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Abstract. The development of precision agriculture demands high accuracy and efficiency of
cultivated land information extraction. Simultaneously, unmanned aerial vehicles (UAVs) have
been increasingly used for natural resource applications in recent years as a result of their greater
availability, the miniaturization of sensors, and the ability to deploy UAVs relatively quickly and
repeatedly at low altitudes. We examine the potential of utilizing a small UAV for the charac-
terization, assessment, and monitoring of cultivated land. Because most UAV images lack spec-
tral information, we propose a novel cultivated land information extraction method based on a
triangulation for cultivated land information extraction (TCLE) method. Thus, the information
on more spatial properties of a region is incorporated into the classification process. The TCLE
comprises three main steps: image segmentation, triangulation construction, and triangulation
clustering using AUTOCLUST. Experiments were conducted on three UAV images in Deyang,
China, using TCLE and eCognition for cultivated land information extraction (ECLE).
Experimental results show that TCLE, which does not require training samples and has a
much higher level of automation, can obtain accuracies equivalent to ECLE. Comparing
with ECLE, TCLE also extracts coherent cultivated land with much less noise. As such, culti-
vated land information extraction based on high-resolution UAV images can be effectively and
efficiently conducted using the proposed method. © 2014 Society of Photo-Optical Instrumentation
Engineers (SPIE) [DOI: 10.1117/1.JRS.8.083673]
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1 Introduction

Precision agriculture is an emerging farm management strategy that is having a profound effect
on the way people farm.' Maps of the distribution of cultivated land are basic requirements for
any management strategy for cultivated land.>* The economical and feasible use of remote sens-
ing technology to quickly and accurately extract cultivated land information has become a focus
for research, and it continues to present difficulties.* Cultivated land (of a minimum polygon area
of 400 m?) has been defined in a study monitoring the national geographic conditions of China,
for its 12th Five-Year Plan. It is defined as the land on which crops have been planted after
reclamation and which has been frequently cultivated and managed. In China, this mainly com-
prises paddy fields and dry farmed land.
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Currently, the methods employed for mapping of cultivated land mainly employ remote
sensing technologies, and generally, the monitoring of cultivated land makes use of data
derived from satellite remote sensing.s’6 However, there are several limitations to satellite
imagery. Due to the low spatial resolution, it is difficult to identify cultivated land of
small areal extent in critical regions; this requires image data of higher spatial resolution,
and the development of a supporting cultivated land information extraction method, for spe-
cific or general cases.” In addition, because precision agriculture requires small-scale and
high-accuracy mapping of cultivated land, the low spatial and temporal resolutions of satellite
images are unable to meet the high demands of this application. In this situation, the emer-
gence of unmanned aerial vehicle (UAV) technology offers a new opportunity for the mapping
of cultivated land.

UAVs are an important new remote sensing approach, and there is increasing interest in their
use for obtaining very large-scale aerial imagery for assessment and monitoring of cultivated
land.®'° UAVs are a flexible image acquisition tool for such a purpose. UAVs have several
advantages over piloted aircraft: they can be deployed quickly and repeatedly, for example,
to assess flooding after sudden rainfall events; there is no risk to an on-board pilot; and
they can be used to obtain very high-resolution imagery (VHR) with lower image acquisition
costs than with piloted aircraft. As such, UAVs are well suited for cultivated land remote sensing
applications. In addition, in China, the current monitoring of the national geographic conditions
for China’s 12th Five-Year Plan demands a more efficient multiscale monitoring technology for
use nationwide. For large-scale extraction of cultivated land information, UAVs have the poten-
tial to reduce the number of ground-based measurements required for obtaining a cultivated land
inventory, as well as assessment and monitoring, by providing low-cost, subdecimeter-resolution
digital imagery.

