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Abstract: Despite recent advances of deep Convolutional Neural Networks (CNNSs) in various
computer vision tasks, their potential for classification of multispectral remote sensing images has
not been thoroughly explored. In particular, the applications of deep CNNs using optical remote
sensing data have focused on the classification of very high-resolution aerial and satellite data, owing
to the similarity of these data to the large datasets in computer vision. Accordingly, this study
presents a detailed investigation of state-of-the-art deep learning tools for classification of complex
wetland classes using multispectral RapidEye optical imagery. Specifically, we examine the capacity
of seven well-known deep convnets, namely DenseNet121, InceptionV3, VGG16, VGG19, Xception,
ResNet50, and InceptionResNetV2, for wetland mapping in Canada. In addition, the classification
results obtained from deep CNNs are compared with those based on conventional machine learning
tools, including Random Forest and Support Vector Machine, to further evaluate the efficiency of the
former to classify wetlands. The results illustrate that the full-training of convnets using five spectral
bands outperforms the other strategies for all convnets. InceptionResNetV2, ResNet50, and Xception
are distinguished as the top three convnets, providing state-of-the-art classification accuracies of
96.17%, 94.81%, and 93.57%, respectively. The classification accuracies obtained using Support Vector
Machine (SVM) and Random Forest (RF) are 74.89% and 76.08%, respectively, considerably inferior
relative to CNNs. Importantly, InceptionResNetV2 is consistently found to be superior compared
to all other convnets, suggesting the integration of Inception and ResNet modules is an efficient
architecture for classifying complex remote sensing scenes such as wetlands.

Keywords: deep learning; Convolutional Neural Network; machine learning; multispectral images;
land cover classification; wetland; RapidEye; full-training; fine-tuning

1. Introduction

Wetlands are transitional zones between terrestrial and aquatic systems that support a natural
ecosystem of a variety of plant and animal species, adapted to wet conditions [1]. Flood- and
storm-damage protection, water quality improvement and renovation, greenhouse gas reduction,
shoreline stabilization, and aquatic productivity are only a handful of the advantages associated
with wetlands. Unfortunately, wetlands have undergone variations due to natural processes, such
as changes in temperature and precipitation caused by climate change, coastal plain subsidence and
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erosion, as well as human-induced disturbances such as industrial and residential development,
agricultural activities, and runoff from lawns and farms [1].

Knowledge of the spatial distribution of these valuable ecosystems is crucial in order to
characterize ecosystem processes and to monitor the subsequent changes over time [2]. However,
the remoteness, vastness, and seasonally dynamic nature of most wetland ecosystems make
conventional methods of data acquisition (e.g., surveying) labor-intensive and costly [3,4]. Fortunately,
remote sensing, as a cost- and time-efficient tool, addresses the limitations of conventional techniques
by providing valuable ecological data to characterize wetland ecosystems and to monitor land cover
changes [5,6]. Optical remote sensing data have shown to be promising tools for wetland mapping and
monitoring. This is because biomass concentration, leaf water content, and vegetation chlorophyll—all
important characteristics of wetland vegetation—can be determined using optical satellite images [7].
In particular, optical remote sensing sensors collect spectral information of ground targets at various
points of the electromagnetic spectrum, such as visible and infrared, which is of great benefit for
wetland vegetation mapping [7]. Therefore, several studies reported the success of wetland mapping
using optical satellite imagery [8-11].

Despite the latest advances in remote sensing tools, such as the availability of high spatial and
temporal resolution satellite data and object-based image analysis tools [12], the classification accuracy
of complex land cover, such as wetland ecosystems, is insufficient [5]. This could be attributed to
the spectral similarity of wetland vegetation types, making the exclusive use of spectral information
insufficient for the classification of heterogeneous land cover classes. In addition, several studies
reported the significance of incorporating both spectral and spatial information for land cover
mapping [1,13]. Thus, spatial features may augment spectral information and thereby contribute
to the success of complex land cover mapping. Accordingly, several experiments were carried out to
incorporate both spectral and spatial features into a classification scheme. These studies were based on
the Markov Random Field (MRF) model [14], the Conditional Random Field (CRF) model [15], and
Composite Kernel (CK) methods [16]. However, in most cases, the process of extracting a large number
of features, the feature engineering process [17], for the purpose of supervised classification is time
intensive, and requires broad and profound knowledge to extract amenable features. Furthermore,
classification based on hand-crafted spatial features primarily relies on low-level features, resulting in
insufficient classification results in most cases and a poor capacity for generalization [13].

Most recently, Deep Learning (DL), a state-of-the-art machine learning tool, has been placed
in the spotlight in the field of computer vision and, subsequently, in remote sensing [18]. This
is because these advanced machine learning algorithms address the primary limitations of the
conventional shallow-structured machine learning tools, such as Support Vector Machine (SVM)
and Random Forest (RF) [19]. Deep Belief Net (DBN) [20], Stacked Auto-Encoder (SAE) [21], and deep
Convolutional Neural Network (CNN) [22,23] are current deep learning models, of which the latter is
most well-known. Importantly, CNN has led to a series of breakthroughs in several remote sensing
applications, such as classification [15], segmentation [24], and object detection [25], due to its superior
performance in a variety of applications relative to shallow-structured machine learning tools. CNNs
are characterized by multi-layered interconnected channels, with a high capacity for learning the
features and classifiers from data spontaneously given their deep architecture, their capacity to adjust
parameters jointly, and to classify simultaneously [26]. One of the ubiquitous characteristics of such
a configuration is its potential to encode both spectral and spatial information into the classification
scheme in a completely automated workflow [26]. Accordingly, the complicated, brittle, and multistage
feature engineering procedure is replaced with a simple end-to-end deep learning workflow [17].

