index.
Index
1
2
3
4
5
6
7

Feature Name
B1 Reflect.
Spring 1
B2 Reflect.
Spring 1
B3 Reflect.
Spring 1
B4 Reflect.
Spring 1
B5 Reflect.
Spring 1
B6 Reflect.
Spring 1
B7 Reflect.

Index
13
14
15
16
17
18
19

Feature Name
B1 Reflect.
Summer 2
B2 Reflect.
Summer 2
B3 Reflect.
Summer 2
B4 Reflect.
Summer 2
B5 Reflect.
Summer 2
B6 Reflect.
Summer 2
B7 Reflect.

Index
25
26
27
28
29
30
31

Feature Name
B1 Reflect. Fall
1
B2 Reflect. Fall
1
B3 Reflect. Fall
1
B4 Reflect. Fall
1
B5 Reflect. Fall
1
B6 Reflect. Fall
1
B7 Reflect. Fall

Index
37
38
39
40
41
42
43

Feature Name
Sentinel VV Summer 1
Sentinel VH Summer 1
Sentinel VV Summer 2
Sentinel VH Summer 2
Sentinel VV Fall 1
Sentinel VH Fall 1
Digital
Elevation Map
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Table 3. Image Input features used during this study and their associated variable index.
Index
1
2
3
4
5
6
7
8
9
10
11
12

Feature
Name
B1 Reflect.
Spring 1
B2 Reflect.
Spring 1
B3 Reflect.
Spring 1
B4 Reflect.
Spring 1
B5 Reflect.
Spring 1
B6 Reflect.
Spring 1
B7 Reflect.
Spring 1
Temp
Spring 1
Temp
Spring 2
NDVI
Spring 1
NDWI
Spring 1
Albedo
Spring 1

Index
13
14
15
16
17
18
19
20
21
22
23
24

Feature
Name
B1 Reflect.
Summer 2
B2 Reflect.
Summer 2
B3 Reflect.
Summer 2
B4 Reflect.
Summer 2
B5 Reflect.
Summer 2
B6 Reflect.
Summer 2
B7 Reflect.
Summer 2
Temp
Summer 1
Temp
Summer 2
NDVI
Summer 2
NDWI
Summer 2
Albedo
Summer 2

Index
25
26
27
28
29
30
31
32
33
34
35
36

Feature
Name
B1 Reflect.
Fall 1
B2 Reflect.
Fall 1
B3 Reflect.
Fall 1
B4 Reflect.
Fall 1
B5 Reflect.
Fall 1
B6 Reflect.
Fall 1
B7 Reflect.
Fall 1
Temp
Fall 1
Temp
Fall 2
NDVI
Fall 1
NDWI
Fall 1
Albedo
Fall 1

Index
37
38
39
40

Feature Name
Sentinel VV Summer 1
Sentinel VH Summer 1
Sentinel VV Summer 2
Sentinel VH Summer 2

41

Sentinel VV - Fall 1

42

Sentinel VH - Fall 1

43

Digital Elevation
Map (DEM)

44

DEM-Slope

45

Entrophy Fall

46

Alpha Fall

47

Entrophy Summer

48

Alpha Summer

3.3. Feature Significance Analysis
The objective of feature significance analysis was to quantify the statistical differences and
similarities between land covers for a given feature. The intent of doing this analysis was to aid in
determining which features and feature combinations would be desirable when classifying our selected
land covers. To accomplish this, two strategies were used. They were the log-normal distance and RF
predictor importance value. The log-normal distance is a purely statistically determined value, while
the predictor importance value is determined through an iterative exploration of the dataset with an
RF classification scheme. By using these two different approaches, it provides us with contrasting
statistical perspectives on our dataset and features, which in turn should affect classification results.
The first strategy, given a single feature with multiple land covers, was to measure the log-normal
distance between land covers for that feature [53]. The log-normal distance, in this case, measures
the statistical similarity between two sets of data for a given measure where larger values imply
dissimilarity between sets, when compared to smaller values. This is defined by:
  2

σ2q

1  1  σp
DLN (p, q) = ln  2 + 2 + 2 +
4 4 σq
σp


2 
 µp − µq 
1 



4  σ2p + σ2q 

(6)