Image acquisition is limited by the payload of the current UAVs. At present, only light-
weight commercial cameras can be carried, and consequently, the acquired images lack spec-
tral information, and a large number of research goals common to remote sensing technology
cannot be applied effectively and directly to this new data source. In particular, vegetation
indices, such as the normalized difference vegetation index (NDVI), cannot be calculated,
which would have great significance for vegetation extraction. In addition, it is still difficult
to extract accurate cultivated land covers from UAV images based on the conventional pixel-
based classification methods. Using only spectral information, these methods have only lim-
ited success for extraction of cultivated land information,'' especially when the optical images
are from UAVs, because their spectral information is not sufficient, and it is difficult to
distinguish between dry lands and paddy fields by means of spectral information alone.
An object-based image analysis (OBIA) is a more suitable method than pixel-based classi-
fication for high- and very-high-resolution imagery.!>'"* OBIA has been widely discussed
with regard to processing VHR images and many methods have been developed to obtain
appropriate objects.'*2° Recently, OBIA has also been used successfully for analysis of
UAV imagery over rangelands.?'~>*

For the extraction of cultivated land information from UAV images, object-oriented clas-
sification methods are recommended as an alternative solution to processing UAV images
because they can incorporate a maximal amount of information on the spatial properties
of a region into the classification process. Thus, a method for extraction of cultivated land
information is proposed based on segmentation of high-spatial-resolution UAV images and
detection of spatial features in a triangulation network. The framework for application of
UAV data comprises data acquisition, data processing, and applications. The goal of this
study is to test the feasibility of a UAV-based cultivated land assessment and monitoring
approach, and to optimize this new method for extracting cultivated land information from
VHR imagery in flat areas. This paper describes the details for acquisition and processing
of UAV imagery, consisting of mission planning, image acquisition, orthorectification, and
mosaicking and proposes a triangulation-network-based cultivated land information extraction
method, as well as reporting and analyzing the results of the image analysis. In addition to
communicating recent advances in the development and application of these technologies, this
paper should also serve as a guide for individuals and organizations that are seeking to use
UAV in the future.
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2 Related Work

2.1 Research Progress in Cultivated Land Information Extraction

In the extraction and mapping of cultivated land information, studies in different areas have
been carried out on different spatial scales, most often divided into local, regional, and global
areas.” In order to achieve the best extraction of cultivated land information at different
spatial scales, different sensor data and different mapping methods are required. Many
researchers’ results conclude that extraction of cultivated land information over a local
area should make use of existing datasets, such as Landsat TM/ETM+, SPOT, LISS,
ASTER, CBERS, and THEOS, to make analysis more cost-effective. Information extraction
methods have typically involved photograph interpretation, digital image computation, image
segmentation, classification, and image fusion. Landsat TM/ETM+, MODIS, MERIS,
AVHRR, and SPOT VGT data are more typically applied to regional areas, and cultivated
land information is identified through the time-series analysis method, the supervised or
unsupervised classification method, and the mask method. Over a global area, MODIS,
MERIS, AVHRR, and SPOT VGT data are most often recommended, and information
extraction methods incorporate unsupervised clustering (ISODATA), machine learning algo-
rithms for time-series data, and other auxiliary data (including statistical data and real-time
ground data). Ozdogan et al.” have summarized the advantages and disadvantages of the
sensors of different satellite image acquisition systems for the mapping of cultivated land
information, including Landsat, SPOT, CBERS, AVHRR, MODIS, MERIS, and IRS. In addi-
tion, synthetic aperture radar (SAR) has been widely applied to research on rice crops
because of its ability to observe in all weathers in both day and nighttime. Studies have
already been carried in rice-growing areas, involving mapping and growth monitoring by
means of multitemporal radar data. These studies show that multitemporal SAR data are
very effective for distinguishing irrigated rice fields from other farmland types.”®~°
Currently, information extraction in combination with a variety of other data sources is
also becoming more important.’'~?

