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Abstract: Accurate and up-to-date land cover classification information is essential for many appli-
cations, such as land-use change detection, global environmental change, and forest management,
among others. Unoccupied aerial systems (UASs) provide the advantage of flexible and rapid data
acquisition at low cost compared to conventional platforms, such as satellite and airborne systems.
UASs are often equipped with high spatial resolution cameras and/or light detection and ranging
(LiDAR). However, the high spatial resolution imagery has a high information content, which makes
land cover classification quite challenging. Recently, deep convolutional neural networks (DCNNs)
have been effectively applied to remote sensing applications, which overcome the drawback of
traditional techniques. In this research, a low-cost UAV-based multi-sensor data fusion model was
developed for land cover classification based on a DCNN. For the purpose of this research, two
datasets were collected at two different urban locations using two different UASs. A DCNN model,
based on U-net with Resnet101 as a backbone, was used to train and test the fused image/LiDAR
data. The maximum likelihood and support vector machine techniques were used as a reference
for classifier comparison. It was shown that the proposed DCNN approach improved the overall
accuracy of land cover classification for the first dataset by 15% compared to the reference classifiers.
In addition, the overall accuracy of land cover classification improved by 7%, and the precision, recall,
and F-measure improved by 18% when the fused image/LiDAR data were used compared to the
images only. The trained DCNN model was also tested on the second dataset, and the obtained
results were largely similar to those of the first dataset.

Keywords: UAV; LiDAR; multispectral; classification; pixel-level; DCNN

1. Introduction

Land cover classification is a critical task in many applications, such as land manage-
ment and planning, disaster monitoring, and climate change [1,2]. Recently, the use of small
unoccupied aerial systems (UASs) in remote sensing applications has been extensively
investigated [3-6]. UASs can potentially provide high spatial and temporal resolution data
at low cost compared to conventional airborne systems. In addition, recent development
in sensor technology has increased the payload capabilities of UAVs to include multiple
sensors, such as high spatial resolution cameras, multispectral cameras, and light detection
and ranging (LiDAR). For example, Lv et al. [7] used UAV-based RGB images to classify
seven land cover classes including buildings, grass, road, trees, water, soil, and shadows.
Their proposed approach object filter based on topology and features (OFTF) achieved an
overall accuracy of 94% and a kappa coefficient of 92%. Natesan et al. [8] equipped a rotary-
wing UAV with RGB and NIR cameras to image riverine areas for classifying four classes,
achieving a 78% accuracy. In [9], the authors utilized UAV-based multispectral images for
land-cover classification in a mining area. The multispectral images were composed of
four bands, namely, red, green, blue, and near-infrared. They were used for training and
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testing seven U-Net models to classify six land cover types, and they achieved an accuracy
of 83.6%. In [10], a UAV equipped with a four-band multi-spectral camera was used to
classify four land cover classes. Three classification techniques were compared, namely;,
pixel-based, boosting-based, and object-based random forest (RF-O). Their results showed
that the RF-O approach achieved the highest classification accuracy of 92%, and the kappa
coefficient was 89%. In [11], a fixed-wing aircraft equipped with various sensors including
RGB, thermal infrared, and 5-band multi-spectral sensors was used to create land cover
maps. A total of nine orthoimages were produced and classified using the random forest
(RF) classifier. The kappa coefficient was 72% with an overall accuracy of 76%.

Very high-resolution images provide a high level of detail, which makes them a good
source of high horizontal-accuracy data with rich spectral and textural information crucial
for segmentation and classification [12,13]. However, one of the limitations of these passive
sensors is neglecting the vertical dimension of the ground features due to their inability
to collect three-dimensional (3D) data [14]. Consequently, the accuracy of land cover
classification is reduced because images are not suitable for differentiating classes that have
similar spectral characteristics, such as building rooftops and roads. On the other hand,
LiDAR can acquire 3D point clouds, providing accurate vertical information. However,
low-cost LiDAR systems have limited spectral information. Previous studies have shown
that the fusion of LiDAR data and images can provide complementary information, which
improves the accuracy of land cover classification [15-18]. For example, Reese et al. [15]
fused airborne LiDAR and satellite image data to classify alpine vegetation, which resulted
in higher classification accuracy. In [19], a new approach was developed to fuse LIDAR
data and a QuickBird image, which improved the overall accuracy by approximately 14%
compared to the image data only. Bork and Su [20] showed that integrating LiDAR data
and multispectral imagery increased the vegetation classification accuracy by 16 to 20%.
In [21], LiDAR intensity was integrated with airborne multispectral camera images to
classify eight agricultural land uses. Their results showed that the overall classification
accuracy was improved by up to 40% compared with that obtained using the multispectral
images only.