where DLN is the log-normal distance between the two classes, σ2p is the variance of the p-th distribution,
µp is the mean of the p-th distribution and p, q are two different class distributions. As an example,
given two land covers, measured by features A, and B, if the log-normal distance between land covers
as measured by A was larger than B, it would imply that A is of a higher quality, compared to B. In
other words, A would be a better feature to classify those land covers from one another. Given the
eight land covers classified in this study, this corresponded to 28 unique combinations of land cover
pairs to have their log-normal distance calculated for a given input feature. When those results were
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averaged together, an overall quality factor was produced for that feature. This strategy was executed
on all input features.
The second strategy was based on the performance of features when utilized in an RF classification
scheme. During the classification process with RF, a predictor importance value can be calculated for
each feature input, for that given classification scheme. The predictor importance value was computed
by summing changes in MSE due to splits on every predictor and dividing the sum by the number of
branch nodes for that tree, averaged over all trees. These calculations are done on all input features,
with larger values implying a feature is more important based on its impact on changes to the mean
squared error. The objective here is to estimate a single features importance compared to the rest
of the input features, using this metric. To accomplish this we ran a series of 48 classification tests
where, for each test, a given feature was excluded for that test. In that way, for a given feature, when
averaged over its 47 tests, a metric for how important that feature was when compared to its peers can
be computed. The use of predictor importance with the RF classification methodology is a standard
approach to evaluate the performance of individual input from a classification result.
3.4. Classification and Feature Selection
The core of this project was the analysis of the master data set utilizing advanced data regression
and classification techniques. These techniques have been applied and adapted to multiple fields such
as remote sensing, finance, and spam filtering. For our purposes, we trained a classifier using data
drawn from our study area, for a given set of features, which then classified a separate set of data,
again drawn from the study area, using the same set of features, and then evaluated that classification
result and based its producer accuracy and kappa value, which provides an assessment of the resulting
accuracy when compared to chance. A higher kappa value implies a higher quality result. For this
project, four popular techniques were selected. They are Naïve Bayes, K-NN, SVM, and RF. These
techniques are described in more detail below.
The Naïve Bayes classifier assigns observations to the most probable class by estimating the
probability densities of the training classes. Classification of an observation is completed by estimating
the probability for each class, and then assigning the observation to the class yielding the maximum
posterior probability. Unless a probability threshold is incorporated, all inputs are classified [54].
The K-NN classification algorithm operates by finding a group of k objects in a training set that
are closest, in feature space, to a provided test object, and bases the assignment of a classification label
on the predominance of a particular class in this neighborhood [54,55]. To classify an unlabeled object,
the distance, in feature space, of this object to each labeled object is computed. The K nearest neighbors
of the unlabeled object are identified and the class labels of these K nearest neighbors are then used to
predict the class label of the object.
SVM is a binary classification methodology that separates classes by fitting a hyperplane between
two sets of data. The optimization of this fitting is determined by “maximum-margin hyperplane”
that divides a group of points such that each point distance from the hyperplane is maximized [56,57].
Even though this methodology is binary in nature, it can be used in to classify multiple classes through
an adoption of a one versus one (OvO) classification strategy. We adopted this strategy in this study.
In an SVM-OvO classification strategy, n classes are parsed into n(n-1)/2 binary classifiers—essentially
an ensemble classification method.
The RF classifier is an ensemble learning method and operates by constructing a multitude of
decision trees with the ultimate class of a given input determined by the mode of the classes from those
decision trees [58–60]. With RF, the diversity of the decision trees is accomplished by making them
grow from different training data subsets created through bagging or bootstrap aggregating [58]. RF
lends itself well to parallelization and investigating the nuances of large datasets. As a result, RF has
become one of the most successful and widely implemented data mining methodologies to date [59,61].
For this reason, it was chosen as the main classification methodology for this project. Finally, the
two main input parameters needed to run the RF classifier were the number of trees and the depth
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or complexity of those trees. Choosing too few trees results in lower accuracies, while choosing too
many trees results in no accuracy gain for extra computations. Additionally, choosing a tree depth
that is too shallow tends to produce trees that underfit, while choosing trees that are too deep will
overfit the data. In order to determine the right settings for our data, we utilized a built-in Matlab
function that will optimize these features given an RF input, as a function. From these experiments, we
determined to choose 150 trees to “grow” and have a p-value of 0.05 as the minimum value for the
curvature test, which is utilized with the RF classifier to determine when to terminate a split. Using
this type of technique to determine RF input parameters is considered to be a standard approach [60].
The training data was analyzed and classified using the previously mentioned classification
schemes using the feature inputs listed in Supplementary Materials. These features inputs were
determined and assembled through a number of different methods. The first method was to select
groups of feature inputs with a “holistic” approach. This involved selecting groups of features based
on similarities or contrast in type (bands or metrics), similarities or contrasts in time (the same or
different seasons) and combinations thereof. Additionally, combinations of features were selected from
a physical or structural standpoint in order to take into account seasonal variability in vegetation and
structural differences in land covers which could be parsed by the classification schemes through the
incorporation of features like Radar and DEM derived values. Using this holistic approach, 180 different
sets of input features were created. The next set of input features was selected by examining the results
from the feature significance analysis. Based on the overall ranking of those features, the top 10 to 90
percent of features were selected, in 10 percent increments as feature inputs. Additionally a hybrid
combination of the top 10 to 60 percent of features were selected based on selecting a combination of
surface reflectances from bands, image indices, Radar, and DEM derived features, in order to emulate
the holistic approach but with a more quantitative background. In order to execute this, for instance,
for the top 10 percent of features with the hybrid approach, the top three surface reflectances from
bands, the top image indices and the top Radar or DEM or DEM Slope features was selected, for a
total of 5 or 10 percent of available features. This approach was repeated until we had created six
different hybrid combinations reflecting the top 10 to 60 percent of features. Finally, the bottom ranked
25 percent of features were grouped together from the bottom 16 to the bottom four features in two
feature, decreasing, increments in order to examine the performance of those features, when used in
combination. The aforementioned feature selection strategies were executed for both the Log-normal
distance and RF determined feature importance values. In total, 225 unique tests were devised.
3.5. Classification and Evaluation
Once the features were selected based on the training data sets, they were used in the classification
for the test set drawn from our study area for visualization purposes and to explore the functionality of
the classifier. Given that RF classifies an unknown pixel via a majority voting criteria, in addition to the
class category, a confidence value was also calculated for each pixel. The confidence value represented
the percentage of the votes the chosen class represented with a higher value representing a higher
confidence for result.
4. Results
4.1. Feature Significance
Given a feature and eight land cover classes, 28 unique combinations of land cover pairs were
created with an associated log-normal distance. By averaging these results together, an average
log-normal distance for that feature was obtained. A larger value implied that feature could play
a more significant role in the classification of those land covers compared with features which had
lower log-normal values. Additionally, given the 48 features and eight land cover classes, using the
RF computed predictor importance values, executed with the strategy described in Section 3.3, the
importance of a given feature could be determined. Like the log-normal values, larger importance values
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implied that a given feature was more valuable in the classification process, and when utilized, would
produce more accurate results. The results of the feature importance computations are summarized in
Table 4.
Table 4. (Top) Summary of image feature quality analysis averaged over all land cover types. Image
metrics, image bands, radar parameters, DEM and slope sorted from largest to smallest log-normal
distance, with a longer distance implying a higher quality. (Bottom) Summary of image feature
importance values computed through and averaged over 47 unique RF tests.
Log-Normal Distance
Metrics
Distance