In addition, the implementation of a high-resolution Earth observation system—a special
project under China’s Eleventh Five-Year Plan—has contributed to the further development
of VHR image data acquisition technology in China. This study into extraction technologies
for high-resolution cultivated land information will promote the application of remote sens-
ing technology in the agricultural sciences. Several researchers have already conducted stud-
ies in this field. For example, Liu et al.>* make use of aerial imaging data (at 3-m resampling
resolution) to extract information on high-quality prime farmland through segmentation
(object segmentation through edge detection), feature analysis (calculating eigenvalues),
and construction of rules (using the C4.5 to build decision trees). In contrast, for high-res-
olution satellite image data, an object-oriented classification method, which aims to improve
the mean shift algorithm and also supports vector machine, has been proposed and applied to
the extraction of cultivated land information.*> Lu et al.*® make use of hyperspectral data
(with ground resolution of 2 X2 m) to extract areas covered by complex agricultural
land. Although these approaches have focused on extraction of cultivated land information
by means of high-resolution data, they all have certain limitations to a greater or lesser
extent: they either lack pertinence or apply the same method to different datasets and do
not consider the unique features of specific cultivated land plots, ultimately yielding unsat-
isfactory results. Sun and Xu,?” focusing on the Quickbird panchromatic band image, first
segmented the image data and then extracted information from agricultural land plots of
regular shape, in combination with the corner-feature points (following the cultivated
land appearance rule, generally incorporating four or more corner-feature points). The
approach of Sun and Xu?’ offers a new perspective for the extraction of cultivated land infor-
mation from high-resolution panchromatic images by designing algorithms in a way that
makes full use of geometric and textural features of cultivated land in high-resolution
image data, as well as the unique properties of cultivated land, in order to develop a
rapid and efficient method for extracting cultivated land plots from high-resolution
image data.
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2.2 Progress in the Extraction of Typical Surface Features and Cultivated
Land from UAV Data

The number of potential applications for UAV has increased considerably in recent years as a
result of their greater availability and the miniaturization of sensors, GPS, inertial measurement
units, and other hardware.”>*** The combination of UAVs and remote sensing technology has
enabled the technologies to be used to acquire spatial data on land cover, resources, and envi-
ronments for processing remote sensing data. Because of the high frequency and high resolution
of data obtained from UAYV, they have received more attention from researchers and manufac-
turers, which has further expanded the potential range of applications and users.

Currently, UAV are predominantly used as a photogrammetric data acquisition platform to
map and monitor. The rectified images and their derivatives, such as image mosaics, maps, and
drawings, can be used for interpretation and analysis. For example, research groups have focused
on applications that make use of rotary and fixed-wing UAV for forest resource management and
monitoring,*’ vegetation monitoring,*' classification of hyperspectral UAV imagery,** road fol-
lowing,* river monitoring,** recording of large-scale urban and suburban sites,* mapping of
archaeological sites,*® and investigating the accuracy of digital surface map production.*’ In
recent research, Dunford et al.*® used UAV technology to quantify riparian terrain and vegetation
units and identify standing dead wood and canopy mortality, for the benefit of riparian managers.
To classify rangeland vegetation from a 5-cm-resolution UAV image mosaic, Laliberte and
Rango®*** developed and evaluated an image processing workflow that included the integration
of resolution-appropriate field sampling, feature selection, and object-based image analysis.
UAV was developed as a flexible and powerful tool for site-specific vineyard management. '
Lin et al.*’ also demonstrated the feasibility and effectiveness of using a fixed-wing UAV system
for rapid observation and risk assessment of ice jam formation over the Yellow River.

In summary, UAVs have been widely applied to surface feature information extraction,
obtaining comparatively good results. In particular, Laliberte et al.>>>* have made use of
UAV to carry out research on the extraction and assessment of rangeland information.
Howeyver, there are few studies that focus on extraction of cultivated land information, and
still fewer focusing on UAV as a source of high-resolution images. Therefore, it is necessary
to study the extraction of cultivated land information from UAV image data.

3 Methodology

UAYV images are generally of poor quality and have a narrow frame; thus they cannot be directly
used for mapping and require orthorectification and fusion processing before being used for
subsequent cultivated land information extraction. Here, we first introduce the current UAV
data acquisition and processing method, and then extract cultivated land information from
the processed digital orthophoto map (DOM). In essence, our method is still object-oriented.
Segmentation is first performed to partition an image into a series of nonoverlapping, meaning-
ful, and homogeneous objects. Cultivated land has visually obvious features and rectangular
traits, as well as concentrated clustered distribution, so the optimal segmentation scale for cul-
tivated land information can be determined by visual judgment. After successful UAV image
segmentation, we find that the main factors interfering with cultivated land information extrac-
tion are information from roads and concentrated residential areas. The cultivated land informa-
tion can be successfully identified if these surface features are eliminated. The clustered
distribution of cultivated land means that the segmented cultivated land plots are larger because
of the very high resolution of the UAV image. Compared with cultivated land areas, the seg-
mented concentrated residential areas appear fragmented as a result of abundant internal surface
features, including houses, woodlands, roads, and concrete surfaces, which form segmentation
objects of various shapes [Fig. 8(c)]. We, therefore, consider using the cluster approach to elimi-
nate such surface features, including residential land and woodland, in order to achieve the ulti-
mate goal of cultivated land information extraction.