Many methods of land cover classification using high spatial resolution data have
been proposed. Generally, the classification methods can be divided into pixel-based
and object-based approaches [22]. The former approach identifies classes for individual
pixels based on their spectral characteristics. In very high-resolution imagery, the spatial
context from surrounding pixels is not considered in the classification process of pixel-
based methods, which may cause a salt and pepper effect [23]. Therefore, object-based
approaches were introduced to solve this problem, where neighboring pixels are merged
into objects using segmentation techniques [24]. However, the classification accuracy is
significantly affected by the segmentation quality [25,26]. In addition, a specific set of object
features and parameters needs to be selected arbitrarily at the beginning, which affects the
effectiveness and the accuracy of the classification process [27]. Furthermore, in complex
urban areas, the selected features may not be representative of all land cover classes [24].
Therefore, an automatic feature learning approach from remote sensing data is needed.

Recently, deep convolutional neural networks (DCNNs) have achieved remarkable
results in image classification and segmentation for remote sensing applications. For
example, DCNN semantic segmentation methods have shown great potential in land cover
classification [28-31]. In [28], a DCNN approach was proposed for land use classification
in two areas using multispectral images. Their proposed approach obtained an overall
accuracy of 91% and a kappa coefficient of 90% for the first area and an overall accuracy of
80% and a kappa coefficient of 78% for the second area. In [30], two DCNNs were compared,
namely, the Sharpmask model [32] and the RefineNet model [33]. Both networks were
trained and tested on a dataset created by the authors called RIT-18. The RIT-18 dataset
was collected using a UAV equipped with multiple sensors. The dataset consisted of six
spectral bands and eighteen labelled object classes. The Sharpmask model obtained a mean-
class accuracy of approximately 57%, while the RefineNet model obtained a mean-class
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accuracy of approximately 59%. The U-net model proposed by Ronneberger et al. [34] is an
updated fully convolutional network (FCN) model with a symmetrical U-shape divided
into two main components, namely, an encoder and a decoder. The encoder part is used
for extracting features, while the decoder is used for upsampling operations. It integrates
low-level features with detailed spatial information to boost segmentation accuracy [35].
The U-net models can effectively learn the spatial relations between land-cover classes,
which improves object classification in the whole image [36]. In [37], a modified U-net
architecture was proposed and tested on satellite images, achieving an overall accuracy
of 70% and a kappa coefficient of 55%. In [24], modified versions of the U-net model
were trained and tested based on WorldView-2 (WV2) and WorldView-3 (WV3) satellite
imageries. The highest classification accuracy achieved was 87.1% for WV2 imagery and
84.0% for WV3 imagery.

Previous studies have shown that the fusion of LiDAR data and images has the
potential to improve the overall accuracy of the land cover classification. They have also
highlighted the great potential of DCNNSs in land cover classification. However, research
is still lacking in the development of an optimal full pipeline to fuse and process multi-
sensor data. For example, the processing of ultra-high-resolution images for land cover
classification still needs more investigation. Additionally, none of the aforementioned
studies investigated the use of low-cost mechanical LiDAR and its integration with cameras
for land cover classification. In this paper, a low-cost UAV-based Image/LiDAR data
fusion model is developed for land cover classification based on DCNN. The RGB and
multispectral images were first processed to create georeferenced orthomosaic images of the
area. The LiDAR data were then processed using the optimized LOAM SLAM technique,
and the generated point cloud was used to create a digital surface model (DSM) and
intensity rasters. Subsequently, six different imaging/LiDAR fusing combination datasets
were created. The combination datasets were created by fusing the RGB and multispectral
orthomosaic images with the rasters generated from the LiDAR point cloud. All different
combinations were first classified using the maximum likelihood (ML) and the support
vector machine (SVM) techniques. Then, RGB combinations were used to train and test the
DCNN. This paper is organized as follows: Section 2 introduces the proposed methodology.
The system used and data acquisition and processing are explained in Section 3. Section 4
discusses the experimental results, and Section 5 concludes this work.

