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Abstract: Land cover classification (LCC) of complex landscapes is attractive to the remote
sensing community but poses great challenges. In complex open pit mining and agricultural
development landscapes (CMALs), the landscape-specific characteristics limit the accuracy of LCC.
The combination of traditional feature engineering and machine learning algorithms (MLAs) is
not sufficient for LCC in CMALs. Deep belief network (DBN) methods achieved success in some
remote sensing applications because of their excellent unsupervised learning ability in feature
extraction. The usability of DBN has not been investigated in terms of LCC of complex landscapes
and integrating multimodal inputs. A novel multimodal and multi-model deep fusion strategy based
on DBN was developed and tested for fine LCC (FLCC) of CMALs in a 109.4 km2 area of Wuhan
City, China. First, low-level and multimodal spectral–spatial and topographic features derived from
ZiYuan-3 imagery were extracted and fused. The features were then input into a DBN for deep
feature learning. The developed features were fed to random forest and support vector machine
(SVM) algorithms for classification. Experiments were conducted that compared the deep features
with the softmax function and low-level features with MLAs. Five groups of training, validation,
and test sets were performed with some spatial auto-correlations. A spatially independent test set and
generalized McNemar tests were also employed to assess the accuracy. The fused model of DBN-SVM
achieved overall accuracies (OAs) of 94.74% ± 0.35% and 81.14% in FLCC and LCC, respectively,
which significantly outperformed almost all other models. From this model, only three of the twenty
land covers achieved OAs below 90%. In general, the developed model can contribute to FLCC and
LCC in CMALs, and more deep learning algorithm-based models should be investigated in future
for the application of FLCC and LCC in complex landscapes.

Keywords: fine classification; complex landscape; deep learning; DBN; fusion; multimodal; ZiYuan-3;
machine learning algorithm; remote sensing

1. Introduction

Owing to various issues and challenges related to land cover classification (LCC) [1,2] and the
wide application of land cover data as basic inputs in various interdisciplinary studies [3–5], LCC has
been a very popular topic in remote sensing [3,4,6]. Fine LCC (FLCC) of complex landscapes drew
increasing attention [7–11] owing to landscape-specific characteristics and their accompanying issues.
LCC of complex open pit mining and agricultural development landscapes (CMALs) was studied
previously [12–14]. In particular, Li et al. [12] conducted fine classification of three open pit mining
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lands, and Chen et al. [13] reviewed FLCC of open pit mining landscapes by using remote sensing
data. However, the FLCC of CMALs has not been investigated. This is significant for the scientific
management of mines and agricultural development.

Three significant landscape-specific characteristics seriously limit the accuracy of FLCC of
CMALs [12–14]: significant three-dimensional terrain [15,16]; strong spatio–temporal variability [17,18];
and spectral–spatial homogeneity. Methods to reduce these characteristics were identified.
These include the extraction of effective features [12,13,19–21] and feature sets [13,14,22] with feature
reduction (FR) [12] and feature selection (FS) [12–14,23] and the construction of powerful classification
models [13].

Many low-level handcrafted features were proven to be effective for the LCC of CMALs [12–14]
(e.g., texture and filter features and topographic information). Moreover, fusion of these features is
necessary and one of the most effective approaches for this purpose. Currently, data fusion [24,25] is
one of the most studied areas in remote sensing owing to the easy acquisition of multi-source data and
its success in classification tasks. In particular, multimodal data fusion [26,27], such as the fusion of
optical image and topographic data, is helpful for the LCC of complex landscapes. The development
of multimodal data fusion can be partly attributed to the rapid development of light detection and
ranging (LiDAR) [7,19,28–31] and stereo satellite sensor [12] technologies. However, simple fusion
methods, such as stacking all the features, are far from yielding sufficient information for the FLCC
of CMALs.

Deep learning (DL) algorithms, which can be used to extract deep and discriminative features
layer by layer, have become increasingly popular in machine learning and remote sensing [32–34].
The most typical DL algorithms are the deep belief network (DBN), the autoencoder [35–38], and the
convolutional neural network (CNN) [39–44]. In particular, DBN [45,46] is one of the most widely
used DL algorithms in various communities. This is due to DBN’s unsupervised learning ability in
feature extraction, which has a very low demand for labeled data in high-accuracy classification tasks.
Consequently, DBNs were examined for remote sensing applications in some studies. For example,
Chen et al. [47] first proposed the paradigms of spectral, spatial, and spectral–spatial feature-based
DBNs for the classification of hyperspectral images. Zhao et al. [48] introduced a novel unsupervised
feature learning method to classify synthetic aperture radar images based on a DBN algorithm
and ensemble learning. In addition, Zou et al. [49] used a DBN algorithm to select features for
remote sensing scene classification. Basu et al. [50] proposed a DBN-based framework for the
classification of high-resolution scene datasets. Subsequently, Chen et al. [51] used a DBN algorithm to
classify high-resolution remote sensing images. However, DBNs have not been investigated for FLCC,
especially for CMALs.

Machine learning algorithms (MLAs) have been widely used for remote sensing image
classification in complex landscapes. For example, Attarchi and Gloaguen [52] had compared
random forest (RF), support vector machine (SVM), neural network (NN), and maximum likelihood
algorithms for classifying complex mountainous forests. Abdi [53] used RF, SVM, extreme gradient
boosting, and deep NN for land cover and land use classification in complex boreal landscapes.
Dronova et al. [54] applied NN, decision tree (DT), k-nearest neighbour (KNN), and SVM to delineate
wetland plant functional types. Zhao et al. [55] combined a CNN model and a DT method for mapping
rice paddies in complex landscapes. Some MLAs were employed to classify complex open pit mining
landscapes [30,31,56] and CMALs [12]. Li et al. [12] compared RF, SVM, and NN. Maxwell et al. [30]
assessed RF, SVM, and boosted classification and regression tree (CART). Maxwell et al. [31] used
RF, SVM, boosted CART, and KNN. The results showed that the RF and SVM algorithms were more
effective and robust than the other investigated algorithms. Naturally, combining DBNs with powerful
MLAs may be worthwhile. In the remote sensing domain, some typical studies were conducted
and yielded good results. For example, Zhong et al. [57] proposed a model for hyperspectral
image classification by integrating DBN and conditional random field (CRF) algorithms (in the
form of a DBN-CRF algorithm). Chen et al. [47] and Le et al. [58] combined the DBN algorithm
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and logistic regression (LR) to obtain a DBN-LR algorithm. Furthermore, Ayhan and Kwan [59]
compared the DBN algorithm with a spectral angle mapper (SAM) and SVM. Qin et al. [60] developed
a combined model based on a restricted Boltzmann machine (RBM, a basic component of a DBN)
and an adaptive boosting (AdaBoost) algorithm, called the RBM-AdaBoost model. He et al. [61]
combined a deep stacking network (DSN) similar to a DBN and LR (DSN-LR). Thus, ensembles of
DBNs and MLAs, which includes the above-mentioned approaches that are helpful for FLCC of
CMALs, are worth exploring.

In this study, a novel multimodal and multi-model deep fusion strategy was proposed for the
FLCC of CMALs and was tested on a CMAL in Wuhan City, China by using ZiYuan-3 (ZY-3) stereo
satellite imagery. Multiple low-level multimodal features including spectral–spatial and topographic
information were first extracted and fused. The features were then entered into a DBN model for
deep feature learning. Finally, the developed deep features were fed to RF and SVM algorithms
(hereafter referred to as the DBN-RF and DBN-SVM algorithms, respectively) for classification.
Three groups of comparison experiments were conducted: deep features with the softmax classifier
(hereafter referred to as DBN-S); low-level features with the RF and SVM algorithms; and low-level
features with FS, RF, and SVM algorithms (hereafter referred to as the FS-RF and FS-SVM models,
respectively). Five groups of training, validation, and test sets with some spatial auto-correlations [62]
were randomly constructed for parameter optimization, model development, and accuracy assessment.
In particular, a spatially independent test set was examined. Moreover, statistical tests were conducted
to investigate whether the proposed strategy yielded significant improvements.

2. Study Area and Data Sources

A 109.4 km2 area in Wuhan City, China that was used by previous studies [12,14] was further
tested in this study (Figure 1). The study area covers a CMAL with a heterogeneous terrain and
agricultural development in different phenological periods [12].