Bands

Distance

B4 Reflect. Summer 2
B7 Reflect. Spring 1
B5 Reflect. Spring 1
B6 Reflect. Spring 1
B4 Reflect. Reflect. Fall 1
B7 Reflect. Summer 2
B2 Reflect. Fall 1
B6 Reflect. Summer 2
B4 Reflect. Reflect. Spring
1
B1 Reflect. Fall 1
B7 Reflect. Fall 1
B2 Reflect. Summer 2
B5 Reflect. Summer 2
B6 Reflect. Fall 1
B3 Reflect. Summer 2
B2 Reflect. Spring 1
B1 Reflect. Spring 1
B3 Reflect. Fall 1
B3 Reflect. Spring 1
B1 Reflect. Summer 2
B5 Reflect. Fall 1
Average
Standard Deviation

1.876
1.473
1.187
1.160
1.140
1.069
0.965
0.932

NDVI Summer 2
Temp Summer 2
NDVI Spring 1
Temp Spring 1
Temp Summer 1
Temp Spring 2
Albedo Summer 2
Temp Fall 2

0.910
0.889
0.884
0.881
0.874
0.861
0.853
0.823
0.774
0.712
0.679
0.658
0.647
0.964
0.282

Bands
B1 Reflect. Fall 1
B5 Reflect. Spring 1
B4 Reflect. Summer 2
B1 Reflect. Summer 2
B4 Reflect. Fall 1
B7 Reflect. Summer 2
B7 Reflect. Fall 1
B2 Reflect. Summer 2
B2 Reflect. Fall 1
B7 Reflect. Spring 1
B6 Reflect. Spring 1
B1 Reflect. Spring 1
B4 Reflect. Spring 1
B3 Reflect. Summer 2
B2 Reflect. Spring 1
B3 Reflect. Spring 1
B6 Reflect. Summer 2
B6 Reflect. Fall 1
B5 Reflect. Fall 1
B5 Reflect. Summer 2
B3 Reflect. Fall 1
Average
Standard Deviation

Radar and DEM

Distance

1.826
1.507
1.400
1.374
1.370
1.355
1.339
1.220

DEM
Entrophy Fall
Alpha Fall
DEM-Slope
Alpha Summer
Entrophy Summer
Sentinel VH - Summer 1
Sentinel VV - Summer 1

1.311
0.556
0.530
0.426
0.133
0.101
0.047
0.043

NDVI Fall 1

1.219

Sentinel VH - Fall 1

0.030

Temp Fall 1
NDWI Spring 1
Albedo Fall 1
Albedo Spring 1
NDWI Summer 2
NDWI Fall 1

1.210
1.086
0.866
0.863
0.859
0.607

Sentinel VV - Fall 1
Sentinel VH - Summer 2
Sentinel VV - Summer 2

0.030
0.027
0.025

Average
Standard Deviation

1.207
0.298

Average
Standard Deviation

0.272
0.370

Distance

Metrics

Distance

Radar and DEM

Distance

1.083
0.945
0.891
0.827
0.821
0.799
0.745
0.725
0.717
0.700
0.682
0.665
0.620
0.600
0.597
0.588
0.563
0.557
0.544
0.502
0.356
0.692
0.161

NDVI Fall 1
NDVI Summer 2
Temp Spring 1
NDVI Spring 1
Temp Spring 2
Temp Summer 1
NDWI Fall 1
Temp Fall 1
NDWI Spring 1
Temp Summer 2
Temp Fall 2
NDWI Summer 2
Albedo Summer 2
Albedo Spring 1
Albedo Fall 1

1.654
1.450
1.262
1.261
1.246
1.139
1.126
0.980
0.883
0.865
0.848
0.655
0.605
0.583
0.435

DEM
DEM-Slope
Entrophy Fall
Alpha Summer
Entrophy Summer
Alpha Fall
Sentinel VH - Summer 2
Sentinel VV - Fall 1
Sentinel VV - Summer 2
Sentinel VH - Fall 1
Sentinel VV - Summer 1
Sentinel VH - Summer 1