Notably, there is a different degree of abstraction for the data within multiple convolutional layers,
wherein low-, mid-, and high-level information is extracted in a hierarchical learning framework at the
initial, intermediate, and final layers, respectively [26]. This configuration omits the training process
from scratch in several applications since the features in the initial layers are generic filters (e.g., edge)
and, accordingly, are less dependent on the application. However, the latest layers are related to the



Remote Sens. 2018, 10, 1119 3of 21

final application and should be trained according to the given data and classification problem. This
also addresses the poor generalization capacity of shallow-structured machine learning tools, which
are site- and data-dependent, suggesting the versatility of CNNs [17].

Although the advent of CNN dates back to as early as the 1980s, when LeCun designed a primary
convolutional neural network known as LeNet to classify handwritten digits, it gained recognition
and was increasingly applied around 2010 [27]. This is attributable to the advent of more powerful
hardware, larger datasets (e.g., ImageNet) [28], and new ideas, which consequently improved network
architecture [23]. The original idea of deep CNNs [27] has been further developed by Krizhevsky and
his colleagues, who designed a breakthrough CNN, known as AlexNet, a pioneer of modern deep
CNNs, with multiple convolutional and max-pooling layers that provide deeper feature-learning at
different spatial scales [22]. Subsequent successes have been achieved since 2014, when VGG [29],
GoogLeNet (i.e., Inception network) [23], ResNet [30], and Xception [31] were introduced in the
ImageNet Large-Scale Visual Recognition Challenge (ILSVRC).

The intricate tuning process, heavy computational burden, high tendency of overfitting, and the
empirical nature of model establishment are the main limitations associated with deep CNNs [26].
Although some studies have argued that all deep learning methods have a black-box nature, it is
not completely true for CNN [17]. This is because the features learned by CNNs can be visualized
and, in particular, they are an illustration of visual concepts. There are three different strategies for
employing current CNNs: A full-training network, a pre-trained network as a feature extractor, and
fine-tuning of a pre-trained network. In the first case, a network is trained from scratch with random
weights and biases to extract particular features for the dataset of interest. However, the limited
number of training samples constrains the efficiency of this technique due to the overfitting problem.
The other two strategies are more useful when a limited amount of training samples is available [26,32].

In cases of limited training data, a stacked auto-encoder (SAE) is also useful to learn the
features from a given dataset using an unsupervised learning network [33]. In such a network,
the deconstruction error between the input data at the encoding layer and its reconstruction at the
decoding layer is minimized [34]. SAE networks are characterized by a relatively simple structure
relative to deep CNNs and they have a great capacity for fast image interpretation. In particular,
they convert raw data to an abstract representation using a simple non-linear model and they
integrate features using an optimization algorithm. This results in a substantial decrease of redundant
information between the features while achieving a strong generalization capacity [35].

Despite recent advances in deep CNNSs, their applications in remote sensing have been
substantially limited to the classification of very high spatial resolution aerial and satellite imagery from
a limited number of well-known datasets, owing to the similar characteristics of these data to object
recognition in computer vision. However, acquiring high spatial resolution imagery may be difficult,
especially on a large scale. Accordingly, less research has been carried out on the classification of
medium and high spatial resolution satellite imagery in different study areas. Furthermore, the capacity
of CNNs has been primarily investigated for the classification of urban areas, whereas there is limited
research examining the potential of state-of-the-art classification tools for complex land cover mapping.
Complex land cover units, such as wetland vegetation, are characterized by high intra- and low
inter-class variance, resulting in difficulties in their discrimination relative to typical land cover classes.
Thus, an environment with such highly heterogeneous land cover is beneficial for evaluating the
capacity of CNNSs for the classification of remote sensing data. Finally, the minimal application of
well-known deep CNNs in remote sensing may be due to the limitation of input bands. Specifically,
these convnets are designed to work with three input bands (e.g., Red, Green, and Blue), making them
inappropriate for most remote sensing data. This indicates the significance of developing a pipeline
compatible with multi-channel satellite imagery.

The main goals of this study were, therefore, to: (1) Eliminate the limitation of the number of input
bands by developing a pipeline in Python with the capacity to operate with multi-layer remote sensing
imagery; (2) examine the power of deep CNNss for the classification of spectrally similar wetland classes;
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(3) investigate the generalization capacity of existing CNNss for the classification of multispectral satellite
imagery (i.e., a different dataset than those they were trained for); (4) explore whether full-training or
fine-tuning is the optimal strategy for exploiting the pre-existing convnets for wetland mapping; and
(5) compare the efficiency of the most well-known deep CNNs, including DenseNet121, InceptionV3,
VGG16, VGG19, Xception, ResNet50, and InceptionResNetV2, for wetland mapping in a comprehensive
and elaborate analysis. Thus, this study contributes to the use of the state-of-the-art classification tools
for complex land cover mapping using multispectral remote sensing data.

2. Materials and Methods

2.1. Deep Convolutional Neural Network

CNNs are constructed by multi-layer interconnected neural networks, wherein powerful low-,
intermediate-, and high-level features are hierarchically extracted. A typical CNN framework has
two main layers—the convolutional and pooling layers—that, together, are called the convolutional
base of the network [17]. Some networks, such as AlexNet and VGG, also have fully connected layers.
The convolutional layer has a filtering function and extracts spatial features from the images. Generally,
the first convolutional layers extract low-level features or small local patterns, such as edges and corners,
while the last convolutional layers extract high-level features, such as image structures. This suggests
the high efficiency of CNNs for learning spatial hierarchical patterns. Convolutional layers are usually
defined using two components: The convolution patch size (e.g., 3 X 3 or 5 x 5) and the depth of the
output feature map, which is the number of filters (e.g., 32 filters). In particular, a rectangular sliding
window with a fixed-size and a pre-defined stride is employed to produce convoluted feature maps using
a dot product between the weights of the kernel and a small region of the input volume (i.e., the receptive
field). A stride is defined as a distance between two consecutive convolutional windows. A stride of one
is usually applied in convolutional layers since larger stride values result in down-sampling in feature
maps [17]. A feature map is a new image generated by this simple convolution operation and is a
visual illustration of the extracted features. Given the weight-sharing property of CNNs, the number
of parameters is significantly reduced compared to fully connected layer, since all the neurons across a
particular feature map share the same parameters (i.e., weights and biases).