Figure 1. ZiYuan-3 fused imagery and location of the study area and field samples [12].
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Four ZY-3 images within a scene from different cameras on 20 June 2012 were used (Table 1) [12].
Two final data sets were derived with different modals by using some preprocessing methods. First,
a 10 m digital terrain model (DTM) was extracted by using two 3.6 m panchromatic (PAN) images
based on front- and backward-facing cameras. Then, a 2.1 m multispectral (MS) image was acquired
using a pixel-level image fusion method that incorporated Gram–Schmidt spectral sharpening based
on the 2.1 m PAN and 5.8 m MS images.

Table 1. Characteristics of ZiYuan-3 data [12]. PAN: panchromatic; GSD: ground spatial distance; MS:
multispectral; NIR: near-infrared.

Sensor and Data Attribute ZiYuan-3 Satellite Data

Sensors and spatial resolution

nadir-looking PAN: 2.1 m GSD
front looking/backward looking PAN: 3.6 m GSD

MS: 5.8 m GSD

Spectral resolution

PAN (450–800 nm)
Blue (450–520 nm)

Green (520–590 nm)
Red (630–690 nm)
NIR (770–890 nm)

3. Methods

The basic models of RBM and DBN are explained in Section 3.1. Then, the multimodal and
multi-model deep fusion strategy is listed in Section 3.2. Subsequently, Section 3.3 presents some of
the methods and data from previous studies. Finally, some metrics and a statistical test method used
for the accuracy assessment are introduced in Section 3.4.

3.1. RBM and DBN

3.1.1. Basic Principle of RBM

An RBM network [45,63–65] is an energy-based generative NN, i.e., the model reaches the ideal
state when the energy is minimal. The RBM network was also used for remote sensing image process
tasks [66,67]. It is composed of two layers with binary values (Figure 2), i.e., a visible layer with
m nodes v = (v1, v2, ..., vi, ..., vm)T ∈ {0, 1}m(i = 1, 2, ...m) and a hidden layer with n nodes h =
(h1, h2, ...hj, ...hn)T ∈ {0, 1}n(j = 1, 2, ..., n).These two layers are used to input training, validation,
and test data and to identify an intrinsic expression of the data. The nodes in different layers are fully
connected by symmetric weights (w), and there is a restriction that no intra-layer connections exist.
The energy function of an RBM can be calculated:

E (v, h; θ) = − (aTv + bTh + vTwh) = − (∑
i

aivi+ ∑
j

bjhj+ ∑
i

∑
j

viwijhj) (1)

where θ = {a, b, w}, a = (a1, a2, ..., ai, ..., am)T and b = (b1, b2, ..., bj, ..., bn)T are the bias terms of the
corresponding layers and w = {wij} is the weight between nodes i and j in different layers.

Based on Equation (1), the joint probability distribution of v and h can be obtained as

P (v, h; θ) =
1

Z (θ)
exp−E(v, h; θ) (2)

where Z(θ) is a normalization factor defined as the sum of exp−E(v, h; θ).
Owing to the conditional independence of the different nodes in each layer, the activation

probability for hj can be calculated as follows when the states of all of the visible nodes are known:
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P
(
hj = 1|v

)
= σ (bj + ∑

i
viwij) (3)

where σ (x) = 1/(1 + exp(-x)) is the sigmoid activation function. Similarly, the probability for vi is

P (vi = 1|h) = σ (ai + ∑
j

wijhj) (4)

An RBM is trained by maximizing the product of the probabilities on a training set or maximizing
the expected log probability of one random training sample from the training set. The contrastive
divergence algorithm [68] along with Gibbs sampling are used. The change in θ is given by

∆w = ε(vhT − v′h′T) (5)

∆a = ε(v− v′) (6)

∆b = ε(h− h′) (7)

where ε is the learning rate, v′ represents the reconstructed visible layer (obtained Equation (4)), and h′

is the updated hidden layer (obtained using Equation (3)), respectively.
The RBM network has an excellent unsupervised learning ability and can fit any discrete

distributions when the hidden layer has enough nodes. However, the distributions cannot be effectively
calculated [65].

Figure 2. Schematic diagram of restricted Boltzmann machine [65].

3.1.2. DBN Construction

The DBN was developed based on RBM stacking [45]. It was constructed based on unsupervised
pre-training of several RBMs and supervised fine-tuning by using a back propagation (BP) algorithm.

The network structure of the DBN is shown in Figure 3 (taking three RBMs as an example).
DBN training is divided into two steps. (1) Pre-training: several RBMs are constructed and stacked
to learn deep features (a n-dimensional column vector) of the input data (a m-dimensional column
vector), in which the output features of the lower-level RBMs are used as the inputs of the higher-level
ones. (2) Fine-tuning: based on the final output layer of the above-mentioned pre-trained network,
an activation function (usually softmax) yields an output layer with class probability (a c-dimensional
column vector, where c represents the number of class). Afterwards, a BP algorithm is used to update
the parameters of the pre-trained network iteratively based on the error of the batch size between the
predicted probability vector and the one-hot encoded true labels.
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Figure 3. The structure of deep belief network. RBM: restricted Boltzmann machine.

The layer-wise pre-training ensures that each RBM is optimized and can avoid falling into local
optima and long training times. By performing fine-tuning, this contributes substantially to achieving a
global optimum. Moreover, only a small set of labeled data is necessary for fine-tuning. Consequently,
a robust deep model is obtained.

3.2. Multimodal and Multi-Model Deep Fusion Strategy

In this study, a multimodal and multi-model deep fusion strategy was proposed (Figure 4).
DBN has excellent unsupervised learning ability in feature extraction. It can extract deep and
discriminative features through unsupervised pre-training of several RBMs. Moreover, a supervised
fine-tuning by using a BP algorithm can further learn data-specific features. In particular, the process of
fine-tuning has low demand for labeled data, which is suitable for remote sensing image classification
tasks. RF and SVM are popular in the remote sensing community and were proved effective for
complex open pit mining related landscapes. To take full advantage of the feature extraction and
classification abilities of DBN and RF and SVM, this study combined them to develop the DBN-RF and
DBN-SVM model. First, multimodal data such as four ZY-3 spectral bands and a DTM were obtained
and used to extract numerous low-level spectral–spatial and topographic features. Then, multimodal
feature fusion was achieved by stacking the pixel-wise features. The features were subsequently fed to
a DBN (taking five RBMs as an example), and the deep features were acquired. Finally, the multi-model
deep fusion algorithms DBN-RF and DBN-SVM were achieved by combining the DBN-derived deep
features with RF and SVM models. Comparison experiments were conducted using the DBN-S
(Section 3.1.2), RF, SVM, FS-RF, and FS-SVM models. The DBN-RF, DBN-SVM, and DBN-S models
were developed by using Python software (version 3.5.6), the Keras framework [69], and the Scikit-learn
package [70]. The methods employed to optimize the parameters of the DBN and MLAs are described
in Sections 3.2.1 and 3.3.5, respectively. Sections 3.2.2 and 3.3.3 present the random training, validation,
and test sets as well as the independent test set. The low-level multimodal features are explained in
Section 3.3.1. The details of the FS method and MLAs are shown in Sections 3.3.4 and 3.3.5, respectively.
The accuracy assessment metrics and statistical tests are described in Section 3.4.

3.2.1. DBN Parameter Optimization

Several parameters affect DBN performance, such as the number of RBM networks (depth),
the number of nodes within the hidden layers (node), the activation function, the iteration number
(epoch), dropout, and ε. The first two parameters are the most important and difficult to optimize.
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Usually, a deeper network or greater number of nodes can yield more informative features and
thereby improve the performance. However, a structure that is too complex will lead to a low training
efficiency and a longer training time. More seriously, this may lead to over-fitting, and weakening the
generalization performance of the model [71].

In this study, the two above-mentioned parameters were optimized. To simplify the parameter
optimization process, it was assumed that the number of nodes within the hidden layers were the
same (Figure 3).

Figure 4. The framework of multimodal and multi-model deep fusion strategy. RGB: ZiYuan-3 true
color image with red, green, and blue bands. NIRRG: ZiYuan-3 false color image with near-infrared,
red, and green bands. DTM: digital terrain model. DBN: deep belief network. RBM: restricted
Boltzmann machine.