2. Proposed Classification Approach

The overall methodology workflow is shown in Figure 1, which summarizes the steps
of the proposed approach. Five main steps were performed, i.e., orthomosaic image genera-
tion, pre-processing of the LiDAR data, a fusion of LiDAR and image data, classification of
the fused data using ML, SVM, and DCNN, and finally analysis of the classification results
and accuracy assessment. To train the DCNN model, the orthomosaic images of each of the
four RGB combinations were split into 25 images. The choice of 25 subsets was to ensure
the availability of sufficient data for training and testing the network and to ensure that
each image had a good representation of the targeted classes.

2.1. Orthomosaic Image Generation

An orthomosaic image is an undistorted 2D map composed of multiple overlapped
images and corrected for perspective and scale [38]. Pix4D mapper software was used
to process the images and create an orthomosaic image. Pix4D uses the principles of
photogrammetry to produce an orthomosaic image from input images [39]. The software
starts by extracting and matching key points in a series of overlapping images using the
SIFT algorithm [40]. Ideally, the overlap between images should be sufficient to specify a
single key point in multiple images. To generate a high-quality and accurate orthomosaic
through Pix4D software, it is recommended to acquire a series of nadir images with a
minimum overlap of 75% [38]. Based on the matched key points and the ground control
points (GCPs), the software estimates the interior and exterior orientation parameters of



Remote Sens. 2022, 14, 4298 40f 22

the camera using the triangulation technique followed by bundle adjustment [41]. In order
to obtain a DSM, the key points are triangulated to their 3D coordinates. Then, the DSM is
used to project every image pixel and create the georeferenced orthomosaic.
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Figure 1. Workflow of the proposed methodology.
2.2. Optimized LOAM SLAM

LiDAR data were processed using an optimized simultaneous localization and map-
ping (SLAM) technique based on the LiDAR odometry and mapping (LOAM) developed
by Kitware [42,43]. Two python nodes (pc saver and traj saver) were developed to subscribe
to the trajectory and the point cloud topics and save their outputs. The optimized LOAM
SLAM is composed of three main sequential steps, namely, key point extraction, LIDAR
odometry, and LiDAR mapping.

In the first step, the key points are classified as edges and planar points based on
curvature. Edge points correspond to points with maximum curvature, while planar points
correspond to points with minimum curvature. Figure 2 shows an example of the extracted
key points of one LiDAR frame. In the LiDAR odometry step, the iterative closest point
matching technique [44] is used between two successive frames to recover the LiDAR
motion. Depending on the feature type, the point to line distance or point to plane distance
can be computed. Finally, the recovered motion is refined by projecting and matching the
current frame with the existing map.

(a) (b)
Figure 2. An example of extracted key points: (a) A single LiDAR frame; and (b) Extracted edges
(red) and planes (blue).
2.3. Conventional Maximum Likelihood Classifier

Maximum likelihood is one of the most widely used methods in the application of
remote sensing as a parametric statistical method [45,46]. ML assumes that data in each
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class are normally distributed and follow a second-order Gaussian probability density
function model [47]. The discriminant function for each class according to the maximum
likelihood classifier is given by the following formula [47]:

E(x) = — P e (X — M) e (X - My) (1)
(27_[)71/2 Ci

where p(w;) is the probability of class i; 1 is the number of bands; X is the data vector; M; is
the mean vector of class i; C; is the covariance matrix. The mean vector and the covariance
matrix are estimated from the training data. ML calculates the discriminant function for
each class and subsequently assigns the pixel to the class with the highest probability.

2.4. Support Vector Machine Classifier

The support vector machine (SVM) model is a high-performing supervised non-
parametric classifier based on statistical machine learning theory and optimal separating
hyperplane [48]. This classifier aims to distinguish between classes using training samples
by finding the optimal classification hyperplane for a maximum of the classification margin
in a feature space. The optimal classification hyperplane is used as a decision boundary,
which minimizes misclassifications obtained in the training step. Finding a classifier with
an optimal decision boundary is done through a learning iterative process to separate the
training patterns [49].

During the process of the SVM, the classification hyperplane H is the probable plane
for separating the classes x. A classification hyperplane H can be created using the follow-
ing equation [48]:

wlx+b=0 )

where w is a coefficient vector, x is the classes vector, and b is a scalar. The two parameters
of the classification hyperplane decision function, w and b, can be obtained by solving the
following optimization problem:

. 1/ ¢ !
minL(w, b, §) = E(w w) + CZ{;’i (3)
i=1

where {; and C signify the positive slack variable and the penalty parameters of the
errors, respectively.