A non-linearity function, such as the Rectified Linear Unit (ReLU) [36], is usually applied as an
elementwise nonlinear activation function to each component in the feature map. The ReLU function is
advantageous relative to conventional activation functions used in traditional neural networks, such as
the hyperbolic tangent or sigmoid functions, for adding non-linearity to the network [36]. The ReLU
significantly accelerates the training phase relative to the conventional functions with gradient descent.
This is because of the so-called vanishing gradient problem, wherein the derivatives of earlier functions
(e.g., sigmoid) are extremely low in the saturating region and, accordingly, the updates for the weights
nearly vanish.

Due to the presence of common pixels in each window, several feature maps may be produced
that are very similar, suggesting redundant information. Therefore, pooling layers are used after
each convolutional layer to decrease the variance of the extracted features using simple operations
such as the maximizing or averaging operations. The max- and average-pooling layers determine the
maximum and mean values, respectively, using a fixed-size sliding window and a pre-defined stride
over the feature maps and, thereby, are conceptually similar to the convolutional layer. In contrast
to convolutional layers, a stride of two or larger is applied in the pooling layers to down-sample
the feature maps. Notably, the pooling layer, or the sub-sampling layer, generalizes the output of
the convolutional layer into a higher level and selects the more robust and abstract features for the
next layers. Thus, the pooling layer decreases computational complexity during the training stage by
shrinking the feature maps.

As mentioned, some networks may have fully connected layers before the classifier layer that
connect the output of several stacked convolutional and pooling layers to the classifier layer. Overfitting



Remote Sens. 2018, 10, 1119 5o0f 21

may arise in the fully connected layer because it occupies a large number of parameters. Thus,
the dropout technique, an efficient regularization technique, is useful to mitigate or decrease problems
associated with overfitting. During training, this technique randomly drops some neurons and their
connections across the network, which prevents neurons from excess co-adaptation and contributes
to developing more meaningful independent features [22]. The last layer is a classification layer,
which determines the posterior probabilities for each category. A softmax classifier, also known
as a normalized exponential, is the most commonly used classifier layer among the deep learning
community in the image field. Stochastic Gradient Descent (SGD) optimization in a backpropagation
workflow is usually used to train CNNs and to compute adjusting weights. This is an end-to-end
learning process, from the raw data (i.e., original pixels) to the final label, using a deep CNN.

2.1.1. VGG

VGG network [29], the runner-up of the localization and classification tracks of the ILSVRC-2014
competition, is characterized by a deep network structure with a small convolutional filter of 3 x 3
compared to its predecessor, AlexNet [22]. VGG-VD group introduced six deep CNNs in the
competition, among which two of them were more successful than the others, namely VGG16 and
VGG19. The VGG16 consists of 13 convolutional layers and three fully connected layers, while the
VGG19 has 16 convolutional layers and three fully connected layers. Both networks use a stack of
small convolutional filters of 3 x 3 with stride 1, which are followed by multiple non-linearity layers
(see Figure 1). This increases the depth of the network and contributes to learning more complex
features. The impressive results of VGG revealed that the network depth is an important factor in
obtaining high classification accuracy [32].

- Convolution Softmax

- Maxpool - Fully connected
@)

Qg

- Convolution Softmax

- Maxpool - Fully connected
(b)

Figure 1. Schematic diagram of (a) VGG16 and (b) VGG19 models.

2.1.2. Inception

GoogLeNet, the winner of the classification and detection tracks of the ILSVRC-2014 competition,
is among the first generation of non-sequential CNNSs. In this network, both depth (i.e., the number of
levels) and width (i.e., the number of units at each level), were increased without causing computational
strain [23]. GoogLeNet is developed based on the idea that several connections between layers are
ineffective and have redundant information due to the correlation between them. Accordingly, it uses
an “Inception module”, a sparse CNN, with 22 layers in a parallel processing workflow, and benefits
from several auxiliary classifiers within the intermediate layers to improve the discrimination capacity
in the lower layers. In contrast to conventional CNNs such as AlexNet and VGG, wherein either a
convolutional or a pooling operation can be used at each level, the Inception module could benefit from
both at each layer. Furthermore, filters (convolutions) with varying sizes are used at the same layer,
providing more detailed information and extracting patterns with different sizes. Importantly,al x 1
convolutional layer, the so-called bottleneck layer, was employed to decrease both the computational
complexity and the number of parameters. To be more precise, 1 x 1 convolutional layers were used



Remote Sens. 2018, 10, 1119 6 of 21

just before a larger kernel convolutional filter (e.g., 3 x 3 and 5 x 5 convolutional layers) to decrease
the number of parameters to be determined at each level (i.e., the pooling feature process). In addition,
1 x 1 convolutional layers make the network deeper and add more non-linearity by using ReLU after
each 1 x 1 convolutional layer. In this network, the fully connected layers are replaced with an average
pooling layer. This significantly decreases the number of parameters since the fully connected layers
include a large number of parameters. Thus, this network is able to learn deeper representations of
features with fewer parameters relative to AlexNet while it is much faster than VGG [31]. Figure 2
illustrates a compressed view of InceptionV3 employed in this study.
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Figure 2. Schematic diagram of InceptionV3 model (compressed view).

2.1.3. ResNet

ResNet, the winner of the classification task in the ILSVRC-2015 competition, is characterized
by a very deep network with 152 layers [30]. However, the main problems associated with the deep
network are difficulty in training, high training error, and the vanishing gradient that causes learning
to be negligible at the initial layers in the backpropagation step. The deep ResNet configuration
addresses the vanishing gradient problem by employing a deep residual learning module via additive
identity transformations. Specifically, the residual module uses a direct path between the input and
output and each stacked layer fits a residual mapping rather than directly fitting a desired underlying
mapping [30]. Notably, the optimization is much easier on the residual map relative to the original,
unreferenced map. Similar to VGG, 3 x 3 filters were mostly employed in this network; however,
ResNet has fewer filters and less complexity relative to the VGG network [30]. Figure 3 illustrates a
compressed view of ResNet, which was used in this study.