3.2.2. Training, Validation, and Test Sets

In this study, five groups of training, validation, and test sets were constructed based on a set of
data polygons, with 2000, 500, and 500 samples, respectively, for each class (Table 2). The fractions
of all of the sets and data polygons are shown in Table 2. The data polygons were collected based on
those drawn in Li et al. [12] and using visual interpretation technology. For details, some polygons
were added for the mine pit pond, dark road, red roof, and blue roof classes. The polygons for the
open pit, ore processing site, and dumping ground classes were completely re-delineated (Table 2) [12].
The three sets were randomly selected from the data polygons and were independent of each other.
Some spatial auto-correlations [62] existed. For example, the total pixels of three sets for some classes
accounted for over 20% of the corresponding data polygons. The training and validation sets were
used for parameter optimization and model development while the test set was employed for an
accuracy assessment. In regard to the land covers, see Section 3.3.2. Figure 5a illustrates the schematic
diagrams of the training, validation, and test samples, and Figure 5b depicts the spatially independent
test samples (for details, see Section 3.3.3).

Figure 5. The schematic diagram of developing training, validation, and test samples and the spatially
independent test samples (taking two classes as example).
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Table 2. Number and area (km2) of data polygons (DPs) and fractions (%) of training, validation,
and test sets. Fraction 1: fraction of pixels in training set and DPs; Fraction 2: fraction of pixels in
validation (test) set and DPs; Fraction 3: fraction of pixels in those three sets and DPs.

Class Number of DPs Area of DPs Fraction 1 Fraction 2 Fraction 3

Paddy 43 0.14 6.41 1.60 9.61
Greenhouse 17 0.05 16.89 4.22 25.33

Green dry land 52 0.15 5.92 1.48 8.87
Fallow land 185 0.54 1.63 0.41 2.45
Woodland 57 0.54 1.63 0.41 2.44
Shrubbery 65 0.54 1.63 0.41 2.45

Coerced forest 22 0.13 6.64 1.66 9.96
Nursery 67 0.19 4.74 1.18 7.11

Pond and stream 202 0.91 0.97 0.24 1.45
Mine pit pond 33 0.05 18.40 4.60 27.60

Dark road 9 0.06 15.78 3.94 23.66
Bright road 67 0.06 14.81 3.70 22.21

Light gray road 40 0.13 6.64 1.66 9.96
Bright roof 250 0.45 1.94 0.49 2.91

Red roof 149 0.05 17.39 4.35 26.09
Blue roof 46 0.05 19.07 4.77 28.61

Bare surface 35 0.18 5.03 1.26 7.55
Open pit 44 0.13 6.56 1.64 9.84

Ore processing site 77 0.13 6.63 1.66 9.95
Dumping ground 54 0.07 13.04 3.26 19.57

3.3. Referenced Data and Algorithms

Some data and algorithms were directly obtained from a previous study [12] and are briefly
described as follows.

3.3.1. Employed Low-Level Features

Based on the multimodal data, 106 low-level features were extracted [12] and employed in this
study (Table 3). First, the spectral–spatial features were derived from the fused MS image by using
spectral enhancement (i.e., vegetation index), FR (i.e., principal component analysis), spatial filtering
(i.e., Gaussian low-pass, standard deviation, and mean filters), and texture extraction of the gray level
co-occurrence matrix. Then, two other topographic features (slope and aspect) were derived from
the DTM based on the terrain surface analysis. Multimodal feature fusion was achieved by stacking
all of the spectral, spatial, and topographical features. The features were fed to the DBN to identify
informative deep features.

Table 3. Employed low-level features (revised from [12]).

Types Low-level Features

Spectral-spatial features

Four spectral bands
Normalized difference vegetation index

The first and second principal components
Gaussian low-pass, standard deviation, and

mean filters with kernel sizes of 3 × 3, 5 × 5, and 7 × 7 pixels
Contrast, angular second moment, correlation,

entropy, and homogeneity textures with kernel sizes of 3 × 3, 5 × 5, and 7 × 7 pixels
Topographic features Digital terrain model, slope, and aspect
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3.3.2. LCC Scheme

This study was focused on the FLCC of CMALs. Consequently, the second-level LCC scheme
described in Li et al. [12] was selected. It includes the following: four types of crop land (i.e., paddy,
greenhouse, green dry land, and fallow land); four types of forest land (i.e., woodland, shrubbery,
coerced forest, and nursery); two water classes (i.e., pond and stream and mine pit pond); three road
classes (i.e., dark road, bright road, and light gray road); three types of residential land (i.e., bright
roof, red roof, and blue roof); one bare surface land; and three types of open pit mining land (i.e., open
pit, ore processing site, and dumping ground).

All of the other procedures, such as the training, validation, and test set construction,
FS implementation, deep feature extraction, model development, and accuracy assessment were
performed by using the above-mentioned second-level LCC scheme.

3.3.3. Independent Test Set

The independent test set at the first level described by Li et al. [12] (i.e., crop, forest, water, road,
residential, bare surface, and open pit mining land) was further tested in this study to examine the
reliability of the multimodal and multi-model deep fusion strategy. For each class, 100 pixels were
included in the test set. Figure 5b shows that the test set is independent from the data polygons.

3.3.4. FS Method

FS [12] was implemented using the varSelRF package [72] within R software [73] and the
feature subsets yielding the lowest out-of-bag errors were selected. For five random training sets,
different feature subsets were obtained for subsequent MLA-based classifications.

3.3.5. MLAs for Comparison and Fusion

RF and SVM algorithms were used for comparison and fusion with DBN-derived deep features.
For the comparison experiments, the RF and SVM models were developed using the randomForest [74]
and e1071 [75] packages in the R platform [73].

The RF algorithm [76] contains an ensemble of numerous CARTs, which usually exhibit a
promising performance in remote sensing [77]. The SVM algorithm is also popular in the remote
sensing community [78] and is mainly based on structural risk minimization theory and kernel
functions [79].

Parameter optimization of the RF and SVM algorithms in the comparison experiments was
also conducted using the two above-mentioned packages. For the RF-based models, the parameter
ntree was set to the default value of 500. In addition, the parameter mtry should be optimized [77].
First, the training set along with a series of parameter values for mtry were used to train RF-based
models. Then, the trained models were used to predict the validation set. Several overall accuracy
(OA) values for the validation set were obtained. Finally, the mtry value that resulted in the highest
average OA value was the corresponding parameter optimization result. The cost function of RF
is Gini index. The kernel of the radial basis function was used for the SVM-based models, and the
parameters cost and gamma were optimized [80]. A grid search method and the hinge loss function
were used. The combination of cost and gamma values resulting in the highest average OA for the
validation test was the corresponding parameter optimization result. For the DBN-RF and DBN-SVM
models, the three above-mentioned parameters were also optimized and complemented using Python.
The parameters of DBN were first optimized with a grid search method and a cross-entropy cost
function. Then the three above-mentioned parameters for RF and SVM were optimized.
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3.4. Accuracy Assessment

The accuracy assessment was performed based on five metrics, i.e., the OA, Kappa coefficient,
F1-score, F1-measure, and the percentage deviation. The OA and Kappa coefficient were used to
evaluate the overall performance of different classification models. The F1-measure is calculated
based on the harmonic average of the precision and recall values [81] and was used to evaluate the
accuracy for each land cover class. The F1-score is the arithmetic average of all of the F1-measures
of different classes and was used to evaluate the average accuracy of all of the land cover types.
The percentage deviation [82] was calculated based on the four previous metrics to quantify the
performance differences among the different classification models. In addition, a generalized McNemar
test [83] suitable for multi-class classification was used to investigate whether there were any significant
differences among the models.

4. Results

Figure 6 presents the FS, parameter optimization, and accuracy assessment processes. Based on
five groups of training, validation, and test sets (Figure 6a), FS yielded two feature subsets, both with
34 features (Figure 6b, for details see Section 4.1). In the parameter optimization process, only the first
group of training and validation sets was used for the DBN-based models (Figure 6(c1)). First, the depth
and node were optimized for the DBN-S model using five different random initializations of the DBN
(Section 4.2.1). Based on the optimized DBN, the mtry, cost, and gamma parameters were optimized for
the DBN-RF and DBN-SVM models (Section 4.2.2). Owing to the randomness of the RF algorithm,
five trials were performed to obtain the optimal parameters of the DBN-RF model. Five groups of
training and validation sets were used to optimize the MLA-based models (Figure 6(c2), for details
see Section 4.2.3). For the RF and FS-RF models, an optimized value of mtry was obtained for each
group of data sets based on five random runs. For the SVM and FS-SVM models, the same values
of cost and gamma were obtained for all five groups of data sets based on five runs. Because the first
and third groups of data sets yielded the same feature subset, the second, fourth, and fifth groups of
data sets yielded another one. The parameter optimization of FS-RF is displayed separately for each
case in Figure 6(c2). In the model assessment process, five test sets were used (Figure 6d, for details
see Section 4.3). In total, there was just one DBN-S, DBN-RF, and DBN-SVM model. However,
there were five RF, SVM, FS-RF, and FS-SVM models for five groups of training, validation, and test
sets, respectively. Owing to the randomness of the DBN and RF algorithms, each test set yielded five
sets of accuracies for the DBN-S, DBN-RF, DBN-SVM, RF, and FS-RF models. Then, the final accuracies
of those models were averaged 25 times, and five times for the SVM and FS-SVM models. For the
independent test set, some models were used to obtain only a group of accuracies for comparison
(Section 4.5).
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Figure 6. The used data sets and number of repeated runs in the process of feature selection (FS),
parameter optimization, and accuracy assessment. DBN: deep belief network. RF: random forest. SVM:
support vector machine. DBN-S: DBN with softmax classifier. DBN-RF: the fused model of DBN and
RF. DBN-SVM: the fused model of DBN and SVM. MLAs: machine learning algorithms. FS-RF: RF
with FS method. FS-SVM: SVM with FS method.