Using our proposed method, we first eliminate the obviously strip-shaped objects with a
rectangular fit feature from the total segmented objects, which includes roads and ditches.
Next, we extract the central point of the segmentation object and obtain the fragmented
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Fig. 1 Technical framework diagram of cultivated land information extraction using unmanned
aerial vehicle (UAV) imagery.

distribution features of the segmentation objects within a residential area by constructing a tri-
angulation network. The triangulation density in concentrated residential areas is high, while it is
sparser in contiguous cultivated land areas. We then cluster residential areas by a triangulation
network cluster approach, based on graph theory. Finally, we trim the cluster results with a
Voronoi diagram and the maximum variance constraints, and complete the cultivated land infor-
mation extraction. A detailed explanation of the above-mentioned procedures will be given in
the following part of this article. The main technical framework diagram is shown in Fig. 1.

3.1 Data Acquisition and Processing

We used a fixed-wing UAV with Canon EOS 5D Mark II digital camera to acquire imagery at
80% forward lap and 60% sidelap. Imagery was acquired in August 2011 at a flying height of
750 m above the ground over the plain landscape of the Deyang Experimental Range in Sichuan,
China. The camera’s resolution was 5616 X 3744 pixels, resulting in an image footprint of
1123 x 748 m with a pixel resolution of 0.2 m. The camera focal length is 24.5988 mm,
and the pixel size is 0.0064 mm. Figure 2 shows our fieldwork operations, collecting images
by UAV and ground control points (GCPs) by real-time kinematic (RTK, which is a relatively
new and commonly used method of GPS measurement).

GCPs play an important role on orienting data. From experience, GCPs for a UAV platform
are suitable for setting one point per five images in single airstrip, setting one point on three
adjacent air strips, and ensuring points are well distributed across a whole area. In addition,
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(b)

Fig. 2 Data acquisition. (a) UAV platform for acquiring imagery. (b) Collection of ground control
points by real-time kinematic.

GCPs should be located in areas in which the surface features are distinct, easily distinguished,
or where the color contrast is large with nearby surface features.

Image processing consists of (1) orthorectification and mosaicking of UAV imagery and
(2) clipping of the mosaic. With traditional aerial photograph platforms, wind speed and
wind direction exert a tremendous influence on the UAV flight attitude. There were multiple
challenges associated with orthorectification of this imagery. These included the relatively
small image footprints, considerable image distortion due to the use of a low-cost digital camera,
difficulty in locating GCPs and generating tie points, and relatively large errors in exterior ori-
entation parameters.”” Additionally, the traditional digital photogrammetry systems (e.g., leica
photogrammetry suite) have limitations when processing the UAV images. Therefore, we
selected the digital photogrammetry grid (DPGRID) developed by Wuhan University to process
the data, which is a professional software system that can produce a DOM from the UAV images.
The Inpho software developed by Professor Fritz Ackermann in Germany could be another
potential option for this step of the process.

At this stage, we first selected all of the images from air strips of the position orientation
system data and removed images from the air strips that were taken when the UAV was climbing.
Then we used the DPGRID to perform the data preprocessing, including distortion correction,
strip arrangement, and image rotation. When the preprocessing was achieved, the software auto-
matically completed the matching and extracts feature points. If the steps were successful, the
external orientation of UAV scenes could be performed using GCP coordinates and tie points in
order to improve the quality of the triangulation process.*° Finally, we adjusted the color palate to
be uniform, implemented an image mosaic, and created a DOM, ready for extraction of culti-
vated land.