2x 3x 5x 2x
BN R R RN RN R BN RN R
i f i f 0 | |

B Convolution O Residual
I Maxpool [ Fully connected

Softmax

Figure 3. Schematic diagram of ResNet model (compressed view).
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2.1.4. Xception

Xception network is similar to inception (GoogLeNet), wherein the inception module has been
substituted with depth-wise separable convolutional layers [31]. Specifically, Xception’s architecture is
constructed based on a linear stack of a depth-wise separable convolution layer (i.e., 36 convolutional
layers) with linear residual connections (see Figure 4). There are two important convolutional layers
in this configuration: A depth-wise convolutional layer [37], where a spatial convolution is carried
out independently in each channel of input data, and a pointwise convolutional layer, wherea 1 x 1
convolutional layer maps the output channels to a new channel space using a depth-wise convolution.

3x 7x

H

g A T

- Convolution Add
- Maxpool Softmax

Avgpool

Figure 4. Schematic diagram of Xception model (compressed view).

2.1.5. InceptionResNetV2

This network is constructed by integrating the two most successful deep CNNs, ResNet [30] and
Inception [23], wherein batch-normalization is used only on top of the traditional layers, rather than on
top of the summations. In particular, the residual modules are employed in order to allow an increase
in the number of Inception blocks and, accordingly, an increase in network depth. As mentioned earlier,
the most pronounced problem associated with very deep networks is the training phase, which can be
addressed using the residual connections [30]. The network scales down the residual as an efficient
approach to address the training problem when a large number of filters (greater than 1,000 filters) is
used in the network. Specifically, the residual variants experience instabilities and the network cannot
be trained when the number of filters exceeds 1,000. Therefore, scaling the residual contributes to
stabilizing network training [38]. Figure 5 illustrates a compressed view of InceptionResNetV2 used in
this study.

: l - l 10x l . 20x l I I 10x
IIIIIIIII 1k i N llo[  Jo | B8 B |
‘ B | VAR S | | 1 | I
- Convolution Q Residual
B Maxpool B Fully connected I I l

Avgpool Softmax

W conca Dropout

Figure 5. Schematic diagram of InceptionResNetV2 model (compressed view).

2.1.6. DenseNet

This network is also designed to address the vanishing gradient problem arising from the network
depth. Specifically, all layers’ connection architectures are employed to ensure maximum flow of
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information between layers [39]. In this configuration, each layer acquires inputs from all previous
layers and conveys its own feature-maps to all subsequent layers. The feature maps are concatenated
at each layer to pass information from preceding layers to the subsequent layers. This network
architecture removes the necessity to learn redundant information and accordingly, the number
of parameters is significantly reduced (i.e., parameter efficiency). It is also efficient for preserving
information owing to its all layers connection property. Huang et al. (2017) reported that the network
performed very well for classifications with a small training data set and the overfitting is not a
problem when DenseNet121 is employed [39]. Figure 6 illustrates a compressed view of DenseNet
employed in this study.

16x

BE 044 BE od44 B 094 BE o4+ 30

@ Convolution

BB Maxpool 09+ Dense Block
Avgpool

Softmax

- Fully connected

Figure 6. Schematic diagram of DenseNet model (compressed view).

2.2. Training

2.2.1. Fine-Tuning of a Pre-Trained Network

Fine-tuning of a pre-trained network is an optimal solution when a limited number of training
samples are available. In this case, a fine adjustment is performed on the parameters of the top layers
in a pre-trained network, while the first layers, representing general features, are frozen. Freezing is
when weights for a layer or a set of layers are not updated during the training stage. Importantly, this
approach benefits from the parameters learned from a network that has been previously trained using
a specific dataset and, subsequently, adjusts the parameters for the dataset of interest. Accordingly,
fine-tuning adjusts the parameters of the reused model, making it more relevant to the dataset of
interest. Fine-tuning can be performed for either all layers or the top layers of a pre-trained network;
however, the latter approach is preferred [17]. This is because the first layers in convnets encode
generic, reusable features, whereas the last layers encode more specific features. Thus, it is more
efficient to fine-tune those specific features. Furthermore, fine-tuning of all layers causes overfitting
due to the large number of parameters, which should be determined during this process [17]. As such,
in this study, fine-tuning of pre-existing convnets was carried out only on the top three layers. These
may be either the fully connected layers alone (e.g., VGG) or both the fully connected and convolutional
layers (e.g., Xception). Accordingly, the fine-tuning of the top three layers allowed us to compare the
efficiency of fine-tuning for both fully connected and convolutional layers.

Notably, the number of input bands for these CNNs is limited to three because they have
been trained using the ImageNet dataset; however, RapidEye imagery has five bands. Therefore,
a band selection technique was pursued to determine three uncorrelated bands of RapidEye imagery
most appropriate for use in CNNs. The results of this analysis demonstrated that green, red,
and near-infrared bands contain the least redundant information and thus, they were selected for
fine-tuning of CNNSs in this study.

2.2.2. Full-Training

Full-training is feasible when a large number of training samples is available to aid in converging
the network [26]. In this case, there is a full control on the network parameters and, additionally,
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more relevant features are produced since the network is specifically tuned with the dataset of interest.
However, the full-training of a network from scratch is challenging due to computational and data
strains, leading to overfitting problems. Some techniques, such as dropout layers and data augmentation
and normalization, are useful for mitigating the problems that arise from overfitting. In particular, data
augmentation, introduced by Krizhevsky in 2012, is a process that produces more training samples from
existing training data using a number of random transformations (e.g., image translation and horizontal
reflection) [22]. The main goal is that the model will never look at the same image twice. In particular,
the model explores more aspects of the data, which contributes to a better generalization [17].