2.5. DCNN Architecture

The DCNN used in this work is the improved version of the U-net model [34], where
the Resnet101 [50] network was used as a backbone to extract features. The encoder starts
with a 2D convolutional layer with a kernel size of 7 x 7 and stride of 2, followed by a
batch normalization (BN) layer, a rectified linear unit (ReLU) layer, and a 2D convolutional
layer. The 2D convolutional layer is connected to repeated residual blocks, which consist
of BN, ReLU, and convolutional layers. The decoder consists of repeating upsampling
layers connected to a concatenate layer and residual blocks, which double the spatial
resolutions of the output activations while reducing the number of feature channels by half.
The network was built using segmentation models [51], i.e., a python library for image
segmentation based on the Keras framework. The total parameters of the network are
approximately 52 million. The dice coefficient loss function was used to overcome the
imbalance between classes [52]. The following formula determines the dice coefficient loss:

_2xGNP

D=7 -
|G|+ |P|

(4)

where D is the dice coefficient loss, G represents the ground truth, and P represents the
prediction result of the network. The AMSgrad optimizer was used to minimize the loss
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function [53]. This optimization algorithm is a modified version of the Adam optimizer [54],
which uses the maximum of exponential moving averages of past squared gradients. The
AMSGrad update estimates can be estimated as follows:

my = Bym_q+ (1 — B1)g ®)
or = Bovi1 + (1 Ba)gi’ (6)
vy = max(0¢_1,¢) @)
61 = 0 — —=1—m, ®)

Vo +e

where m; and v; are the first- and second-moment, respectively; g; is the gradient, which
represents the vector of partial derivative with respect to 6; 0; is the parameter update; 7 is
the learning rate. The hyperparameters ;1 and B, were set to 0.9 and 0.999, respectively,
while the epsilon number (g) was set to 1077, as typically recommended in practice [53].
The learning rate schedular was used instead of a constant learning rate, which gradually
updates the learning rate if the loss plateaued or after a fixed number of epochs to attain
the optimum convergence by the end of the training data. Random image augmentations
were applied to increase the size of the training data. Tensorflow and Keras were used to
implement the network [55,56].

2.6. Accuracy Assessment

Four evaluation metrics were used in the evaluation of the maximum likelihood
classification results, i.e., class producer’s accuracy (PA), class user’s accuracy (UA), overall
accuracy (OA), and the kappa coefficient. The PA shows what percentage of a particular
ground reference class was correctly classified. The UA provides the user of the map with
the percentage of a class that corresponds to the ground-truth class. Finally, OA is the
percentage of pixels that were classified correctly, while the kappa measures the agreement
or accuracy between the derived classification map and the reference data. These values
can be calculated based on the following formulas:

S

PA = E ©9)
UA = % (10)
OA = ZJ\? " (11)

where N is the total number of ground truth samples; m is the number of classes; D; is the
number of correctly classified samples in the land-cover class i; R; is the total number of
ground truth samples in the land-cover class i; M; is the total number of samples classified
as land-cover class i.

OA, precision (Pr), recall (R), and the F-measure were used to assess the performance
of the DCNN segmentation technique. The precision represents the ratio of the pixels
correctly predicted to all pixels predicted. The recall indicates the ratio of the pixels
correctly predicted to the total ground truth pixels. The F-measure is the weighted average
of precision and recall, which is used when there is a severe class imbalance. The calculation
formulas for the performance metrics are as follows:

TP

Pr=Tp

(13)
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TP
= 14
TP 4+ FN (14)
2 x Pr xR
F— ="~ 15
measure PriR (15)

where TP is the true positive; FP is the false positive; FN is the false negative.