4.1. Feature Subsets for MLA-Based Classification

Based on the FS procedure, the five random training sets yielded two different feature subsets
that had a different feature importance. Training sets 1 and 3 yielded feature subset 1; the average and
standard deviation values of the mean decrease in accuracy for each feature were calculated (Figure 7).
Training sets 2, 4, and 5 yielded feature subset 2; the average and standard deviation values of the
mean decrease in accuracy for each feature were also calculated (Figure 7). Similar to Li et al. [12],
about 32% of the features (i.e., 34) were selected for almost all types.
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Figure 7. The average and standard deviation values of mean decrease in accuracy for different features
in feature subset 1 (left) and 2 (right). As for features’ name, see Li et al. [12] for detail.

4.2. Parameter Optimization Results

4.2.1. Parameter Optimization for DBN-S

For deep feature extraction using the DBN-S model, two parameters were optimized. The first
group of training and validation sets was used, and the process was repeated five times. The depth was
set between 1 and 6, and the node was set to one group of values (50, 150, 350, 500, 800, 1500, and 2000).
Moreover, to simplify the optimization process, it was assumed that the node was the same in each
hidden layer. Meanwhile, the activation function, ε, epoch, and the mini-batch size were set to sigmoid,
0.0001, 800, and 2048, respectively. The combination of 5 and 1500 was selected for the depth and node
(Table 4), which yielded the highest average OA of 94.19% ± 0.39% for validation set 1. The average
and standard deviation of the OA for validation set 1 derived from different parameter combinations
are depicted in Figure 8.

Figure 8. The average and standard deviation values of overall accuracy for validate set derived from
different parameter combinations.
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Table 4. Parameter optimization results for deep features-based models. DBN-S: deep belief network
(DBN) with softmax classifier. DBN-RF: the fused model of DBN and random forest. DBN-SVM:
the fused model of DBN and support vector machine.

Models Parameter Ranges Results

DBN-S
depth 1–6 5
node 50, 150, 350, 500, 800, 1500, and 2000 1500

DBN-RF mtry 100, 200, . . . , 1500 100

DBN-SVM
cost 2−5, 2−3, . . . , 29 21

gamma 2−15, 2−13, . . . , 23 2−5

4.2.2. Parameter Optimization for Multi-Model Fusion

For the multi-model fusion of the DBN algorithm and MLAs, the parameters for the MLAs
were optimized. With respect to the DBN-RF model, since the optimized value of the node was 1500,
the value of mtry ranged from 100 to 1500 in steps of 100. Finally, the optimal value of mtry was
determined to be 100 (Table 4), which yielded the highest average OA of 94.22% ± 0.02%.

For the fused DBN-SVM model, cost and gamma were optimized. In total, 48 combinations were
used, i.e., eight values (2−5, 2−3, . . . , 29) of cost and 10 (2−15, 2−13, . . . , 23) of gamma [12]. The optimal
parameter combination was determined to be cost = 21 and gamma = 2−5 (Table 4), which yielded the
highest OA of 94.97%.

4.2.3. Parameter Optimization for MLAs

For the MLA-based models, three parameters were optimized. For the RF and FS-RF models,
mtry ranged from 1 to 34 and 1 to 106, respectively, in steps of 1. For the SVM and FS-SVM models,
the parameter spaces were the same as those described in Section 4.2.2.

With respect to the RF-based models, five repeated runs were performed for each data set to
achieve specific parameters. However, for the SVM-based models, five runs were performed for all of
the data and the averaged results were used to determine the optimal parameter combinations. As a
result, for data sets 1, 2, 3, 4, and 5 with all of the features, the mtry values were 60, 53, 68, 56, and 55,
which correspond to average OAs of 88.85% ± 0.09%, 89.49% ± 0.11%, 89.21% ± 0.07%, 89.02% ± 0.09%,
and 88.86% ± 0.10%, respectively (Table 5). For those with feature subsets, the optimized values of
mtry were 19, 18, 22, 17, and 15, which correspond to average OAs of 89.98% ± 0.06%, 91.05% ± 0.02%,
90.31% ± 0.07%, 90.72% ± 0.05%, and 90.39% ± 0.05%, respectively (Table 5). For all of the data with all
of the features, the combination of 25 and 2−7 for cost and gamma with an accuracy of 78.05% ± 0.47%
was achieved (Table 5). For those with feature subsets, the combination of 27 and 2−3 for cost and gamma
with an accuracy of 92.35% ± 0.35% was acquired (Table 5).

Table 5. Parameter optimization results for machine learning algorithm-based models. RF: random forest.
SVM: support vector machine. FS-RF: RF with feature selection (FS) method. FS-SVM: SVM with FS method.

MLAs Data Parameters Ranges Results

RF

Data 1

mtry 1–106

60
Data 2 53
Data 3 68
Data 4 56
Data 5 55

FS-RF

Data 1

mtry 1–34

19
Data 2 18
Data 3 22
Data 4 17
Data 5 15

SVM Data 1-5 cost 2−5, 2−3, . . . , 29 25

gamma 2−15, 2−13, . . . , 23 2−7

FS-SVM Data 1-5 cost 2−5, 2−3, . . . , 29 27

gamma 2−15, 2−13, . . . , 23 2−3
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4.3. Accuracy Assessment and Analysis of Five Random Test Sets

4.3.1. Overall Performance

The time of each model based on the first group of training, validation, and test sets presents in
Table 6. The long-time of FS-RF and FS-SVM was attributed to the feature selection process, which took
1.93 h. The parameter optimization process needed more time than the model training and prediction.
The convergence process diagram of DBN-S depicts in Figure 9. When the iteration number reached
500 the model was stable.

Table 6. The time (hour) for each model.

Models Time

RF 0.22
SVM 0.59
FS-RF 2.00

FS-SVM 2.11
DBN-S 0.88

DBN-RF 1.06
DBN-SVM 1.01

Figure 9. The convergence process diagram of DBN-S.

The overall performance of the different models based on the OA, Kappa, and F1-score are shown
in Table 7. The percentage deviations of the three metrics between the models are presented in Table 8.

Table 7. Overall performance of different models. RF: random forest. SVM: support vector machine.
FS-RF: RF with feature selection (FS) method. FS-SVM: SVM with FS method. DBN-S: deep belief
network (DBN) with softmax classifier. DBN-RF: the fused model of DBN and RF. DBN-SVM: the fused
model of DBN and SVM.

Models OA Kappa F1-score

RF 88.90 ± 0.20% 88.31 ± 0.22% 88.85 ± 0.22%
SVM 77.88 ± 0.53% 76.72 ± 0.55% 77.79 ± 0.54%
FS-RF 90.39 ± 0.42% 89.89 ± 0.44% 90.35 ± 0.43%

FS-SVM 91.77 ± 0.57% 91.34 ± 0.60% 91.75 ± 0.57%
DBN-S 94.23 ± 0.67% 93.93 ± 0.70% 94.22 ± 0.67%

DBN-RF 94.07 ± 0.34% 93.76± 0.36% 94.05 ± 0.34%
DBN-SVM 94.74 ± 0.35% 94.46 ± 0.37% 94.72 ± 0.35%
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For the MLA-based models, the OA decreased in the order of 91.77% ± 0.57% (FS-SVM),
90.39% ± 0.42% (FS-RF), 88.90% ± 0.20% (RF), and 77.88% ± 0.53% (SVM). The order is the same for
Kappa and the F1-score. The best model was determined to be the FS-SVM model. It is clear that FS
improved the classification accuracy. After FS, the OA, Kappa, and F1-score improvements of 1.68%,
1.79%, and 1.69%, respectively, were achieved for the RF-based model (Table 8). Compared to the SVM
model, the FS-SVM model considerably improved the OA, Kappa, and the F1-score, by 17.84%, 19.06%,
and 17.95%, respectively (Table 8). For the models based on all of the features, the RF model was better
than the SVM model, yielding improvements of 14.15%, 15.11%, and 14.22% in the OA, Kappa, and the
F1-score, respectively (Table 8). However, for the models based on feature subsets, the FS-SVM model
slightly outperformed the FS-RF model (Table 8).