Notably, there are two different categories in the case of full-training of convnets. In the first
category, a new CNN architecture is fully designed and trained from scratch. In this case, the number
of convolutional, and pooling layers, neurons, the type of activation function, the learning rate, and
the number of iterations should be determined. Conversely, the second strategy benefits from a
pre-existing architecture and full-training is only employed using a given dataset. In the latter case,
the network architecture and the number of parameters remain unchanged.

In this study, the second strategy was employed. In particular, we examined the potential of a
number of pre-existing networks (e.g., VGG, Inception, and etc.,) for classification of complex land
cover when they are trained from scratch using a new dataset substantially different from those (e.g.,
ImageNet) for which it was originally trained. Notably, full-training was employed for both three and
five bands of RapidEye imagery. The full-training of three bands was performed to make the results
comparable with those of the fine-tuning strategy.

2.3. Study Area and Satellite Data

The study area is located in the northeast portion of the Avalon Peninsula, Newfoundland and
Labrador, Canada. Figure 7 shows the geographic location of the study area.
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Figure 7. A true color composite of RapidEye optical imagery (bands 3, 2, and 1) acquired on 18 June,
2015, illustrating the geographic location of the study area. The red rectangle, the so-called test-zone,
was selected to display the classified maps obtained from different approaches. Note that the training
samples within the rectangle were excluded during the training stage for deep Convolutional Neural
Networks (CNNSs).
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Land cover in the study area comprises a wide variety of wetland classes categorized by the
Canadian Wetland Classification System (CWCS), including bog, fen, marsh, swamp, and shallow
water [1]. Wetlands are characterized as complex species with high intra-class variance and low
inter-class variance. Additionally, these classes are extremely different from typical objects found in
the ImageNet dataset. Such a diverse ecological ecosystem is an ideal setting in which the efficiency
and robustness of the state-of-the-art classification algorithms in a comprehensive and comparative
study may be examined. Other land-cover classes found in the study area include urban, upland, and
deep water classes. Figure 8 illustrates ground photo examples of land cover classes in this study.

(@) (h)

Figure 8. Ground reference photos showing land cover classes in the study area: (a) Bog; (b) fen;
(c) marsh; (d) swamp; (e) shallow water; (f) urban; (g) deep water; and (h) upland.

Two level 3A multispectral RapidEye images with a spatial resolution of five meters, acquired on
18 June and 22 October 2015, were used for classification in this study. This imagery has five spectral
bands, namely blue (440-510 nm), green (520-590 nm), red (630-685 nm), red edge (690-730 nm), and
near-infrared (760-850 nm).

2.4. Training, Validation, and Testing Data

Field data were acquired for 257 ground sites in the summer and fall of 2015, 2016, and 2017
by collecting Global Positioning System (GPS) points at each site. For reference data preparation,
polygons were sorted by size and alternately assigned to testing and training groups. This resulted in
both the testing and training groups containing equal numbers of small and large wetland polygons to
allow for similar pixel counts and to account for the high variation of intra-wetland size.

Importantly, five tiles of RapidEye optical images were mosaicked to cover the whole study region.
The training polygons within the red rectangle (i.e., one RapidEye tile; see Figure 7), the so-called
test-zone, were removed for the training of deep CNNSs. In particular, all patches within the test-zone
were only used for testing (i.e., accuracy assessment) of CNNs. Of the training sample data, 80% and
20% were used for training and validation, respectively. Notably, both training and validation were
carried out using the first RapidEye image (18 June, 2015); however, the testing was applied only to
the second RapidEye image (22 October, 2015), within the test-zone (see Figure 7, the red rectangle),
to perform the robust classification accuracy assessment.

Accordingly, the training and testing samples were obtained from independent polygons from
distinct geographic regions using satellite imagery acquired at different times. This procedure
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prevents information leaking from the testing dataset to the model by employing two spatially and
geographically independent samples for training and testing.

2.5. Experiment Setup

A multispectral satellite image in three dimensions is represented as m x n x h, a 3D tensor,
where m and n indicate the height and width of the image, respectively, and h corresponds to the
number of channels. On the other hand, convnets require a 3D tensor as input and, accordingly,
a patch-based labeling method was used in this study because it inherently aligns with CNNs. Using
this approach, the multispectral image was decomposed into patches, which have both spectral and
spatial information for a given pixel, and a class label is assigned to the center of each patch [40].

An optimal patch size was determined using a trial-and-error procedure, by taking into account
a spatial resolution of 5 m for the input image and the contextual relationship of the objects [41].
In particular, different patch sizes of 5, 10, 15, 20, 25, 30, 35, and 40 were examined, and the patch size of
30 was found to be the optimal value that extracts local spatial correlation within a given neighborhood
and contains sufficient information to generate a specific distribution for each object in the image. Thus,
we obtained 3D tensors with dimensions of either 30 x 30 x 5 (when using 5 multispectral bands) or
30 x 30 x 3 (when using 3 multispectral bands), which have both spatial and spectral information at a
given location.

In the patch-based CNN, a particular class label is assigned to the given patch when a small
rectangle in the center of that patch completely covers a single object [42]. In this study, the training
polygons were not rectangular, causing challenges during labeling when a patch contains more than
one class.Accordingly, within a given patch size of 30 x 30, if an 8 x 8 rectangle covered only a
single class (e.g., bog), then the label of this patch was assigned to that class (bog). Conversely, when
this small rectangular window covered more than one class (e.g., both bog and fen), this patch was
removed and excluded from further processing. Thus, the selected patches for the training of convnets
covered more than 50% of the object of interest and overcame the problem of edges that arise from
multiple objects within a single patch.