1.350
0.810
0.800
0.770
0.748
0.588
0.471
0.430
0.394
0.376
0.334
0.302

Average
Standard Deviation

0.999
0.335

Average
Standard Deviation

0.614
0.288

From the results in Table 4, it is noted that the features calculated from multispectral imagery, on
average, were of the highest quality and importance, with traditional metrics such as NDVI performing
well, when measured by both the log-normal and RF determined predictor importance values. In
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addition, the features calculated from data acquired in the spring and summer, was of a higher quality
compared to the fall according to the log-normal results. However, according to the RF determined
predictor importance values, there was no clear preference among the data acquired in different seasons;
the metrics associated with fall, summer, and spring all ranked highly. It is also noted that surface
temperature, traditionally a feature not associated with wetland land cover classification, was ranked
fairly high by both feature analysis methodologies. These results also implied that the collected surface
temperature data, despite its low resolution, was of a high enough quality that it could be useful for
land cover classification. This was an unexpected result but also was in line with some of our early
classification experiments, which showed that temperature could be useful in some circumstances.
Finally, the features derived from Radar data and DEM were of a significantly lower quality compared
with those derived from optical and thermal data based on the log-normal method. Similar results
were obtained using the RF method. However, the difference (in magnitude) was not as large. Among
the features from the Radar data and DEM, several of them, namely, DEM, slope, the entropy in the fall
season, and the alpha in the summer season, were ranked similar by both methods.
4.2. Classification
The classification results from the four classification methods and the 225 feature tests were
computed on a desktop computer equipped with an AMD Ryzen 5 26000 Six-Core Processor with 32
gigabytes of RAM, analyzed, and ranked. From these 225 tests, the top 20 and bottom 20 results were
extracted, and overall statistics for these tests, for each classification technique was calculated. These
results are presented and summarized in Table 5 and the table in Supplementary Materials.
Table 5. Summary of classification accuracy of different methodologies averaged over all classification
strategies.

Random Forest Classifier
Support Vector Machine
K-Nearest Neighbor Classifier
Naive Bayes

Average

Standard
Deviation

Max

Min

Ave.
Kappa
Value

Difference
from Top
to 25th
Percentile

Difference
from Top
to 50th
Percentile

Computation
Time (s)

0.7127
0.6528
0.6210
0.5913

0.0838
0.0785
0.0791
0.0643

0.8751
0.8004
0.7746
0.6998

0.3608
0.3979
0.2217
0.3105

0.7341
0.7171
0.7218
0.7025

0.1101
0.0891
0.1002
0.0567

0.1528
0.1424
0.1407
0.0913

2314
838
364
26

From Table 5, RF on average produced the most accurate results given all inputs scenarios,
followed by SVM, K-NN and Naïve Bayes. It is also worth noting that the highest ranked test, one
produced by RF was some 7 percent higher than its closest rival. Additionally, average Kappa values
are consistent and are of a magnitude which imply that classification results are of a good agreement
between producer and user accuracy. According to the results in Supplementary Materials, the effects
of input features on the classification accuracies varied among classification techniques and there were
no clear set of metrics which consistently outperformed others. However, for individual classification
techniques, it would appear that there was a performance preference for certain feature inputs. Parsing
this further, we can generalize for each classification methodology the preferred input features which
produced the highest classification results. These results are summarized in Table 6.
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Table 6. Summary of best overall performing input features for individual classification methodologies.

Image Reflectance
NDVI
NDWI
Albedo
Surface Temperature
RADARSAT-2
Sentinel-1
DEM
DEM - Slope
Spring
Summer
Fall
All season in Combination

Random Forest
Classifier

Support Vector
Machine

K-Nearest Neighbor
Classifier

X
X

X

X
X
X

X
X

X
X

X
X
X
X

X

X

Naive Bayes

X

X

X

X

X

X

X

A common theme from Supplementary Materials and Table 6 was a preference for incorporating
all seasons, surface temperature, and radar-based images into the analysis for the best performing
classification methodologies (RF and SVM). Table 6 also shows that for all classification methodologies
image reflectance data from all seasons, used in combination, is a high performer. Furthermore, among
the image metrics, NDVI performs well, for three of the four classifiers. It is also noteworthy that NDWI
only performed well with one classifier and surface albedo was not found to be a significant feature. It
is also noted that there was a correlation between the number of features and the overall classification
accuracy. More features generally resulted in higher classification accuracy; however, the highest
ranked tests for all classification methodologies did not contain the most features. Additionally, one
may note some other interesting peculiarities with the results presented in Supplementary Materials
and Table 6. An expected result was to see that feature inputs, selected due to their high quality or
importance, would result in higher classification accuracies compared to results from inputs selected
by a holistic approach. However, this was found to not always be true. With the exception of the K-NN
Classifier, of remaining classifiers, the vast majority top ranked tests were tests determined through a
holistic approach. This is counter intuitive, and expanded on further in the discussion section.
For the bottom ranks results, we summarize the common features and themes in Table 7.
Table 7.
Summary of the lowest performing input feature combinations for individual
classification methodologies.
Random Forest
Classifier

Support Vector
Machine

K-Nearest Neighbor
Classifier

NDVI

Fall data only

Fall data only

Fall data only

NDWI

Fall data only

Fall data only

Fall data only

Albedo

Fall data only

Fall data only

Fall data only

Surface Temperature
RADARSAT-2
Sentinel-1
DEM
DEM—Slope
Spring
Summer
Fall
All seasons in Combination

Fall data only
Fall data only

Fall data only
Fall data only

Naive Bayes

Image Reflectance
Spring and Fall
data
Spring and Fall
data
Spring and Fall
data

X
X

X

X

X

X

From Table 7, it is noted that the worst performing results were from image metrics taken from falls
scenes. This was common among all classification methodologies and classification structures. This
was not unexpected given that during the fall scenes vegetation activity and temperature variations
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would be at a minimum, making it difficult to discern one land cover from another. Additionally, it is
noted that the classification tests with the poorest accuracy were all tests from the worst performing
features as measured from our feature analysis. In fact, the lowest quality or the least important
feature combinations were consistently in the bottom 30 percent of all tests—the expected result.
However, it was noted that for the K-NN tests the bottom 50 percent of tests were all tests determined
through feature analysis, rather than the holistic approach, which was not always true for the other
classification methodologies.
Regarding the best overall classification performance, the RF classification methodology using
image bands, radar, slope, and surface temperature from multiple seasons, produced the best
classification result (87.51%). Intuitively this was in line with the operation of the RF classifier which
exceled when using large datasets, and when provided with similar inputs, RF generally outperformed
other classification methodologies. However, it is worth mentioning that the OvO application of SVM
produced results which also outperformed the other classification methodologies by a margin between
3-6% for averaged results. We explore these results further in the discussion section.
Additionally, to better examine our best performing classification result we present its
corresponding confusion matrix in Table 8.
Table 8. Confusion matrix of the best performing classification test (RF test #77).