3.2 Image Segmentation

Remote sensing image segmentation is the foundation and key to object-oriented information
extraction.’! The accuracy of segmentation results is directly related to the accuracy of sub-
sequent information extraction results. On images, different objects typically occur on different
scales; therefore, the chosen scales of interest will be guided by the purpose of the analysis.
Here, we used multiscale segmentation in eCognition 8, an OBIA program, for image clas-
sification. In the multiscale segmentation process, the main parameters involved are scale and
the composition of homogeneity. In this, the scale defines the maximum homogeneity criteria,
with regard to the weighted image layers for resulting image objects; the higher the value, the
larger the resulting image objects. The composition of homogeneity criterion is characterized
by color and shape; each pair of criteria has a weighted percentage equalized to a value of one.
Shape defines the textural homogeneity of the resulting image objects, including smoothness
and compactness (shape = smoothness + compactness). In this, smoothness optimizes the
resulting image objects, creating smooth borders within the shape criterion. Compactness
optimizes the resulting image objects with regard to the overall compactness within the
shape criterion.
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In application of this step of the process, we usually follow two principles: (1) to segment the
image at the largest possible segmentation scale, on the condition that necessary precision is met,
considering the maximum segmentation scale at which cultivated land plots may be segmented
and (2) to adopt a color standard on the premise that the necessary shape standard is met. The
reason for the partitioning of these two principles is that the most important part of the image data
is the spectral information, and high weighting of the shape criterion will reduce the quality of
segmentation results.

The cultivated land is basically in a contiguous concentrated distribution, but is inevitably
mixed with surface features, such as roads, ditches, and ridges, which can be segmented in very-
high-resolution UAV images. Consequently, the center points of strip-shaped surface features
will affect the accuracy of our method when extracting the center point of the segmentation
object. On the other hand, these surface features are in a long-strip shape, contrasting greatly
with rectangular isometric cultivated land. In order to improve the reliability of our method, these
strip-shaped surface features need to be removed prior to construction of the triangulation net-
work. Here, rectangular fit features are adopted to identify and remove these strip-shaped surface
features.

The basic principle of rectangular fit features is to calculate the area of a rectangle of size
equal to that of the object, and then to calculate the ratio of the area of the object outside the
rectangle region and the area of the rectangle within the object region. In this, the first step is to
create a rectangle of area equal to that of the image object. The length and width ratio of the
rectangle is equal to that of the image object. Second, the area ratio of the object outside of the
rectangle to the object within the rectangle is calculated. A ratio of O represents a complete
mismatch, and 1 represents an exact match.

3.3 Constructing the Triangulation Network

A model of spatial proximity in a discrete point dataset should be properly modeled to elucidate
sudden relative changes as a result of clustering. Voronoi diagrams and their accompanying dual
Delaunay triangulations are used for precise and unique modeling of discrete point data with
a succinct structure. Thus, they are solid candidates for analyzing spatial clustering. Delaunay
triangulations are considered so powerful in succinctly representing proximity relationships that
several clustering methods have been based on them.’> Here, we propose two steps to construct
a triangulation from segmentation objects, comprising calculation of the center points of objects
and generation of Delaunay triangulations.

To extract the central point of a polygon, its area must first be calculated. At first, deter-
mining the area of a polygon seems complex, but the final formula is elegantly simple.
Consider a polygon made up of line segments between N vertices (x;,y;), 0 <i <N —1.
The last vertex (xy,yy) is assumed to be the same as the first, and the polygon is closed
(Fig. 3).3

The area is given by

=
A ZE;(%‘)’M = Xi1Yi)- (D
(53 ()

(%3, ¥3)

(X5 o)
(x5, y5)

(x5 4)

Fig. 3 Example of a typical polygon for calculating the centroid.
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The center of the polygon, or the centroid, is also known as the center of gravity or the center
of mass. As in the calculation of the area above, xy is assumed to be equal to x,; thus the polygon

is closed. The centroid is calculated by the following equation:>
| V=l
Cy :67;()@ + Xip 1) (XiVig1 = Xi1 i), @
| M-l
¢ = @Z(Yi + Yip 1) (XiVier = Xip1yi)- )
i=0