The convnets used in this study include VGG16, VGG19, InceptionV3, Xception, DenseNet121,
ResNet50, and InceptionResNetV2. The parameters of the original deep architecture were maintained
during both fine-tuning and full-training. However, a learning rate of 0.01 and a decay rate of 104
were selected for full-training and fine-tuning experiments. The number of iterations was set to
be 30,000 and 100,000 for fine-tuning and full-training, respectively. Cross-entropy and Stochastic
Gradient Descent (SGD) were selected as the loss function and the optimization algorithm, respectively,
during processing. As mentioned earlier, a patch size of 30 was selected and the images were resized
to 224 x 224 for VGG16, VGG19, DenseNet121, and ResNet50, as well as to 229 x 299 for InceptionV3,
Xception, and InceptionResNetV2. All these experiments were implemented using Google’s library
TensorFlow [43]. Table 1 presents the parameter settings and the characteristics of the deep convnets
examined in this study.

In terms of computational complexity, the full-training strategy was more time intensive relative
to the fine-tuning. This is because, in the former, the network must be trained from scratch, wherein
weights and biases are randomly initialized and, accordingly, more time and resources are required for
the model to be convergent. Table 1 (last column) represents the processing time when full-training of
five bands (from scratch) was carried out. In order to determine the most accurate processing time,
each network was fed by 800 images (100 images for each class) and the training time was measured.
This procedure was repeated ten times and the average processing time for each network is presented
in Table 1.

All experiments were carried out on an Intel CPU i7 4790 k machine with 3.6 GHz of clock and
32 GB RAM memory. A Nvidia GeForce GTX 1080 Ti GPU with 11 GB of memory under CUDA
version 8.0 was also used in this study.
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Table 1. The characteristics of deep convnets examined in this study.

ConvNet Models Parameters (millions) Depth  Processing Time ! (s)
VGG16 138 23 18
VGG19 144 26 21
InceptionV3 24 159 10
ResNet50 26 168 12
Xception 23 126 16
InceptionResNetV2 56 572 19
DenseNet121 8 121 14

1 Note: The processing time was calculated for training of 800 images (100 images for each class).

2.6. Evaluation Metrices

Three metrics, namely overall accuracy, Kappa coefficient, and Fl-score, were used to
quantitatively evaluate the performance of different classifiers. Overall accuracy represents the
amount of correctly classified area for the whole image and is calculated by dividing the number of
correctly classified pixels by the total number of pixels in the confusion matrix. The Kappa coefficient
determines the degree of agreement between the reference data and the classified map. F1-score is a
quantitative metric useful for imbalanced training data, and it measures the balance between precision
and recall. Precision, also known as the positive predictive value, illustrates how many detected pixels
for each category are true. Recall, also known as sensitivity, indicates how many actual pixels in each
category are detected [44]. Accordingly, F1-score is formulated as follows:

Precision x Recall
F1 — =2 1
score x Precision + Recall M)

where precision and recall are obtained from:

True positives
True positives + False positives

@

Precision =

True positives
True positives + False negatives

Recall = 3)

3. Results and Discussion

In this study, fine-tuning was employed for pre-existing, well-known convnets, which were
trained based on the ImageNet dataset. Figure 9 demonstrates the validation and training accuracy
and loss in the case of fine-tuning of convnets using the three selected bands of RapidEye imagery.

As shown, DenseNet121 has the lowest validation accuracy, followed by VGG16. Conversely,
the Xception network has the highest validation accuracy, followed by InceptionResNetV2. The two
convnets, namely InceptionV3 and ResNet50, show relatively equal validation accuracies. Figure 10
shows the validation and training accuracy and loss in the case of training convnets from scratch when
three bands of RapidEye imagery were employed.

As shown, all convnets, excluding DensNet121, perform very well for wetland classification
when validation accuracies are compared. In particular, three convnets, including InceptionResNetV2,
Xception, and VGG19, have higher training and validation accuracies relative to the other well-known
convnets. Conversely, DenseNet121 has the lowest validation accuracy, suggesting that this network
is less suitable for complex land cover mapping relative to the other convnets. Figure 11 shows the
validation and training accuracy and loss in the case of training convnets from scratch when five bands
of RapidEye imagery were employed.
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Figure 9. Comparing well-known convnets in terms of training and validation accuracy and loss
when fine-tuning of three bands (i.e., Green, Red, and near-infrared (NIR)) was employed for complex
wetland mapping.
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Figure 10. Comparing well-known convnets in terms of training and validation accuracy and loss
when networks were trained from scratch using three bands (i.e., Green, Red, and NIR) for complex
wetland mapping.
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Figure 11. Comparing well-known convnets in terms of training and validation accuracy and loss
when networks were trained from scratch using five bands for complex wetland mapping.

The effects of increasing the number of bands are readily apparent by comparing
Figures 10 and 11. Specifically, an increase in the number of bands improves classification accuracy in
all cases. For example, the validation accuracy for DenseNet121 was lower than 90% when only three
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bands were employed. However, by increasing the number of bands, the validation accuracy reached
to 94% for DenseNet121. InceptionResNetV2 again exhibited the highest validation accuracy, followed
by ResNet50, Xception, and VGG19. Thus, the results indicate the significance of incorporating more
spectral information for the classification of spectrally similar wetland classes (see Figures 10 and 11).