3. Data Acquisition and Preprocessing

In this study, a UAV was used as the platform for imagery and LiDAR data acquisition.
Two datasets were collected at two different times and locations in the Toronto, Ontario,
which is the most populated city in Canada. The first dataset was used to train the model,
while the second dataset was used to validate it. The first dataset was collected in February
2020 using the DJI Matrice 600 Pro UAV, with a payload consisting of a Sony «7R II RGB
camera, MicaSense RedEdge-M multispectral camera, and a Velodyne VLP-16 LiDAR
sensor. The Sony «7R II camera has a 42 MP spatial resolution with a 7952 x 5304 image
size [57]. The MicaSense RedEdge-M camera has five bands, namely, blue, green, red,
near-infrared (around 840 nm), and red edge (around 717 nm). The RedEdge-M camera
has a 1.2 MP spatial resolution with a 1280 x 960 image size [58]. The Velodyne VLP-16
consists of 16 laser beams with a 360° horizontal field of view (FOV) and a 30° vertical
field of view. The maximum range measurement for the VLP-16 is 100 m with a £3 cm
range accuracy [59]. In order to cover the area of interest, the flight was performed in
about 9 min with approximately 25 m flight height, acquiring the data in 5 parallel flight
lines. The average surface area surveyed was approximately 9000 m?. Figure 3 shows a
top view of the flight trajectory over the area of interest. The LiDAR data were acquired
at a 10 Hz frame rate with only the maximum return recorded, and the total number of
acquired points was approximately 14 million. The number of captured images was 243
images for the RGB camera and 282 images per band for the RedEdge-M camera.

B L E‘A(Il.
e S
e L e

e 2 i 4 ﬁ, 8

SRS T

Figure 3. UAS flight lines above the first test site.

As shown in Figure 4, eight checkerboard targets were deployed at the study site
(solid red boxes). The precise (centimeter-level) coordinates of the targets were determined
using a dual-frequency SOKKIA GCX2 GPS receiver in the real-time kinematic (RTK) mode.
These targets were used as ground control points (GCPs) to georeference the collected
images, as there was an issue with the onboard GPS receiver. Later, four GCPs were
collected with a Trimble R9s GNSS receiver to improve the geometric distribution of the
GCPs (solid yellow boxes). The four new points were processed using Trimble business
center (TBC) software in the differential mode with a virtual reference station (VRS) to
determine their precise coordinates.
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Figure 4. First study area with red and yellow squares highlighting the GCP positions. G1 through
G12 represent the ground control points (GCPs) and check points.

The second dataset was collected in June 2022 using the DJI Zenmuse L1 system
carried by a DJI Matrice 300 UAV, which integrates a Livox solid-state Lidar module, GNSS
receiver, an IMU, and an RGB camera [60]. The camera has a 20 MP spatial resolution
with a 5472 x 3078 image size. The solid-state LIDAR has a 70.4° horizontal field of view
(FOV) and a 77.2° vertical field of view. The maximum range measurement is 450 m with
a £3 cm @ 100 m range accuracy. In order to cover the area of interest, the flight was
performed in about 5 min with approximately 60 m flight height, acquiring the data in
7 parallel flight lines. The average surface area surveyed was approximately 76,000 m?.
Figure 5 shows a top view of the flight trajectory over the second area of interest. The total
number of acquired points using the solid-state LIDAR was approximately 42 million. The
number of captured images was 208 for the RGB camera. Fifteen checkerboard targets were
deployed at the study site. The precise (centimeter-level) coordinates of the targets were
determined using a Trimble R8s GNSS receiver in the RTK mode. These targets were used
as GCPs to georeference the collected images. In addition, during the data acquisition, a
D-RTK 2 GNSS mobile station was fixed on a known GCP to provide real-time differential
corrections to the onboard GNSS RTK receiver to georeference the acquired data.

25i2 2 maamiens Agh T
«

S R
R-E»}é ]
7

=y

—— R 3 T

o

Figure 5. UAS flight lines above the second test site.

3.1. Data Processing of the First Dataset

The RGB images were processed with the 12 GCPs using Pix4D mapper software to
create a georeferenced orthomosaic image, as shown in Figure 6. The same procedures
were followed to create georeferenced orthomosaic images of the five multispectral camera
bands, as shown in Figure 7. Then, those orthomosaic images were stacked together
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using ERDAS IMAGINE software to create a single multispectral image (Figure 8) in the
false color combination. The band combination adopted for the false color combination
was near-infrared (red), green (blue), and red (green). The LiDAR data were processed
using optimized LOAM SLAM software, which was executed on a robot operating system
(ROS) in a Linux system. Figures 9 and 10 show the LiDAR SLAM trajectory and the
generated point cloud, respectively. The LiDAR point cloud was then processed using
ArcGIS software without preprocessing (i.e., denoising) to create a DSM and intensity
rasters, as shown in Figures 11 and 12, respectively.

- .
B e —. -t

Figure 8. False-color combination of the multispectral orthomosaic for the first test site.
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Figure 9. LIDAR SLAM trajectory for the first test site.

Figure 10. LiDAR point cloud generated using SLAM for the first test site.