Grassy Area
Treed Bog
Cleared Area
Treed Fen
Open Bog
Open Fen
Swamps
Coniferous Forest

Grassy
Area

Treed
Bog

Cleared
Area

Treed
Fen

Open
Bog

Open
Fen

582
56
0
2
0
0
0
0

0
247
0
8
0
0
0
0

0
7
219
0
0
0
0
0

39
5
0
299
0
0
0
0

0
0
0
0
794
41
0
0

0
0
157
0
84
341
6
0

Swamps
0
0
0
12
0
0
3109
35

Coniferous
Forest

Producer
Accuracy

User
Accuracy

0
0
0
0
0
0
4
1142

0.937
0.784
0.582
0.932
0.904
0.893
0.997
0.970

0.909
0.969
0.969
0.872
0.951
0.580
0.985
0.997

When examining Table 8, we note that Cleared Areas and Open Fens have the biggest discrepancy.
In fact, its producer accuracy is 58.2%. If this result could be improved to be more comparable with the
other classification results, it could produce an even stronger classification result. Additionally, as a
comparison, we examine the confusion matrix of the worst performing result in Table 9.
Table 9. Confusion matrix of the worst performing classification test (Naïve Bayes test #225).

Grassy Area
Treed Bog
Cleared Area
Treed Fen
Open Bog
Open Fen
Swamps
Coniferous Forest