The Delaunay triangulation of a set of points on a plane is defined to be a triangulation such
that the circumcircle of every triangle in the triangulation contains no point from the set in its
interior. Such a triangulation exists for a given set of points, and it is the dual of the Voronoi
tessellation.> In many engineering applications, and especially in geographic information sys-
tem (GIS), the triangulation of a set of points in two dimensions is an ongoing problem. Many
different triangulations can be constructed on a given set of points, and Delaunay triangulation is
the most popular among them.? Each Delaunay edge is an explicit representation of a neighbor-
hood relation between points. In addition, many algorithms also exist with an optimal expected
time complexity. The most popular approaches are classified into six main categories: divide-
and-conquer algorithms, sweep-line algorithms, incremental algorithms, fast incremental
construction algorithms, gift-wrapping algorithms, and convex hull-based algorithms. The con-
struction of Delaunay triangulation algorithms is not the research focus of this paper, so here we
adopt the mature divide-and-conquer algorithms to construct the Delaunay triangulation. It was
reported that Dwyer’s divide-and-conquer algorithm® was strongest overall and was the most
resistant to poor data distribution with a O(n log n) worst case. Figure 4 shows a Delaunay
triangulation and Voronoi diagram constructed by extracting the central points of polygons.

3.4 Method of Detection of Spatial Features in the Triangulation
Network Model

Automatic detection of spatial features in the triangulation network model is carried out with a
computer in order to extract a region of interest. Here, we first perform a stripping operation on
the constructed triangulation network and remove the long edge. Next, the triangulation network
is clustered with the AUTOCLUST clustering method, and point groups are deleted in the dense
regions. Then, area constraints are performed with a Voronoi diagram, and the average triangle
area of the clustering triangulation network is calculated, allowing deletion of those triangulation

—— e
— ot e TN T AR T e X T o =
—F /™ — e pa=—
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Fig. 4 Voronoi diagrams and their dual Delaunay triangulations. (a) Delaunay triangulations.
(b) Voronoi diagrams.
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network clusterings with an average area that is too large. Last, forest lands with variance fea-
tures are excluded.

Many studies have been carried out on the range of distribution of point groups. The spatial
distribution range of a point group is still an uncertainty. In GIS, the convex hull is often used in
place of the point group distribution range. The drawback of this method is that when the point
group distribution is of convex and dent type, its convex hull may contain several nonpoint dent
regions and cannot reflect the true distribution range of the point group. The extraction process
based on the Delaunay triangulation is as follows: (1) construct a Delaunay triangulation in the
point group [Fig. 4(a)]; (2) set a visual proximity distance d and perform a stripping operation on
the triangle based on d, to traverse three sides of a triangle. If a side length is larger than d, then
its connection is cut; (3) repeat process (2) until all the sides of all the triangles are less than d;
(4) extract the side equal to 1, which is associated with the number of triangles, as the boundary
of the point group distribution range. In Fig. 5, we find that by carrying out the stripping oper-
ation, triangles with larger side lengths are deleted, and the results after the stripping is closer to
the distribution range of the point group and in accordance with the basic principles of human
spatial cognition.

The threshold distance d of the stripping operation can be preset on the basis of experience.
The larger the d value, the fewer the number of sequential strippings and the closer the obtained
range of polygons is to a convex hull. The smaller the d value, the greater the number of sequen-
tial strippings and the deeper the obtained range of polygons is curved into the dent. Thus,
a reasonable set of d values can obtain spatial clustering results of a group of points.

The triangulation network acquired by Delaunay triangulation segmentation can automati-
cally adapt to changes in the density of points in different regions. In regions with dense points,
the obtained triangle will be relatively small, and the side length is relatively short. The obtained
triangle in regions with relatively sparse points is large, and correspondingly, the side length is
relatively long. In regions with the same point density, both the size of the triangle and the side
length are nearly identical. The side lengths of the connected triangles in different density
regions vary greatly. AUTOCLUST belongs to the family of graph-based algorithms® that
first construct a graph. It goes through short-long clustering to deliver P with cluster identifiers;
the method utilizes both global and local variations.