150 (m)

Figure 12. Intensity raster generated using the LiDAR data point cloud for the first test site.
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Six different imaging/LiDAR combinations were created, namely, RGB, RGB + inten-
sity, RGB + elevation, RGB + LiDAR, Multispectral, and Multispectral + elevation. RGB
refers to the colored orthomosaic image created using the RGB images, while Multispectral
refers to the orthomosaic image created using the multispectral images. The intensity and
elevation refer to the intensity and DSM rasters created using the LIDAR data. In the second
combination, the intensity was added to RGB as a fourth channel using the layer stacking
technique in ERDAS IMAGINE software. Similarly, in the third and the sixth combinations,
the elevation was added to RGB as a fourth channel and to the Multispectral as a sixth
channel, respectively. Finally, in the fourth combination, the intensity and elevation were
added to RGB as fourth and fifth channels, respectively. The fused image of the fourth
case is shown in a false color combination in Figure 13. In order to create the ground truth
for the DCNN training and validation, 25 subset images were labeled using open-source
software called “Labelme” [61]. An example of an image and its ground truth is shown

in Figure 14.

Class visualization Ground truth

Figure 14. Labeled sample using Labelme software.

3.2. Data Processing of the Second Dataset

Similar to the first dataset, the RGB images were processed with the 15 GCPs using
Drone2Map software to create a georeferenced orthomosaic image, as shown in Figure 15.
The solid-state LIDAR data were processed using DJI Terra software to create a full georefer-
enced point cloud of the area of interest. The LiDAR point cloud was then processed using
ArcGIS software to create a DSM and intensity rasters, as shown in Figures 16 and 17, re-
spectively. Finally, the intensity and DSM rasters were added to RGB orthomosaic as fourth
and fifth channels, respectively. The fused image is shown in a false color combination in
Figure 18. In order to validate the DCNN model, four different imaging/LiDAR combi-
nations were created, namely, RGB, RGB + intensity, RGB + elevation, and RGB + LiDAR.
Subsequently, eight subset images were created and labeled using Labelme.
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105 (m)

55 (m)

Figure 16. DSM raster generated using the solid-state LIDAR data point cloud for the second test site.
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Figure 17. Intensity raster generated using the solid-state LIDAR data point cloud for the second test
site.

Figure 18. False-color combination of the fused image for the second test site.

4. Results and Discussion

All six combinations of the first dataset were classified using the maximum likeli-
hood and SVM techniques using the ERDAS IMAGIN and ArcGIS software packages,
respectively. Six land cover classes, i.e., “building”, “road”, “vegetation”, “snow”, “cars”,
and “unclassified”, were identified. The classification results of both techniques for all
combinations are shown in Figures 19 and 20. In order to assess the classification results,
500 random reference points were identified, and error matrices were generated. Then,
the evaluation metrics were calculated including PA, UA, OA, and the kappa coefficient.
Tables 1 and 2 show the comparison results of the six combinations for the ML and SVM

techniques, respectively.



Remote Sens. 2022, 14, 4298 14 of 22

RGB + Intensity RGB + Elevation RGB+ LiDAR  Multispectral Multispectral + elevation

- Buildings - Road -Vegetatlon |:| Snow -Cars - Unclassified

Figure 19. Classification results using the maximum likelihood technique.

Image RGB RGB + Intensity RGB + Elevation RGB+ LiDAR  Multispectral Multispectral + elevation

- Buildings - Road -Vegetatlon |:| Snow -Cars - Unclassified

Figure 20. Classification results using the SVM technique.
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Table 1. Classification results of the six combinations using the maximum likelihood technique.