For the deep feature-based models, the OA decreased in the order of 94.74% ± 0.35% (DBN-SVM),
94.23% ± 0.67% (DBN-S), and 94.07% ± 0.34% (DBN-RF). The order is the same for Kappa and
the F1-score. The best model was determined to be the DBN-SVM. Moreover, after model fusion,
improvements of 0.54%, 0.56%, and 0.53% were achieved in the OA, Kappa, and the F1-score,
respectively (Table 8). However, compared with the DBN-S model, the DBN-RF model slightly
decreased the classification accuracies (Table 8).

Compared to the best MLA-based model, the FS-SVM model, all of the deep feature-based models
yielded higher classification accuracies. The DBN-S model yielded improvements of 2.60%, 2.76%,
and 2.60% in the OA, Kappa, and the F1-score, respectively (Table 8). The improvements for the OA,
Kappa, and the F1-score were 2.46%, 2.59%, and 2.46% when the DBN-RF model was used and 3.15%,
3.33%, and 3.15% when the DBN-SVM model was employed, respectively. (Table 8).

Table 8. The percentage deviation values (%) of overall accuracy, Kappa, F1-score between different
models. RF: random forest. SVM: support vector machine. FS-RF: RF with feature selection (FS)
method. FS-SVM: SVM with FS method. DBN-S: deep belief network (DBN) with softmax classifier.
DBN-RF: the fused model of DBN and RF. DBN-SVM: the fused model of DBN and SVM.

Models RF SVM FS-RF FS-SVM DBN-S

RF 14.15/15.11/14.22
SVM
FS-RF 1.68/1.79/1.69

FS-SVM 17.84/19.06/17.95 1.53/1.61/1.55
DBN-S 2.60/2.76/2.60

DBN-RF 2.46/2.59/2.46 −0.14/−0.16/−0.14
DBN-SVM 3.15/3.33/3.15 0.53/0.55/0.53

4.3.2. Class-Specific Performance

The class-specific performance of the different models based on the F1-measure are displayed in
Table 9. The percentage deviations between the models are shown in Table 10.

For the F1-measures for almost all of the classes, the performance of the MLA-based models
(Table 9) decreased in an order that agrees with the conclusion drawn in Section 4.3.1. There are only
three exceptions: for woodland, shrubbery, and ore processing site, the FS-RF model outperformed
the FS-SVM model (i.e., the percentage deviations are negative in column D of Table 10). Similarly,
for the F1-measures of almost all of the classes, the performance of the deep feature-based models
(Table 9) decreased in an order that agrees with the conclusion drawn in Section 4.3.1 with only five
exceptions. For fallow land, woodland, shrubbery, pond and stream, and mine pit pond, the DBN-RF
model outperformed the DBN-S model (i.e., the percentage deviations are positive in column H of
Table 10). For the F1-measures of all of the classes, all of the deep feature-based models outperformed
the best MLA-based model, i.e., the FS-SVM model (Table 9).
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Table 9. F1-measure values (%) for different land covers obtained by different classification models. RF:
random forest. SVM: support vector machine. FS-RF: RF with feature selection (FS) method. FS-SVM:
SVM with FS method. DBN-S: deep belief network (DBN) with softmax classifier. DBN-RF: the fused
model of DBN and RF. DBN-SVM: the fused model of DBN and SVM.

Class RF SVM FS-RF FS-SVM DBN-S DBN-RF DBN-SVM

Paddy 95.34 ± 0.34 87.33 ± 0.88 95.91 ± 0.33 96.60 ± 0.27 97.93 ± 0.36 97.84 ± 0.30 98.19 ± 0.31
Greenhouse 96.00 ± 0.70 92.54 ± 0.94 96.31 ± 0.61 97.08 ± 0.33 97.75 ± 0.38 97.59 ± 0.34 97.97 ± 0.28

Green dry land 86.89 ± 1.07 67.70 ± 1.35 89.54 ± 0.91 89.96 ± 0.73 92.79 ± 1.67 92.67 ± 1.00 93.59 ± 1.02
Fallow land 80.10 ± 1.22 61.80 ± 1.08 82.72 ± 1.03 84.61 ± 1.51 88.82 ± 1.02 88.92 ± 0.75 89.81 ± 0.94
Woodland 87.97 ± 0.51 74.66 ± 2.97 89.06 ± 0.83 88.44 ± 1.03 91.41 ± 0.98 91.62 ± 0.75 92.01 ± 0.61
Shrubbery 83.58 ± 1.24 65.30 ± 1.81 85.58 ± 0.96 85.18 ± 1.13 88.59 ± 1.30 88.63 ± 0.71 89.23 ± 0.74

Coerced forest 92.10 ± 0.84 85.99 ± 1.03 92.80 ± 1.13 95.43 ± 0.93 96.44 ± 0.71 96.19 ± 0.58 96.82 ± 0.63
Nursery 87.17 ± 0.98 68.11 ± 2.43 89.33 ± 1.53 90.39 ± 1.32 92.59 ± 1.20 92.46 ± 0.78 93.30 ± 0.55

Pond and stream 92.70 ± 0.40 77.85 ± 1.49 94.06 ± 0.55 95.57 ± 0.52 96.95 ± 0.70 96.98 ± 0.38 97.26 ± 0.34
Mine pit pon 99.07 ± 0.27 90.19 ± 1.29 99.35 ± 0.27 99.46 ± 0.27 99.58 ± 0.31 99.63 ± 0.19 99.65 ± 0.16

Dark road 92.85 ± 0.50 89.79 ± 0.73 94.16 ± 1.08 96.15 ± 1.04 97.75 ± 0.53 97.53 ± 0.35 97.92 ± 0.39
Bright road 89.64 ± 0.60 88.40 ± 1.15 90.44 ± 0.82 92.50 ± 0.80 94.64 ± 1.03 94.48 ± 0.95 95.29 ± 0.89

Light gray road 83.25 ± 1.35 75.54 ± 1.03 85.13 ± 1.41 88.64 ± 1.89 91.89 ± 1.22 91.52 ± 1.07 92.38 ± 1.19
Bright roof 77.35 ± 1.40 64.06 ± 1.55 79.49 ± 1.11 79.90 ± 1.07 87.64 ± 1.68 86.78 ± 1.58 88.19 ± 1.51

Red roof 84.69 ± 1.39 82.55 ± 0.90 86.84 ± 1.10 90.69 ± 1.44 92.55 ± 1.14 92.33 ± 0.98 93.20 ± 0.74
Blue roof 92.64 ± 0.41 90.81 ± 0.20 93.84 ± 0.44 96.56 ± 0.54 96.95 ± 0.56 96.76 ± 0.49 97.20 ± 0.53

Bare surface 88.71 ± 1.24 76.64 ± 0.99 90.43 ± 0.79 92.56 ± 0.99 94.82 ± 0.69 94.66 ± 0.57 95.26 ± 0.50
Open pit 89.15 ± 0.66 71.16 ± 2.39 90.78 ± 0.79 92.12 ± 0.33 95.24 ± 1.27 95.01 ± 0.98 95.93 ± 0.88

Ore processing site 86.22 ± 0.99 66.95 ± 1.85 88.23 ± 0.95 87.62 ± 0.87 92.84 ± 1.36 92.39 ± 0.96 93.59 ± 0.90
Dumping ground 91.59 ± 1.42 78.41 ± 1.06 92.96 ± 1.04 95.49 ± 0.54 97.17 ± 0.89 97.07 ± 0.75 97.64 ± 0.61

Table 10. The percentage deviation values (%) of F1-measures for different land covers obtained
between different classification models. RF: random forest. SVM: support vector machine. FS-RF:
RF with feature selection (FS) method. FS-SVM: SVM with FS method. DBN-S: deep belief network
(DBN) with softmax classifier. DBN-RF: the fused model of DBN and RF. DBN-SVM: the fused model
of DBN and SVM. A – I: RF vs. SVM, FS-RF vs. RF, FS-SVM vs. SVM, FS-SVM vs. FS-RF, DBN-S
vs. FS-SVM, DBN-RF vs. FS-SVM, DBN-SVM vs. FS-SVM, DBN-RF vs. DBN-S, and DBN-SVM vs.
DBN-S, respectively.