Grassy
Area

Treed
Bog

Cleared
Area

Treed
Fen

Open
Bog

Open
Fen

206
63
9
50
2
20
10
39

26
50
15
32
7
10
49
48

85
27
40
16
9
56
27
16

56
29
15
28
3
17
29
38

0
0
19
7
387
72
485
35

51
27
28
12
27
55
105
51

Swamps
167
89
162
131
373
106
1871
614

Coniferous
Forest

Producer
Accuracy

User
Accuracy

30
30
88
45
70
46
539
340

0.332
0.159
0.106
0.087
0.441
0.144
0.601
0.288

0.516
0.211
0.145
0.130
0.385
0.154
0.533
0.286

When examining Table 9, we can immediately see the contrast in classified results compared to
Table 8. For all land covers, there is a great deal of misclassification, with some results producing
an almost even distribution across all land covers (no better than guesswork). We note that the
best classified land covers are Swamps, with a producer classification accuracy of ~60%. The worst
performing land cover (Treed Fen) has a producer accuracy of ~8.7%. We also note that five of the land
covers have a producer accuracy below 30%
As a final examination of the classification results, we examined the average rank of a given test
input averaged over the four classification methodologies. The objective was to determine a given
classification inputs overall performance across all of the given classification methodologies. We also
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Figure 6A), is a true color Landsat-5 image of a test area, Figure 6B) is the actual classification result.
Figure 6C) is a ‘confidence map’ of the classification result, where 0 indicates low confidence and 1
high confidence. When examining Figure 6C) it should be noted that cleared areas, roads, shrubs and
grass, were of low confidence, while wet areas or dense wooded areas were of high confidence.
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Figure 6. Output from classification result. (A) True color Landsat-5 image from a given test area. (B) Resulting classification result. (C) Confidence map of the
classification result.
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5. Discussion
From the feature importance analysis, we generally found that features which were ranked highly
from this analysis correlated to higher ranked classification results. However, we noted that this
performance varied among classifiers. The K-NN classifier benefited the most from selecting input
features from feature analysis—more than half of the top 20 ranked classification results were all from
tests derived from feature analysis. Alternatively, most of the worst ranked tests as produced from
the K-NN classifier were from the lowest ranked features. Delving further into these results, we note
that K-NN operates by finding a group of k-objects that were closest to a provided test object—in
essence, its distance in some defined feature space. In that way, this algorithm would both benefit and
be disadvantaged more by numerical similarities or differences in its inputs, compared to the other
classification methodologies used, which, arguably, use a more gross statistical examination of the
datasets or negates these issues through a more thorough examination of the datasets.
RF, the closest to K-NN’s from a mathematical and algorithmic standpoint, had only three out
of 20 of its top ranked tests coming from tests created from selected inputs from feature analysis, as
opposed to 11 for K-NN. However, we do note that for the top 25 percent of tests classified by RF close
to half of these tests were tests determined by feature selection analysis. This implies that while the
highest ranked tests for RF might be selected through a holistic methodology, overall, selecting inputs
from feature analysis is beneficial but not as beneficial when compared to the K-NN classifier. We
reason that these differences could be accounted for by several factors which broadly differentiate how
RF classifies a dataset from K-NN. Given that the log-normal feature analysis methodology provides a
somewhat gross statistical interpretation of the inputs, and assumes that the data is not bi-modally
distributed, it would not explore these subsets within the data, if present, which could otherwise be
helpful in the classification process when inputted into an RF classifier. Furthermore, even with the
RF determined feature importance values, this style of analysis, while it utilized the RF classifier, our
implementation of it still provided a somewhat gross perspective on the performance of these features.
It means that the higher performance of a given feature when used in conjunction with other features
was not examined from our testing. This could explain why, for RF, the highest accuracy tests were
holistically determined tests rather than tests determined through feature analysis. However, the top
quartile of tests were still highly represented by tests determined through feature analysis, implying
that feature selection, overall, did provide value in the selection of sets of features for an RF based
classifier, but in this context also did not provide the most accurate results. Furthermore, like the K-NN
classifier, for the RF classifier, the poorest quality or least significant features all performed poorly,
as expected.
For the SVM produced results, we note that out of the top 20 tests, only one was from features
selected through feature significance analysis. This test was a hybrid test of the top 20 features and
was 5 percent less accurate than the top result. However, we also note that for the top-quartile of tests
some 26% of those tests were represented by tests selected by feature significance analysis, implying
that tests determined by feature significance analysis could produce higher quality results for SVM.
Additionally, we note that the tests created through the selection of features via RF feature importance
produced, overall, better results compared to results determined by Log-normal distance analysis.
This is an unexpected result, given that SVM operates by fitting a hyper-plane between inputs. By this
measure, inputs which were further statistically separated should be of more significance, and thus
higher accuracy. We speculate that the higher sensitivity to RF importance determined inputs was
related to the fact that the SVM was executed via an OvO approach. In this way, the SVM classifier
was being executed in an ensemble fashion, not unlike the RF classifier, where it was likely that some
of the ‘trees’ being grown in the RF classifier would be very similar to the ensemble results produced
by the SVM. In other words, features and feature combinations which were significant to RF would
also be significant to execution of SVM.
From the Naive-Bayes classification results, we note that from the top 20 ranked feature tests
only three were from tests derived by feature significance analysis. Examining these results further,
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we note that the distribution of feature analysis derived tests were more even compared to the other
three classification methodologies with higher quality or significant feature tests ranked in the top
half of tests and lower quality or less significant feature tests ranked in the bottom half of tests.
Given that Naïve-Bayes classifies through a Gaussian based probabilistic methodology, it would be
expected that feature combinations determined through Log-normal analysis would produce the most
accurate results, which was not the case. However, we note that the difference between the top ranked
classification result and the 25th percentile test was only ~5 percent, and the difference between the
top ranked result and the bottom 50th percentile result was only ~9 percent. This implies that the
Naïve-Bayes results were closer in distribution and less sensitive to feature inputs but still benefited from
the application of feature analysis, just not as dramatically as the other classification methodologies.
When examining all of these classification results from a more gross perspective in the form of
Figure 5, we note that feature analysis both aided in determining which features can benefit and can
be detrimental to classification. When examining both ends of the scatter plot, we note that it trends
towards a decrease in distribution of standard deviation. This implies that for high and low ranked
tests, the features used in those tests, generally perform the same across all classification methodologies.
Further to that, feature combinations that were predicted to do poorly, did perform poorly across all
classification methodologies. Furthermore, feature combinations that were predicted to perform well
generally produced higher accuracies, with consistency across all classification methodologies. It is
also worth noting that high quality and low-quality feature selections were all ranked in either the
top half or bottom half of the distribution, respectively, which implies that our selection methodology
is working as designed. Finally, feature combinations that produce mediocre classification results
also had large variability between classification methods, which implies that this style of analysis
and selection does not have the same level of impact on average results compared to high or low
performing results. As an overall take-away from Figure 5, we assert that feature significance analysis
could aid in identifying which features can both aid and be detrimental to classification, with the