RGB

RGB + Intensity  RGB + Elevation ~ RGB + LiDAR Multispectral Multispectral +

Elevation
PA (%) UA(%) PA(%) UA(%) PA(%) UA((%) PA(%) UA(%) PA(%) UA(%) PA(%) UA (%)
Building 3551%  36.54%  56.07%  55.05%  71.96%  77.00%  83.18%  85.58%  27.10%  3537%  80.37%  82.69%
Road 7594%  90.45%  86.32%  85.12%  98.11%  83.53%  97.17%  83.40%  90.09% = 69.96%  91.98%  82.69%
Vegetation 54.10%  40.24%  52.46%  48.48%  44.26%  58.70%  4590%  70.00%  4590%  71.79%  47.54%  59.18%
Snow 7524%  6220%  69.52%  73.00% = 72.38%  90.48%  7524%  92.94%  40.00%  65.63%  76.19%  83.33%
Cars 33.33%  55.56%  26.67%  40.00%  66.67%  47.62%  73.33%  45.83%  13.33% 5.26% 40.00%  42.86%
OA (%) 63.20 70.40 79.60 82.60 58.40 79.20
kappa (%) 49.63 58.45 70.79 75.11 40.12 70.34
Table 2. Classification results of the six combinations using the SVM technique.
RGB RGB + Intensity RGB + Elevation RGB + LiDAR Multispectral Multispectral +
Elevation
PA (%) UA(%) PA(%) UA(%) PA(%) UA(%) PA(%) UA(%) PA(%) UA(%) PA(%) UA (%)
Building 55.14%  55.14%  65.51%  53.27%  92.47%  80.37%  89.36%  88.50%  40.00%  37.38%  89.79%  82.24%
Road 89.02%  72.64%  90.44%  7594%  89.74%  82.54%  9547%  84.19%  91.77%  68.39%  89.55%  84.90%
Vegetation 4796%  77.05%  51.81%  7049%  55.69%  72.13%  48.19%  75.57%  46.38%  52.46%  52.24%  57.38%
Snow 72.72%  53.33%  71.84%  7048%  8791%  76.19%  7428%  91.28%  56.84%  51.43%  83.87%  74.28%
Cars 22.22%  66.66%  2449%  80.00%  33.33%  93.33%  80.00%  46.09% = 12.82%  66.67%  26.83%  73.33%
OA (%) 65.20 69.40 79.80 83.8 59.2 79.40
kappa (%) 53.51 58.95 72.51 77.13 42.50 70.40

As can be seen in Figure 19, in the RGB case, many buildings’ pixels were misclassified
as snow and vegetation. For example, the building in the fourth image was misclassified
as vegetation. The pixels misclassified as vegetation were decreased by the fusion of
the intensity image with the RGB image because of the sensitivity of vegetation to the
near-infrared band, as shown in the same example. The UA of vegetation increased
by 8% and the OA increased by 7% compared to the RGB case. The addition of the
elevation layer improved the building classification accuracy significantly, where the UA
was increased by 40% compared to the RGB case. This is mainly because the elevation
information differentiates between the snow on the ground and the snow on the building’s
rooftop. The LiDAR/image data fusion obtained the best classification result using the
ML classifier, with the OA (82%) and kappa coefficient (75%). The Multispectral case
produced the worst classification result, where the OA and kappa coefficient were 58% and
40%, respectively. This poor classification accuracy could be explained by the low spatial
resolution of the RedEdge-M camera. However, when the LiDAR elevation data were
added to the multispectral image, the OA was improved by 20% and the kappa coefficient
increased by 30%, which emphasizes the importance of the LIDAR /image data fusion.

The ML and SVM results were very similar; nevertheless, the SVM was superior in all
scenarios with about a 2% increase in the OA and kappa coefficient except for one case. It
achieved a 69.40% OA versus 70.40% for the ML in the RGB + intensity scenario. These
results are consistent with those in previous studies [62,63]. In [62], ML and SVM were
compared for land cover classification using satellite images. The OA mean of SVM was
90.40 (+0.91)%, and ML was 87.54 (£1.39)%, with 2.9% difference. As concluded in [63],
ML performs better when classifying images in special spectrums such as urban areas, even
though more advanced machine learning methods such as SVM offer more accurate image
classification in the presence of different classes.

The DCNN was trained and tested on the 25-image subsets of the first dataset for the
four RGB different combinations. The 25-image samples were divided into 15 training,
6 validation, and 4 testing images. Figures 21 and 22 illustrate the training and validation ac-
curacy and loss curves of the RGB and RGB + LiDAR cases, respectively. The RGB + LiDAR
validation curves were more stable than the RGB case and reached higher accuracy, which
means that the addition of LIDAR data improved the generalization of the DCNN model.
Figure 23 shows the prediction results of the testing dataset for the four different combina-
tions. Table 3 shows the comparison results of the four combinations in the testing dataset.
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For the RGB case, the obtained OA was 90%, and the precision, recall, and F-measure were
about 72%. Further, due to the similarities in the spectral characteristics of the buildings’
rooftops and the roads, some buildings were misclassified as roads in the RGB case, as
shown in Figure 23. Similarly, some ground snow cover was misclassified as buildings as
some buildings’ rooftops were covered with snow. The OA of the RGB + LiDAR case was
7% higher than the RGB case, while the precision, recall, and F-measure were 18% higher.
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—— training
validation

— training
validation

A M 08

06

o
o

loss

=3
o

accuracy

| 04

03 02

T T T 00— T T T
0 20 40 60 80 100 0 20 40 60 80 100

epochs epochs

Figure 21. Training and validation curves of accuracy and loss for the RGB case.
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Figure 22. Training and validation curves of accuracy and loss for the RGB + LiDAR case.