The standard deviation and its square, the variance, are the most valuable and popular mea-
sures for describing dispersion. Thus, we may say that AUTOCLUST detects points whose inci-
dent edges exhibit lengths that have unusually large dispersion. In order to define this concept
precisely, we introduce the following notation. Let DD(P) denote the Delaunay diagram of P.
The graph DD(P) is a planar map that contains vertices and edges. Edges of DD(P) will be
called Delaunay edges. For a point p; € P (a vertex of DD(P)), the neighborhood N(p;) is
the set of Delaunay edges incident to point p;. In the AUTOCLUST algorithm, we mainly
use statistical variables Mean_St_Dev(P), Local Mean(p;), and Local_St_Dev(p;) to establish
long side and short side sets. The statistical equations are defined as follows:>*’
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Fig. 5 Stripping outside the triangle in a Delaunay triangulation.
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d(p;)
Local Mean(p;) = ) lel/IIN(p)| = D leil/d(py). @)
eeN(p;) j=1
d(p:)
Local_St_Dev(p;) = Z [Local Mean(p;) — le;|]*/d(p;). ®)
=1
Mean_St_Dev(P) = ZLocal_St_Dev( pi)/n, (6)
i=1
Relative_St_Dev(p;) = Local_St_Dev(p;)/Mean_St_Dev(P), 7

where Local Mean(p;) is the average value of sides connected to point p;. d(p;) is the number
of sides connected to point p;. Local_St_Dev(p;) is the standard deviation of sides connected
to point p;. The average of the Local St Dev(p;) values as we let p; be each point in P is
denoted by Mean_St_Dev(P). Relative_St_-Dev(p;) denotes the ratio of Local_St_-Dev(p;)
and Mean_St_Dev(P).

In the AUTOCLUST algorithm, using local and global statistics, short-long clustering
classifies each edge adjacent to each p; into one of three groups: short edge [denoted by
Short_Edges(p;)], long edge [denoted by Long Edges(p;)], and other edge [denoted by
Other_Edges(p;)]. e; belongs to Short_Edges(p;) if and only if the length of e; is less than
Local Mean(p;) — Mean_St_Dev(P). Thus, a short edge could be expressed by the following
equation:

Short Edges(p;) = {e;||e;| < Local Mean(p;) — Mean_St Dev(P)}, (8)

where an edge e; € N(p;).
An edge e; € N(p;) belongs to Long Edges(p;) if and only if the length of e; is less than
Local_Mean(p;) + Mean_St_Dev(P). It is expressed by the following equation:

Long_Edges(p;) = {e;||e;| > Local Mean(p;) + Mean_St_Dev(P)}. 9)

Other_Edges(p;) consists of the subset of N(p;) whose edges are greater than or equal
to Local Mean(p;) — Mean_St Dev(P) and less than or equal to Local Mean(p;)+
Mean_St_Dev(P). It is expressed by the following equation:

Other_Edges(p;) = N(p;) — [Short_Edges(p;) U Long_Edges(p;)]. (10)

Delaunay edges in Long_Edges(p;) are exceptionally long edges in the k-neighborhood of
pi» while Delaunay edges in Short_Edges(p;) are exceptionally short edges. Short-long cluster-
ing removes exceptionally long Delaunay edges in the 1-neighborhood to extract approximate
cluster boundaries. It then eliminates some short Delaunay edges in the 1-neighborhood to
overcome the chain effect.’® Short-long clustering extends the local neighborhood to the 2-neigh-
borhood to remove inconsistently long edges, as a third step in the process. Further details are
included in the original paper.’> Three main phases describe the AUTOCLUST algorithm;
the steps of the algorithm are shown in Fig. 6.

Step 1: Construct Delaunay triangulation network, compute statistical magnitudes of
Local Mean(p;), Local_St_Dev(p;), and Mean_St_Dev(P), and delete all the sides in both
the short side set and the long side set, hence forming the rough boundary of each cluster.