One of the most interesting aspects of the results obtained in this study is that the full-training
strategy had better classification results relative to fine-tuning in all cases. Previous studies reported
the superiority of fine-tuning relative to full-training for classification of very high resolution aerial
imagery, although full-training was found to be more accurate relative to fine-tuning for classification
of multi-spectral satellite data [26,45]. In particular, Nogueira et al. (2017) evaluated the efficiency of
fine-tuning and full-training strategies of some well-known deep CNNss (e.g., AlexNet and GoogLeNet)
for classification of three well-known datasets, including UCMerced land-use [46], RS19 dataset [47],
and Brazilian Coffee Scenes [48]. The fine-tuning strategy yielded a higher accuracy for the first two
datasets, likely due to their similarity with the ImageNet dataset, which was originally used for training
deep CNNs. However, the full-training strategy had similar [26] or better results [45] relative to the
fine-tuning for the Brazilian Coffee Scenes. This is because the latter dataset is multi-spectral (SPOT),
containing finer and more homogeneous textures, wherein the patterns visually overlap substantially
and, importantly, differ from the objects commonly found within the ImageNet dataset [26]. The results
obtained from the latter dataset are similar to those found in our study. In particular, there is
a significant difference between the original training datasets of these convnets and our dataset.
Fine-tuning is an optimal solution when the edges and local structures within the dataset of interest
are similar to those for which the networks were trained. However, the texture, color, edges, and
local structures of the typical objects found in the ImageNet dataset differ from the objects found
in the wetland classes. Moreover, our dataset is intrinsically different from the ImageNet dataset
used for pre-training. In particular, our dataset has five spectral bands, namely red, green, blue,
red-edge, and near-infrared, all of which are essential for classifying spectrally similar wetland classes.
However, the ImageNet dataset has only the red, green, and blue bands [45]. This could explain
the differences between validation accuracies obtained in the case of full-training and fine-tuning
(see Figures 9 and 10). Nevertheless, the results obtained from fine-tuning are still very promising,
taking into account the complexity of wetland classes and the high classification accuracy obtained
in most cases. In particular, an average validation accuracy of greater than 86% was achieved in all
cases (see Figure 9), suggesting the generalizability and versatility of pre-trained deep convnets for the
classification of various land cover types. It is also worth noting that fine-tuning was employed on the
top three layers of convnets in this study. However, the results could be different upon including more
layers in the fine-tuning procedure.

Having obtained higher accuracies via full-training of five bands, the classification results obtained
from this strategy were selected for further analysis. These classification results were also compared
with the results obtained from two conventional machine learning tools (i.e., SVM and RF). For this
purpose, a total number of eight features were used as input features for both the SVM and RF classifiers.
These features were Normalized Difference Vegetation Index (NDVI), Normalized Difference Water
Index (NDWI), Red-edge Normalized Difference Vegetation Index (ReNDVI), and all the original
spectral bands of the RapidEye image. Table 2 represents the overall accuracy, Kappa coefficient, and
F1-score using different CNNs (full-training of five bands), RF, and SVM for wetland classification in
this study.

As seen in Table 2, SVM and RF have the lowest classification accuracies and Fl-scores relative to
all deep convnets in this study. Among deep convnets, InceptionResNetV2 has the highest classification
accuracy, 96.17%, as well as the highest F1-score, 93.66%, followed by ResNet50 and Xception with
overall accuracies of 94.81% and 93.57%, as well as Fl-scores of 91.39% and 89.55%, respectively.
Conversely, DenseNet121 and InceptionV3 have the lowest overall accuracies, 84.78% and 86.14%,
as well as Fl-scores, 72.61% and 75.09%, respectively. VGG19 was found to be more accurate than
VGG16 by about 3% (OA), presumably due to the deeper structure of the former convnet. These results
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are in general agreement with [49], which reported the superiority of ResNet relative to GoogLeNet
(Inception), VGG16, and VGG19 for the classification of four public remote sensing datasets (e.g., UCM,
WHU-RS19). InceptionResNetV2 benefits from integrating two well-known deep convnets, Inception
and ResNet, which positively contribute to the most accurate result in this study. This also suggests
that the extracted features from different convnets are supplementary and improve the model’s
classification efficiency. The results demonstrated that deeper networks (e.g., InceptionResNetV2)
have a greater efficiency in extracting varying degrees of abstraction and representation within the
hierarchical learning scheme [50]. In particular, they are more efficient in separating the input space
into more detailed regions, owing to their deeper architecture, that contributes to a better separation of
complex wetland classes.

Table 2. Overall accuracies (%), Kappa coefficients, and Fl-score (%) for wetland classification
using different deep convnets (full-training of five bands), Random Forest (RF), and Support Vector

Machine (SVM).

Methods Overall Accuracy  Kappa Coefficient F1
SVM 74.89 0.68 53.58
RF 76.08 0.70 58.87
DenseNet121 84.78 0.80 72.61
InceptionV3 86.14 0.82 75.09
VGG16 87.77 0.84 78.13
VGG19 90.94 0.88 84.20
Xception 93.57 0.92 89.55
ResNet50 94.81 0.93 91.39
InceptionResNetV2 96.17 0.95 93.66

As shown in Figure 12, all deep networks were successful in classifying non-wetland classes,
including urban, deep water, and upland classes, with an accuracy greater than 94% in all cases. SVM
and RF also correctly classified the non-wetland classes with an accuracy exceeding 96% in most
cases (excluding upland). Interestingly, all deep networks correctly classified the urban class with an
accuracy of 100%, suggesting the robustness of the deep learning features for classification of complex
human-made structures (e.g., buildings and roads). This observation fits well with [13]. However,
the accuracy of the urban class did not exceed 97% when either RF or SVM was employed.

The confusion matrices demonstrate that, by using the last three networks, a significant
improvement was achieved in the accuracy of both overall and individual classes. In particular,
InceptionResNetV2 correctly classified non-wetland classes with an accuracy of 99% for deep water and
100% for both urban and upland classes. ResNet50 and Xception were also successful in distinguishing
non-wetland classes with an accuracy of 100% for urban and 99% for both deep water and upland. One
possible explanation for why the highest accuracies were obtained for these classes is the availability
of larger amounts of training samples for non-wetland classes relative to wetland classes.

Although RF and SVM, as well as the convnets, performed very well in distinguishing
non-wetland classes, the difference in accuracy between the two groups (i.e., conventional classifiers
versus deep networks) was significant for wetland classes. This was particularly true for the last
three convnets compared to SVM and RE. Specifically, the three networks of InceptionResNetV2,
ResNet50, and Xception were successful in classifying all wetland classes with accuracies exceeding
80%, excluding the swamp wetland. This contrasts with the results obtained from SVM and RF,
wherein the accuracies were lower than 74% for all wetland classes. Overall, the swamp wetland had
the lowest accuracy among all classes using the deep convnets. As the effectiveness of these networks
largely depends on the numbers of the training samples, the lowest accuracy of the swamp wetland
could be attributable to the low availability of training samples for this class.