Class A B C D E F G H I

Paddy 9.17 0.59 10.62 0.72 1.37 1.28 1.64 −0.10 0.26
Greenhouse 3.74 0.32 4.91 0.80 0.68 0.52 0.92 −0.16 0.23

Green dry land 28.34 3.05 32.89 0.48 3.14 3.01 4.04 −0.12 0.87
Fallow land 29.61 3.27 36.9 2.28 4.98 5.10 6.16 0.11 1.12
Woodland 17.83 1.24 18.46 −0.69 3.36 3.59 4.04 0.23 0.66
Shrubbery 28.00 2.39 30.44 −0.47 4.00 4.05 4.75 0.05 0.73

Coerced forest 7.11 0.76 10.98 2.83 1.05 0.80 1.45 −0.25 0.39
Nursery 27.99 2.47 32.70 1.19 2.44 2.30 3.23 −0.14 0.77

Pond and stream 19.08 1.46 22.77 1.61 1.43 1.47 1.76 0.04 0.32
Mine pit pond 9.85 0.28 10.29 0.11 0.11 0.17 0.19 0.06 0.07

Dark road 3.41 1.42 7.08 2.11 1.66 1.44 1.85 −0.22 0.18
Bright road 1.40 0.9 4.63 2.27 2.31 2.14 3.01 −0.17 0.69

Light gray road 10.21 2.26 17.35 4.12 3.66 3.24 4.22 -0.41 0.54
Bright roof 20.74 2.77 24.72 0.51 9.69 8.61 10.38 −0.98 0.63

Red roof 2.60 2.54 9.86 4.43 2.05 1.81 2.77 −0.24 0.70
Blue roof 2.01 1.3 6.33 2.90 0.40 0.21 0.66 −0.19 0.26

Bare surface 15.75 1.93 20.77 2.36 2.44 2.27 2.92 −0.17 0.46
Open pit 25.27 1.83 29.45 1.48 3.38 3.13 4.13 −0.24 0.73

Ore processing site 28.78 2.34 30.87 −0.70 5.95 5.45 6.82 −0.48 0.81
Dumping ground 16.81 1.49 21.78 2.73 1.76 1.65 2.25 −0.11 0.48

For the highest F1-measure of each land cover type derived from the MLA-based models,
most achieved an accuracy over 90% (Table 9), i.e., paddy, greenhouse, coerced forest, nursery, pond and
stream, mine pit pond, dark road, bright road, red roof, blue roof, bare surface, open pit, and dumping
ground. Only six and one classes achieved over 80% and 70% accuracy, respectively (Table 9), i.e., green
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dry land, fallow land, woodland, shrubbery, light gray road, and ore processing site and bright roof.
For the highest F1-measure of each land cover type derived from the deep feature-based models,
almost all of the classes achieved over 90% accuracy and only three over 80% (Table 9), i.e., fallow land,
shrubbery, and bright roof.

The percentage deviations between the RF and SVM models for the different types of land cover
are presented in column A of Table 10. As demonstrated in Table 10, the RF algorithm significantly
outperformed the SVM algorithm. The percentage deviations range from 1.40% to 29.61% with an
average of 15.39%. Moreover, 60% of the land cover types exhibited over 10% deviation, i.e., green
dry land, fallow land, woodland, shrubbery, nursery, pond and stream, light gray road, bright roof,
bare surface, open pit, ore processing site, and dumping ground.

FS resulted in positive effects for the accuracies of all of the classes (columns B and C of Table 10).
For the RF-based models, the percentage deviations range from 0.28% to 3.27% with an average of
1.73%. However, for the SVM-based models, the percentage deviations are very large, ranging from
4.63% to 36.90% with an average of 19.19%. Moreover, 75% of the land cover types exhibited over
10% deviation, i.e., paddy, green dry land, fallow land, woodland, shrubbery, coerced forest, nursery,
pond and stream, mine pit pond, light gray road, bright roof, bare surface, open pit, ore processing
site, and dumping ground.

In general, the FS-SVM model outperformed the FS-RF model for almost all of the land cover types
(column D of Table 10). Only three exceptions exist, i.e., woodland (−0.69%), shrubbery (−0.47%),
and the mineral processing site (−0.70%). For the other classes, the percentage deviations range from
0.11% to 4.43% with an average of 1.94%.

For all of the classes, the percentage deviations between all the deep feature-based models and
the FS-SVM model are positive (columns E–G of Table 10). For the DBN-S, DBN-RF, and DBN-SVM
models, the percentage deviations range from 0.11% to 9.69% with an average of 2.79%, from 0.17% to
8.61% with an average of 2.61%, and from 0.19% to 10.38% with an average of 3.36%, respectively.

Among the deep feature-based models, the DBN-S model outperformed the DBN-RF model for
almost all of the classes (column H of Table 10). Also, the DBN-SVM model outperformed the DBN-S
model for all of the classes (column I of Table 10). For the percentage deviations between the DBN-RF
and DBN-S models, only five exceptions exist, i.e., fallow land (0.11%), woodland (0.23%), shrubbery
(0.05%), pond and stream (0.04%), and mine pit pond (0.06%). For the other classes, the percentage
deviations range from −0.98% to −0.10% with an average of −0.27%. Meanwhile, the percentage
deviations between the DBN-SVM and DBN-S models range from 0.07% to 1.12% with an average
of 0.55%.

4.3.3. Statistical Tests

Statistical tests were performed on the pairs of results predicted for test set 1 using seven models.
For the RF and DBN-based models, results with OAs closer to the average values of five random
runs were selected. For the SVM and FS-SVM models, the individual results were directly used
(Table 11). Table 12 shows the chi-square and p values between the different models. If the chi-square
value is greater than 30.14, a statistical significance exists at the 95% confidence level (p < 0.05).
The statistical tests revealed the following. (1) The RF algorithm was significantly better than the SVM
algorithm (with chi-square and p values of 89.14 and 0.00, respectively). (2) FS had different effects
on different algorithms. There was no significant difference between the FS-RF and RF algorithms
(with a p value of 0.15); however, a significant difference was observed between the FS-SVM and SVM
algorithms, with chi-square and p values of 46.21 and 0.00, respectively. (3) Although the average
OA difference between the FS-SVM and FS-RF algorithms was not large, a significant difference was
observed (with chi-square and p values of 55.94 and 0.00, respectively). (4) All the deep feature-based
models significantly outperformed the best MLA-based model, i.e., the FS-SVM model. (5) Among
the three deep models, the fused DBN-SVM model significantly outperformed the DBN-S model
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(with chi-square and p values of 31.70 and 0.03, respectively), and there was no significant difference
between the DBN-S and DBN-RF models, (with chi-square and p values of 25.57 and 0.14, respectively).

Table 11. Averaged overall accuracies (OAs) and those closer to those of Test 1 based on different
models. RF: random forest. SVM: support vector machine. FS-RF: RF with feature selection (FS)
method. FS-SVM: SVM with FS method. DBN-S: deep belief network (DBN) with softmax classifier.
DBN-RF: the fused model of DBN-RF. DBN-SVM: the fused model of DBN and SVM.

RF SVM FS-RF FS-SVM DBN-S DBN-RF DBN-SVM

OA 88.85 77.2 90.07 91.62 94.7 94.34 95.03
Averaged OA 88.86 - 90.05 - 94.53 94.26 95.05

Table 12. The percentage deviation values (%) of overall accuracy, Kappa, F1-score between different
models. RF: random forest. SVM: support vector machine. FS-RF: RF with feature selection (FS)
method. FS-SVM: SVM with FS method. DBN-S: deep belief network (DBN) with softmax classifier.
DBN-RF: the fused model of DBN and RF. DBN-SVM: the fused model of DBN and SVM.