identification of lower quality features and feature combinations showing the strongest relationship
across all classification methodologies.
Exploring the most successful features in more detail, we note that the addition of surface
temperature, RADAR features, and DEM derived attributes, to the features derived from optical
images, overall, increased classification accuracy. The most accurate classification results were
generated from using optical data from more than one season and the addition of surface temperature
and RADAR features. For individual seasons, classification using the data from the spring and summer
season generally outperformed that using the fall season. When considering only individual seasons,
classification using the data from the spring season usually produced better classification results than
the summer and fall season. We speculate that this was due in part to the increase in vegetative driven
spectral overlap seen during the summer months, and the slowing and decay of vegetative activity
during the fall. It should also be noted that the 2010 spring season, for the study area, was abnormally
warm. Temperature records from the area indicated that the air temperature for that particular image,
at collection time, was over 300 K, 5-8 degrees higher than historical seasonal averages [62] and the
recorded surface temperatures, in some cases, was well over 300 K, about 8-10 degrees warmer than
temperatures recorded from the 2009 Landsat-5 image from a similar time of the year. We speculate
that these higher temperatures and the incomplete seasonal growth aided in classification by further
separating class differences for the spring scene. To explore the temperature results further, we produce
Figure 7. From Figure 7 for the spring scene, we note that Grassy and Cleared areas had some of
the lowest temperatures recorded, which was counter intuitive. The expected result would be that
Grassy and Cleared areas would be higher in temperature compared to wetlands due to lower moisture
content, and thermal inertia. However, if we consider that the vegetation was still developing and
the land was still warming from the winter months, this could account for some of these observed
differences in the distributions of land cover temperature. Furthermore, for the summer season
we noted that temperatures for coniferous forests and Swamps had the lowest temperatures. For
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coniferous forests, the lower temperature could be attributed to the evapotranspiration effect produced
in the needles of trees and leaves of other vegetation in that area. Similarly, Swamps, would have
an equally profound evapotranspiration effect from their aquatic plant life, and the very high water
content of the land cover which would cause the areas to be naturally cooler than dry land. Grassy and
cleared areas measured the highest temperatures. These higher temperatures could be contributed
by the relatively low water content compared to the aforementioned land covers, which resulted in
lower evapotranspiration, and thermal inertia. The lower evapotranspiration produced lower latent
cooling of the surface and the lower thermal inertia resulted in the land cover warming more quickly
compared to the relatively moister wetland land covers. Fen and bog land covers were ranked in the
mid-range of summer temperatures, which might be driven by the relatively higher water content
compared to the Grassy and Cleared areas which resulted in higher thermal inertia and slower heating
and
lower
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Regarding the addition of Radar features to the classification process, addition of RADARSAT2, and/or Sentinel-1 imagery to Landsat-5 imagery was shown to improve overall classification
accuracies by 2-6%, when compared to an input lacking those measurements, when using an RF
classifier. Furthermore, using a combination of different seasons and features produced the higher
accuracies across all classification methodologies and schemes. For instance, given only the spring
Landsat-5 data, when classified in an RF classifier, produced an accuracy of ~72%. When spring data
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Overall, despite its low resolution, temperature showed itself to be a feature which could be used
to increase classification accuracy when used in conjunction with other features, with temperature
based class differences found to be both physical and logical.
Regarding the addition of Radar features to the classification process, addition of RADARSAT-2,
and/or Sentinel-1 imagery to Landsat-5 imagery was shown to improve overall classification accuracies
by 2-6%, when compared to an input lacking those measurements, when using an RF classifier.
Furthermore, using a combination of different seasons and features produced the higher accuracies
across all classification methodologies and schemes. For instance, given only the spring Landsat-5
data, when classified in an RF classifier, produced an accuracy of ~72%. When spring data was used in
conduction with data from the summer and fall, in an RF classifier, the classification accuracy jumped
~81%—a 9% increase. Examining these results from a more physical standpoint, it was noted that since
the intensity and scatter of the Radar signal is dependent on structural features of the measured surface,
treed areas would have different scattering profiles compared to wetland types which do not have
large and tall vegetative structures. The addition of these measurements would enhance the depth of
the input dataset and thus the overall accuracy of the classification result. Moreover, it was found that
DEM and DEM derived slope were significant features in the separation of wetlands from non-wetland
classes. We speculate that this was driven by the fact that wetlands were generally flatter, due to the
collection of water, when compared to other land cover types where terrain could vary significantly.
Examining the classification results from an overall perspective, we would like to note that during
preliminary testing, training and validation sites were chosen randomly, from a pixel standpoint,
from a base set and it was found that classification accuracies were, in some cases, over 98 percent as
produced from some RF Classification tests. It was suspected that this extremely high accuracy was
caused by the random sampling masking spatially driven differences from the training and evaluation
sets, in effect the methodology was “over fitting” the dataset. This phenomenon of overfitting is a
common and well known within the data science field. Furthermore, we suspect that this phenomenon
was responsible for the very high classification accuracies presented in some papers utilizing these
styles of algorithms to classify remotely-sensed imagery [21,63,64]. With classification methodologies
such as RF, the training sets are “learned” thoroughly. If the training and validation sets both have
similar spatial representation, it is possible to achieve very high accuracies which may not necessarily
be representative of true accuracies if given inputs from similar but spatially different areas. This has
motivated us to use spatially separated training and evaluation data sets, which has reduced the overall
accuracy of our results, but we believe is now producing results which are more representative of
results which would be produced when these classifiers are applied to other study areas—the ultimate
goal of this research. However, it should be noted that results produced by Naïve Bayes were not
significantly affected by these spatial correlations. This represents how Naïve Bayes uses a more gross
statistical representation of the training data compared to RF, SVM–OvO, and K-NN methods.
From an overall performance standpoint, the RF Classification methodology outperformed all
other classification methodologies. RF classification, while more computationally intense compared to
the other classification methods used in this study, outperformed its closest competitor by 8 percent.
Additionally, upon closer examination of the best performing classification result (RF test #77—Table 8),
it was noted that the classification of cleared areas did rather poorly (producer accuracy of 58.2%). This
also resulted in a poor user accuracy of Open Fens (58.0%) as illustrated in Table 8. Despite this the
classification of the rest of the land covers performed very well. We speculate that the misclassification
between Cleared Areas and Open Fens lays within the image reflectance and spectral overlap between
the two land covers. Upon further examination, it would appear that both Cleared Areas and Open
Fens are very similar, spectrally, for both the Spring and Summer season. In particular, bands 2-4 tightly
match one another. We suspect that this is likely the cause of the misclassification. Improving the
classification of Cleared Areas from Open Fens would further improve the classification accuracy and
this could be accomplished through examining other classification schemes where cleared areas were
classified more successfully. By comparing and contrasting the feature inputs used, we may be able to
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identify an even more superior set of inputs. When examining the worst performing classification tests
(Naïve Bayes test #225 - Table 9), we note that the most accurately classified land cover only had a