Table 3. Comparison of indicator parameters for the four combinations using DCNN.

Combination Accuracy (%) Precision (%) Recall (%) F-Measure (%)
RGB 90.72 72.25 71.95 72.10
RGB + intensity 96.27 88.92 88.64 88.78
RGB + elevation 96.52 89.80 89.25 89.52
RGB + LiDAR 97.53 90.46 90.68 90.57

To validate and assess the performance of the trained model, the DCNN was tested on
the eight image subsets of the second dataset for the four different combinations. Figure 24
shows the prediction results of the validation dataset for the four different combinations.
Table 4 shows the comparison results of the four combinations in the validation dataset.
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Figure 23. Comparison of the DCNN prediction results of the first dataset.

Table 4. Comparison of indicator parameters for the four combinations using DCNN.

Combination Accuracy (%) Precision (%) Recall (%) F-Measure (%)
RGB 93.77 80.34 80.24 80.29
RGB + intensity 96.94 90.86 90.76 90.81
RGB + elevation 97.31 91.96 91.91 91.93
RGB + LiDAR 97.75 93.27 93.24 93.25

Overall, the results obtained from the validation dataset were largely similar to the
results of the first dataset. However, the accuracy of the RGB case was increased by 3%,
while the precision, recall, and F-measure were increased by 8% compared to the first
dataset. This increase is likely due to the seasonal variations, where the first dataset was
collected in the winter with the ground partially covered by the snow, while the second
dataset was collected in the spring. For example, the snow covering the rooftop of the
building affected the classification accuracy of the first dataset. As can be noticed in the
third image of the RGB case in Figure 23, the ground snow was misclassified as buildings.
The integration of image/LiDAR data overcame these seasonal variations, as can be seen
in the three other cases of the same image. Therefore, the results of the fused data cases in
the validation dataset were slightly better compared to the first dataset.

Figure 25 compares the overall classification accuracy of the ML and SVM with the
DCNN approach for the four investigated combinations of both datasets. The use of DCNN
improved the OA by about 30% in the RGB case and by 15% in the RGB + LiDAR case
compared to the ML and SVM techniques.
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Figure 24. Comparison of the DCNN prediction results of the second dataset.
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5. Conclusions

In this research, a low-cost UAS-based multi-sensor data fusion model was developed
for land cover classification based on DCNN. Two datasets were collected to train and
validate the developed model. The first dataset was collected using a DJI Matrice-600 UAV
with a payload that included the Velodyne VLP-16 mechanical LiDAR sensor, the Sony
a7Rii camera, and RedEdge-M multispectral camera. The second dataset was collected
using the DJI Zenmuse L1, which combines a solid-state LIDAR sensor, an RGB camera, an
IMU, and a GNSS receiver. The DCNN approach was based on U-net with Resnet101 as a
backbone, which has about 52 million parameters. The first dataset was used to train the
DCNN, while the second dataset was used to validate the model. The model was trained
on six land cover classes, namely, “building”, “road”, “vegetation”, “snow”, “cars”, and
“unclassified”. The results obtained from the DCNN approach were compared to those
obtained from the ML and SVM techniques.

The ML and SVM techniques obtained very similar classification results. The im-
age/LiDAR data fusion improved the classification accuracy by about 20% and the kappa
coeffcieint by about 25% in comparison with the image-only data. The proposed DCNN
approach improved the overall accuracy of land cover classification by 30% in the RGB case
and by 15% in the RGB + LiDAR case in comparison with the ML and SVM classification
techniques. The overall accuracy of land cover classification using DCNN improved by 7%,
and the precision, recall, and F-measure improved by 18% when the fused image/LiDAR
data were used compared to image-only data. In addition, the image/LiDAR data fusion
overcame the effect of seasonal variations on the land cover classification accuracy. The
results of the validation dataset supported the outcomes of the trained DCNN model. The
obtained results confirm that the proposed approach is capable of providing accurate land
cover classification at low cost.
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