Models RF SVM FS-RF FS-SVM DBN-S

RF 14.15/15.11/14.22
SVM
FS-RF 1.68/1.79/1.69

FS-SVM 17.84/19.06/17.95 1.53/1.61/1.55
DBN-S 2.60/2.76/2.60

DBN-RF 2.46/2.59/2.46 −0.14/−0.16/−0.14
DBN-SVM 3.15/3.33/3.15 0.53/0.55/0.53

4.4. Visual Assessment of Predicted Maps

For the CMAL, the FLCC map predicted based on the DBN-SVM model and the LCC maps based
on the DBN-SVM and FS-RF models [12] are illustrated in Figure 10. The LCC map that predicted by
using the DBN-SVM model was derived by grouping the FLCC results into seven first-level classes.
The LCC map that predicted based on the FS-RF model was obtained from [12]. Some classes in the
LCC results derived from the FS-RF model are superior to those from the DBN-SVM model. The main
differences are the misclassification of roads, residential land, and bare surfaces as open pit mining land.
Besides the spectral similarity among those land cover types, two main factors caused those differences.
(1) The training samples for open pit mining land in [12] were randomly selected from all the open
pit mining land in the study area; however, the samples used in this study were obtained from a very
small subset of all of the open pit mining land (Table 2). Consequently, the spatial auto-correlation [62]
significantly contributed to the results obtained using the FS-RF model [12]. (2) Compared to the
FS-RF model, the DBN-SVM model normalized the stacked multimodal features. This might have
weakened the advantages of the topographic information and resulted in misclassification of the
above-mentioned land cover types. The other classes such as water, crop land, and forest land were
classified better in the LCC map derived from DBN-SVM.

For the FLCC, besides the misclassification of the above-mentioned first-level classes, there was
misclassification within some second-level classes. For example, many pond and stream pixels were
incorrectly classified as mine pit pond pixels. In addition, many dumping ground and ore processing
site pixels were misclassified as open pit pixels. These misclassifications were also attributed to the
two above-mentioned factors.
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Figure 10. The predicted maps of fine land cover classification (LCC) based on the fused model of deep
belief network and support vector machine (DBN-SVM), and LCC based on DBN-SVM and random
forest with feature seleciton method [12] (from top to bottom).
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4.5. Accuracy Assessment and Statistical Tests for Independent Test Set

For the independent test set, the best MLA-based model in [12] was the FS-RF model with an OA
of 77.57%. Among the DBN-based models, the DBN-S and DBN-SVM models were further examined.
Their OAs are shown in Table 13. Statistical tests were also performed and Table 14 shows the resulting
chi-square and p values. In this situation, if the chi-square value is greater than 12.59, a statistical
significance exists at the 95% confidence level (p < 0.05).

Obviously, the DBN-S and DBN-SVM models significantly outperformed the FS-RF model with
OAs of 79.86% and 81.14% and improvements of 2.95% and 4.60%, respectively. Although there
was a 1.60% deviation between the DBN-SVM and DBN-S models, no significant difference existed
between them.

Table 13. Overall accuracy (OA) (%) for independent test set. FS-RF: random forest with feature
selection method. DBN-S: deep belief network (DBN) with softmax classifier. DBN-SVM: the fused
model of DBN and support vector machine.

FS-RF DBN-S DBN-SVM

OA 77.57 79.86 81.14

Table 14. The chi-square and p values based on independent test set between different models. FS-RF:
random forest with feature selection method. DBN-S: deep belief network (DBN) with softmax classifier.
DBN-SVM: the fused model of DBN and support vector machine.

Models FS-RF DBN-S

DBN-S 72.13 (0.00)
DBN-SVM 69.94 (0.00) 5.38 (0.50)

5. Discussion

5.1. Effectiveness of the Multimodal and Multi-Model Deep Fusion Strategy

The results in Section 4.3 indicate that the multimodal and multi-model deep fusion strategy
was very effective for FLCC of CMAL. In particular, the DBN-SVM model significantly outperformed
the MLA-based models with the multimodal low-level features and the deep feature-based DBN-S
model. Moreover, the DBN-RF model was also significantly better than the MLA-based models and
had a predictive power similar to the DBN-S model. The results in Section 4.5 also prove that the
multimodal and multi-model deep fusion strategy was effective for LCC of CMAL. The DBN-SVM
model significantly outperformed the FS-RF model and was slightly better than the DBN-S model.

Some previous studies involving DBN-based models yielded similar conclusions. For example,
Zhong et al. [57] indicated that the DBN-CRF model performed significantly better than the SVM,
CRF, CNN, and DBN-LR models. Chen et al. [47] proved that the DBN-LR model was significantly
better than the SVM and extended the morphological profile-based SVM models. Le et al. [58] also
showed that the DBN-LR model was superior to the SVM model. Ayhan and Kwan [59] developed
the following conclusions. (1) The DBN model was slightly better than the SVM model when spectral
information was employed. (2) The DBN model was better than the SAM-based models. (3) Finally,
DBN model was slightly worse than the SVM model when spectral–spatial information was used.
Qin et al. [60] revealed that the RBM-AdaBoost model performed better than the single and stacked
RBM, RBM-based nearest neighbor, RBM-based bagging, minimum distance, nearest neighbor, Wishart,
and RF models. In addition, Qin et al. [60] demonstrated that the RBM-based nearest neighbor and
bagging models performed better than the other models. He et al. [61] revealed that the DSN-LR
model was better than the SVM and single-layer NN-based LR models. In summary, fused models
based on DBNs are effective for various classification tasks.
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There have also been some studies involving CNN-based multimodal and multi-model fusion
strategies. For example, Chen et al. [84] fused multi-/hyperspectral and LiDAR data and CNN and LR
models. The results showed that the fused model significantly outperformed other SVM-based models.
Li et al. [85] fused hyperspectral and LiDAR data and CNN, SVM, and extreme learning machine
(ELM) models. The results again demonstrated that the fused model performed better than various
SVM and ELM-based models. Overall, multimodal and multi-model deep fusion strategies based on
different data and algorithms might be effective for the LCC of complex landscapes, which may be
worth exploring further.

In addition, it is worth noting that Zhong et al. [57], Chen et al. [47], Le et al. [58], and Chen et al. [84]
used end-to-end training for multi-model fusion. However, Qin et al. [60], He et al. [61], and Li et al. [85]
first trained the DL model and then fused it with MLAs, which was also done in this study.
End-to-end training might yield more effective models; however, it is more complex and requires more
time. Meanwhile, separate training using DL algorithms as feature extractors is easy to implement.
Both methods should be investigated further in different situations.

The analysis of the predicted maps also revealed that more effective methods of fusing multimodal
low-level features before feeding them to DL models should be further investigated to take advantage
of topographic information.

In general, the proposed strategy had some limitations. These limitations include: (1) there
are many parameters that need to be optimized; (2) the issue of exploring the DBN-based deep
features; (3) it required many low-level features and deep features cannot be learned end-to-end;
(4) the developed deep features might be poorer than CNN-based ones; and (5) the temporal-space
applicability needs to be further verified. If the strategy was applied in other areas or with images from
different seasons, the strategy does not need to be changed; however, the LCC scheme, training data,
and parameters should be updated. In theory, the corresponding accuracies would not be significantly
reduced when the LCC scheme and parameters were reasonable and the training data was reliable.
For example, when using an image in February, the four crop lands were indistinguishable whether
based on visual interpretation or classification algorithms. As a result, the LCC scheme should be
adjusted. Of course, multi-temporal images (e.g., in February and June) might help improve the
performance of the proposed strategy with the same LCC scheme in this study.

5.2. Effects of Sampling Design

There are generally three methods of dividing data sets: the hold-out; cross-validation;
and bootstrap methods. The hold-out approach is the most common in remote sensing. Spatial features
have been considered to provide important information for remote sensing classification [12,47,85]
owing to the spatial auto-correlation [62]. Consequently, some modifications were made to the hold-out
method. In this study, the hold-out was employed to construct training, validation, and test sets
(Figure 5a); however, most of the samples were not used (at least 70%, for details see Table 2). Moreover,
the independent test set (Figure 5b) was derived using a more specialized hold-out method.