producer classification accuracy of ~60%. The worst performing land cover (Treed Fen) has a producer
accuracy of some ~8.7%. We also note that five of the land covers (Treed Bog, Cleared Areas, Treed
Fen, Open Fen, and Coniferous Forests) have producer accuracies below 30%—essentially guesswork.
Similar results are reflected in the corresponding user accuracy. For this test we note that the features
used are as the worst performing features as defined by the RF predictor importance analysis—3 of
the 4 features are relatively noisy Sentinel-1 images and the other is a fall Band 3 image. Upon closer
examination the statistical overlap between all land covers, for these features, is substantial, which
indicates that this is the possible cause for this low level of classification accuracy across all land covers.
In this case, there is not much which can be done to improve these results. However, what can be
gleaned from this test is that these features truly are of poor quality.
When ranking the classification methods, overall, from most to least accurate, among all input
features, it yielded (1) RF, (2) SVM, (3) K-Nearest Neighbours, (4) Naïve Bayes. Moreover, from
an overall standpoint, RF classification results consistently outperformed all other classification
methods, for all feature inputs. However, it is worth noting that in many cases the SVM and K-NN
classification strategy produced results that were much closer in accuracy to the RF methodology when
compared to Naïve-Bayes. As mentioned previously, one distinction between the RF, SVM, and the
K-NN classification strategies compared to the Naïve-Bayes strategy, was that they more thoroughly
investigate subsets within the input training set, and are ensemble learning methods which do not
operate on calculating gross statistics on the input datasets, at the cost of computation time. It is also
worth mentioning, again, that from a mathematical perspective, RF regression and K-NN could be
viewed as being part of similar mathematical families [65], which implies that they would interpret a
given dataset in a similar fashion.
When considering how our work can be expanded upon, we note that this project would benefit
from the addition of images from other years, and from other image sources. As a general principle,
all of the classification methodologies used would benefit from additional data and data sources. To
further develop our work, the addition of Lansat-8 and Sentinel-2 data (both now readily available)
would be beneficial. However, it is worth noting that some of the best classification tests produced
during this study already have very high accuracies and will probably not show vast improvement by
the addition of more data. We speculate that the addition of more images in the form of Landsat-8
and Sentinel-2 images would provide more certainly with our variable significance analysis results,
and possibly improve the accuracies of the worse performing tests. However, the addition of large
time-series of SAR data would be interesting. We speculate that through a large addition of SAR
data more seasonal and structural features would become evident through our classification results.
Furthermore, when considering how this work can be adapted to other study areas, we note that
northern hemisphere temperate forests are all very similar in structure and vegetation distribution.
The work done with this project should be sufficiently general with only minor local considerations
from the study site. The methodologies and results produced in this study should be able to be applied
without much difficulty to other northern hemisphere temperate study areas, in Canada or other parts
of the world. Applying this work to tropical environments would likely be less compatible given
the difference in vegetation density, vegetation types, and the lack of large seasonal variations with
that vegetation. However, if given the appropriate datasets, the study methodology used here should
be able to produce similar variable analysis and classification results, which would be an interesting
contrast to our work.
6. Conclusions
A large focus of this study was the analysis and selection of features in order to facilitate the
successful classification of the selected land covers from the test area. It was found that analysis
of features using gross statistical analysis in the form of the Log-normal distance and an iterative
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regression approach in the form of the RF predictor importance value were an effective means of
identifying which features were of high quality and should be used in classification and also which
features were of low quality and should be either ignored or removed from classification. However,
it was noted that while this style of analysis was effective across all classification methodologies in
identifying low quality features, when it came to identifying the highest quality features it was not as
consistent. We suspect that these performance differences are driven by fundamental differences in
how the log-normal distance is calculated (gross statistical measure, with no provisions for identifying
multi-modal features) compared to the RF predictor importance value, which is iterative and explores
subsets within a given dataset. Give these differences in feature analysis and the differences in how
each classification technique analyzes a given dataset, the likely cause of this is discrepancy. It was
also found that this analysis aided K-NN the most in identifying features, with its best performing
tests being mostly represented by tests determined through this analysis (17 of its top 20 tests were
determined by feature selection). For the other classification methodologies, results generally showed
that the features determined by this analysis produced high accuracies but they did not produce the
best results. Those results were produced by the input features determined through a holistic approach,
with the best performing tests (RF test #77) produced an overall accuracy of % 85.71. The exact reason
why holistically determined tests have performed so much better than quantitatively determined tests
is unknown but should be further explored in future work. However, as a general trend we contend
that applying this methodology to RF, SVM, and Naïve-Bayes especially provided value in determining
lower quality features (features common in the bottom performing 20 tests), which could then be
excluded from analysis to both speed up analysis time and ensure that results are more likely to be of a
higher quality and accuracy. Moreover, we contend that with further development and study, this
feature selection methodology could be refined such that it could produce selections of features, which
would result in the highest classification accuracies.
When considering the classification results from a feature standpoint, our work has shown that
the use of surface temperature, despite its low resolution, could be used to better classify wetlands
in our study area in Northern Ontario, in particular if the temperature measurement was from an
abnormally warm, spring season. Additionally, the addition of RADARSAT-2, and or Sentinel-1
imagery to Landsat-5 imagery was shown to improve overall classification accuracies. It was also
found that the data acquired in the fall season, if used solely as the classification input, consistently
produced the poorest classification results.
Finally, from this study our analysis showed that the data used allowed for broad class separations
(wetland-non versus wetland, treed wetland versus non-treed wetland), which implied that a
hierarchical classification strategy could be an effective and efficient approach to the classification
of wetlands. In order to explore this, further testing and development of these models should be
undertaken. Additionally, further examinations of our results which would explore, and assign more
quantifiable physical explanations to these results, and features should be carried out. Furthermore,
optimum classification conditions for wetlands, and the ultimate limits that this style of analysis can
produce should be explored. This is a challenging proposition but one that is worthwhile. This will
not only provide a framework for wetland classification which can be used as a product but will also
provide a level of expectation when it comes to the ultimate accuracy that this style of analysis can
produce. This in turn will aid in determining the next steps required to achieve the next level of
accuracy or detail.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/11/13/1537/s1.
Table S1: Summary of test inputs for classification comparisons. Tests determined by the holistic approach (blue
text), tests determined by Log-normal values (green text), and tests determined by RF determined predictor
importance values (purple text). For tests in green and purple, features are represented by their respective index
number ref. Table 3; Table S2: Summary of top 20 (A) and bottom 20 (B) classification inputs for various classification
schemes. Blue highlighted tests were determined through a holistic approach to feature selection, while the green
and purple highlighted tests were selected through log-normal and RF importance value analysis, respectively.
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