A large degree of confusion was observed between herbaceous wetlands, namely marsh, bog, and
fen (especially between bog and fen), when DenseNet121, InceptionV3, and VGG16 were employed.
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The largest confusion between bog and fen is possibly due to the very similar visual features of
these classes (see Figure 8). These two classes are both peatland dominated with different species of
Sphagnum in bogs and Graminoid in fens. According to field biologist reports, these two classes were
adjacent successional classes with a heterogeneous nature and were hardly distinguished from each
other during the in-situ field data collection.
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Figure 12. Normalized confusion matrix of the wetland classification for different networks in this
study (full-training of five optical bands), Random Forest (RF), and Support Vector Machine (SVM).

Overall, confusion was more pronounced among the first four deep networks, whereas it was
significantly reduced when the last three networks were employed (see Figure 12). This suggests that
the last three networks and, especially, InceptionResNetV2, are superior for distinguishing confusing
wetland classes relative to the other convnets. For example, the classes of bog and fen were correctly
classified with accuracies of greater than 89% when InceptionResNetV2 was used. Both Xception and
ResNet50 were also found to successfully classify these two classes with accuracies of higher than
80%. Overall, the wetland classification accuracies obtained from these three networks were strongly
positive for several spectrally and spatially similar wetland classes (e.g., bog, fen, and marsh) and
demonstrate a large number of correctly classified pixels.

Cropped images of the classified maps obtained from SVM, RF DenseNet121, and
InceptionResNetV2 are depicted in Figure 13. As shown, the classified maps obtained from convnets
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better resemble the real ground features. Both classified maps, obtained from convnets (Figure 13d,e)
show a detailed distribution of all land cover classes; however, the classified map obtained from
InceptionResNetV2 (Figure 13e) is more accurate when it is compared with optical imagery (Figure 13a).
For example, in the classified map obtained from DenseNet121, the fen class was misclassified as bog
and upland classes in some cases (Figure 13d). This, too, occurred between shallow water and deep
water; however, this was not the case when InceptionResNetV2 was employed. In particular, most land
cover classes obtained from InceptionResNetV2 are accurate representations of ground features. This
conclusion was based on the confusion matrix (see Figure 12) and further supported by a comparison
between the classified map and the optical data (Figure 13a, e).

I Boe
I Fen

Marsh
- Swamp
I shallow water
I Urban
I Dccp water
- Upland

d) (e)

Figure 13. (a) True color composite of RapidEye optical imagery (bands 3, 2, and 1). A crop of the
classified maps obtained from (b) SVM, (c) RF, (d) DenseNet121, and (e) InceptionResNetV2.

Figure 14 shows two-dimensional features extracted from the last layer of the InceptionResNetV2
(a) and DenseNet121 (b) using the two-dimensional t-SNE algorithm [51]. The features from
InceptionResNetV2 demonstrate a clear semantic clustering. In particular, most classes are clearly
separated from each other; however, the feature clusters of bog and fen show some degree of confusion.
Conversely, the features from DenseNet121 only generate a few visible clusters (e.g., upland and
urban), while other features corresponding to wetland classes overlap with each other, suggesting a
large degree of confusion.
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Figure 14. A 2-D feature visualization of global image representation of the wetland classes using the
t-SNE algorithm for the last layer of (a) InceptionResNetV2 and (b) DenseNet121. Each color illustrates
a different class in the dataset.

4. Conclusions

Wetlands are characterized by complex land cover with high intra-class variability and low
inter-class disparity, posing several challenges to conventional machine learning tools in classification
tasks. To date, the discrimination of such complex land cover classes using conventional classifiers
heavily relies on a large number of hand-crafted features incorporated into the classification scheme.
In this research, we used state-of-the-art deep learning tools, deep Convolutional Neural Networks,
to classify such a heterogeneous environment to address the problem of extracting a large number of
hand-crafted features. Two different strategies of employing pre-existing convnets were investigated:
Full-training and fine-tuning. The potential of the most well-known deep convnets, currently employed
for several computer vision tasks, including DenseNet121, InceptionV3, VGG16, VGG19, Xception,
ResNet50, and InceptionResNetV2, was examined in a comprehensive and elaborate framework using
multispectral RapidEye optical data for wetland classification.

The results of this study revealed that the incorporation of high-level features learned by
a hierarchical deep framework is very efficient for the classification of complex wetland classes.
Specifically, the results illustrate that the full-training of pre-existing convnets using five bands
is more accurate than both full-training and fine-tuning using three bands, suggesting that the
extra multispectral bands provide complementary information. In this study, InceptionResNetV2
consistently outperformed all other convnets for the classification of wetland and non-wetland classes
with a state-of-the-art overall classification accuracy of about 96%, followed by ResNet50 and Xception,
with accuracies of about 94% and 93%, respectively. The impressive performance of InceptionResNetV2
suggests that an integration of the Inception and ResNet modules is an effective architecture for
complex land cover mapping using multispectral remote sensing images. The individual class accuracy
illustrated that confusion occurred between wetland classes (herbaceous wetlands), although it was
less pronounced when InceptionResNetV2, ResNet50, and Xception were employed. The swamp
wetland had the lowest accuracy in all cases, potentially because the lowest number of training samples
was available for this class. It is also worth noting that all deep convnets were very successful in
classifying non-wetland classes in this study.

The results of this study demonstrate the potential for the full exploitation of pre-existing deep
convnets for the classification of multispectral remote sensing data, which are significantly different
than large datasets (e.g., ImageNet) currently employed in computer vision. Given the similarity of
wetland classes across Canada, the deep trained networks in this study provide valuable baseline
information and tools, and will substantially contribute to the success of wetland mapping in this
country using state-of-the-art remote sensing data.
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