The common sampling designs used in remote sensing are shown in Figure 11, which used training
and test samples with a proportion of 9:1 as an example. Another sampling design used equal amounts
of training pixels for each class and the remaining were used as test pixels (e.g., [57,84]). In addition,
arbitrary numbers of training and test samples could be selected (e.g., [85]). These two sampling
designs have similar principles to that in Figure 11 and they were not discussed here. Figure 11a
shows the situation in which 90% of the pixels were selected for training while the remaining 10%
were used for testing. This approach is often used for classification based on a benchmark with ground
truth. This sampling design is generally employed in hyperspectral classification, such as in [47,58–61].
However, the spatial auto-correlation [62] between the training and test samples might contribute to
the classification [12,62], which makes the classification accuracy inordinately high. Figure 11b depicts
the situation in which the pixels that selected as the training and test samples had a proportion of
9:1. The spatial auto-correlation [62] between the training and test samples here is weaker than in
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Figure 11a. Consequently, this design could be more reasonable for achieving an objective classification
accuracy assessment. However, it might result in limited training samples not suitable for DL-based
models, which is worth investigating. Figure 11c presents the situation in which 90% of the pixels of
data polygons were selected as training samples and the remaining 10% were used as test samples.
This division is often used for the classification of large-scale study areas with no ground truth.
The data polygons were manually delineated to sample the training and test sets. As demonstrated in
Figure 11a, all of the labeled data was used, which resulted in a strong spatial auto-correlation [62].
Figure 11d shows the situation in which the pixels in the data polygons were divided into training
and test samples with a proportion of 9:1. Again, this case is more reasonable than that shown in
Figure 11c. Figure 11e depicts the situation in which the pixels inside and outside the data polygons
were selected as training and test samples, respectively, with a proportion of 9:1. This design may
be the most reasonable because the training and test samples are spatially independent. However,
the labels of the test samples must be determined manually and individually.

Figure 11. Different sampling designs of training and test samples (taking the proportion of 9:1 as example).

The high accuracies for the test sets were partly attributed to the spatial auto-correlation [62] of
the training, validation, and test samples derived using the design shown in Figure 11d. However,
the effect was very slight. The data in Table 2 indicates that only 12.88% of the pixels in the data
polygons on average were used to construct the training, validation, and test sets for each class.
The relatively low accuracies of the independent test sets were due to the fact that there was almost
no spatial auto-correlation [62] between the training sets and independent test sets (Figure 11e).
The analysis of the predicted maps also proves the effect of the spatial auto-correlation [62].

Taking the results of the DBN-SVM model as an example, there were six classes with accuracies
between 90% and 95%. The percentage of pixels used in the data polygons ranged from 2.44% to
26.09% with an average and standard deviation of 10.74% ± 8.03%. In particular, there were five
classes with less than 3% of the pixels in the data polygons used, among which the accuracies of three
classes were less than 90%, and the other two were 92.01% ± 0.61% and 97.26% ± 0.34%. These results
indicate that the effect of the spatial auto-correlation [62] was slight and that the accuracies for the
different types of land cover mainly depends on the classification algorithm and separability of the
land cover types.

It can be concluded that the spatial auto-correlation [62] should be controlled at a normal degree.
Consequently, the sampling design selection depends on the specific application and research objective.
Taking the classification of a large study area as an example, if the aim is to compare classification
algorithms, it seems that any of the designs shown in Figure 11c–e could be used. Of course, the design
presented in Figure 11d is optimal in this situation. However, if the objective is to obtain good
classification maps, the design shown in Figure 11e may be effective and the training samples should
be added to take full advantage of the effect of the spatial auto-correlation [62].

5.3. Effects of FS and Parameter Optimization

Regarding the effects of FS, conclusions can be drawn from this study that are similar to those
of previous studies. (1) The results in Section 4.3.2 reveal that the land cover types with a higher
separability (i.e., higher F1-measures) were less sensitive to FS [12,82] (i.e., their F1-measures deviated
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less). (2) FS significantly improved the classification performance [12,30], i.e., the FS-based SVM model
significantly outperformed SVM algorithm. (3) The SVM model was more sensitive to FS than the RF
model [12,29,86], i.e., the FS-SVM method exhibited greater improvements than the FS-RF approach.

Parameter optimization was indispensable, especially for the DL-based models. Ayhan and
Kwan [59] concluded that one of the main reasons that the DBN model did not perform better than
the SVM-based spectral–spatial model was that the parameters of the DBN model were directly given
(two RBMs with 200 hidden units); hence, the resulting model was too simple. In this study, the depth
and node were jointly optimized in the DBN model. In most similar studies, at least one of these
two parameters are optimized. For example, Chen et al. [47] optimized the depth and fixed node.
Le et al. [58] optimized the node and epoch, and fixed depth. Qin et al. [60] optimized the node in the
RBM-AdaBoost model. He et al. [61] optimized the depth and dropout, and fixed the node. All of
these studies proved the superiority of DBN-based models. There have also been studies in which
the parameters of the DBN and DBN-based model were not optimized and a better performance was
achieved. For example, Zhong et al. [57] fixed the depth and node in the DBN-CRF model to 3 and 50,
respectively, and the fused model performed better. This finding could further prove the effectiveness
of the DBN approach.

In addition, the end-to-end training of the DL-based fused model involved more parameters.
Consequently, the selection of the parameters to be optimized and how to optimize them are very
important topics and are worth exploring further for multi-model deep fusion methods. In particular,
the meta-heuristic algorithms may be positive.

5.4. Selection of Statistical Test Method and Effects of Test Set Size

Statistical tests are important and useful for comparing classification algorithms. In particular,
they can elucidate whether two algorithms have a statistically significant difference. In some of
the above-mentioned studies involving DL-based fused models, statistical tests were performed.
For example, Zhong et al. [57] and Chen et al. [84] used the McNemar test method [87]. Chen et al. [47]
performed a paired t-test [88]. McNemar tests were used in some other studies, such as those described
in Duro et al. [89], Li et al. [12], Li et al. [90,91], and Maxwell et al. [31]. In addition, a Mann–Whitney
U-test [92] was used by Fassnacht et al. [93]. It is worth noting that the McNemar test [87] is designed for
two-class classification, while the other two tests are intended for multi-class classification. Because the
McNemar test [87] is easy to implement compared to the t- and U-tests [88,92], it is also widely
used for multi-class classification with relative reasonable results, such as in the above-mentioned
studies [12,31,57,84,89–91]. However, when the test set is large, this method is not applicable.
For example, Li et al. [12] performed fine classification of three open pit mining land covers with
a test set containing 883264 pixels. The results of the McNemar test were not reasonable. Moreover,
Duro et al. [89] revealed that if the test set is too small, it is not sufficient to obtain reasonable results.
In this study, a generalized McNemar test [83] suitable for multi-class classification was selected.
In addition, for the FLCC of a CMAL with a relatively large test set and multiple classes, the results
are reasonable. However, for the independent test set, the results indicate that the DBN-SVM model
is slightly better than the DBN-S model. This finding might be attributable to the small size of the
independent test set. In summary, the generalized McNemar test [83] with a relatively large test set is
recommended for comparing classification algorithms.

6. Conclusions

A multimodal and multi-model deep fusion strategy was proposed and tested by conducting
FLCC of a CMAL in Wuhan City, China in this study. Three steps were performed. (1) Low-level
multimodal features involving spectral–spatial and topographic information were extracted from ZY-3
imagery and fused. (2) These features were entered into a DBN for deep feature learning. (3) The
developed deep features were fed to the RF and SVM algorithms for classification. The fused DBN-RF
and DBN-SVM models were compared to the DBN-S, RF, SVM, FS-RF, and FS-SVM models. Parameter
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optimization, model construction, and accuracy assessment were conducted using two sets of data:
five groups of training, validation, and test sets with some spatial auto-correlations and a spatially
independent test set. Five metrics, i.e., the OA, Kappa coefficient, F1-measure, F1-score, and percentage
deviation, were calculated. Generalized McNemar tests were performed to evaluate the performance
of the different models. The results showed the following. (1) In the FLCC of the CMAL, the DBN-SVM
model achieved an OA of 94.74% ± 0.35% and significantly outperformed the MLA-based models and
deep feature-based model of DBN-S. Moreover, the DBN-RF model was significantly better than the
MLA-based models and had a predictive power similar to the DBN-S model. (2) In the LCC of the
CMAL, the DBN-SVM model achieved an OA of 81.14%, which significantly outperformed the FS-RF
model and was slightly better than the DBN-S model. (3) The FLCC and LCC maps had an acceptable
visual accuracy.

The following conclusions were drawn from this study. (1) The multimodal and multi-model
deep fusion strategy takes advantage of the low-level and multimodal features, unsupervised learning,
and the classification abilities of MLAs is effective for FLCC of CMALs. (2) FS is effective for the MLAs
and parameter optimization is indispensable for the MLA- and DL-based models. (3) The sampling
design should be properly selected and training samples should be added to take full advantage of the
effects of the spatial auto-correlation to obtain better predicted maps of large areas. (4) The generalized
McNemar test with a relatively large test set is applicable for comparing classification algorithms.
Future work will focus on other fusion methods involving different DL algorithms and MLAs for the
FLCC of various complex landscapes.
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