Step 2: After short-long clustering, compute connected components and label each point p;
with its connected component CC|p;]; then recuperate all intracluster edges by reconnecting
every edge e;; = (p;, p;) satisfying CC[p;] = CC[p,] (where CC[p] is the connected component
of p, which means that if edges e;; = (p;, p;) and e; = (p;, py) are in Other_Edges(p;), then
CClp;] = CC[p,]). Figure 6(b) illustrates the result after short-long clustering, while Fig. 6(c)
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Fig. 6 (a) A set P of points with DD(P). (b) Short-long clustering results (two clusters).
(c) Recuperating intracluster edges in DD(P).

depicts the result of recuperation. The recuperated subgraph approximates the shapes of the
clusters.

Step 3: Expand the scope of neighboring points and expand to all the points of the path length
to p; not larger than 2. Then use Local_Mean,, DD(P) to carry out further adjustments, and look
for connection sides between different regions. After the first two phases, the current subgraph of
DD(P) is the result of local analysis with regard to global effects. However, to complete the
analysis, the immediate neighborhood is extended slightly. Thus, we extend the notion of
the neighborhood of a vertex p; in a graph G as follows. The k-neighborhood Ny s(p;) of
a vertex p; in graph G is the set of edges of G that belong to a path of k or fewer edges starting
at p;. We denote the mean length of edges in N, (p;) by Local Mean, ;(p;). That is,
Local Mean; (pi) = 3 _.cen, o (p,) |€|/INk.c(pi)||. For each point p;, this phase simply removes
all edges in N,s(p;) that are long edges. That is, all e € N,g(p;) such that
le| > Local_Mean, ;(p;) + Mean_St_Dev(P).

The AUTOCLUST algorithm only uses the variation characteristics of the sides of the
triangulation network, but ignores the areas of the triangles in the triangulation network.
The adjacent triangulation network connected by edges belonging to Other_Edges(p;)
does not easily cluster, but the triangulations within the range are small triangles with
a highly concentrated point group. To analyze this feature, we further introduce the
Voronoi polygon to determine the point density features, because the density features of
point group can be understood as the number of points contained within a unit area.
From the point of view of spatial competition, the greater the point density, the more the
points contained within the unit area. The greater the number of points, the smaller the spatial
scope influenced by each point, namely, the smaller the associated Voronoi polygon area.
The Voronoi polygon is the dual of the Delaunay triangulation, so we calculate point dis-
tribution density on the basis of the Voronoi polygon area. This comprises the following two
steps: (1) construct Delaunay triangulation on the point groups and (2) construct its dual
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Voronoi diagram on the basis of Delaunay triangulation and calculate area A of each Voronoi
polygon. At this point, the density of each point can be described as 1/A. The smaller 1/A,
the smaller the density, and vice versa. Generally, when we perform an AUTOCLUST clus-
ter, we find that there are phenomena of insufficient clustering in many regions; therefore, we
constrain with a Voronoi polygon, by performing comprehensive constraint with upper and
lower threshold values. In other words, we consider that when the Voronoi polygon is greater
than the upper limit of the threshold value, the center point corresponding to the polygon is
definitely cultivated land, and when the Voronoi polygon is lower than the limit of the thresh-
old value, the center point corresponding to the polygon must belong to the fragmented area.
Consequently, we try to set loose upper and lower limits of threshold values. We use the
following formulae to filter point areas of high and low point density.

Area < d; X Voronoi_mean, (11)

Area > d, X Voronoi_mean, (12)

where Voronoi_mean is the average value of the generated Voronoi polygon areas, d; and d,
are the coefficients, and d; is smaller than d,. Obviously, the coefficient here determines the
degree of clustering of points.

In the AUTOCLUST (graph-based) clustering process, we find some large triangulation net-
works, and those triangulation networks whose area is smaller than their surrounding triangu-
lation networks are identified as clustering, too. The numbers of this kind of triangulation
network are usually small, and the mean triangle area is much larger than that of triangulation
networks in the fragmented region, which require manual identification. Therefore, we introduce
the concept of clustering triangulation mean area to remove incorrect clustering from the
AUTOCLUST (graph-based clustering) process.

Local Meanage, (C;) = Y Ti/n, (13)
i=1
Mean,, (C) = » Local Meany, (C;)/m. (14)
j=1

Mean Dev, (C;) =

[Local Mean, _ (C;) —Mean, _(C)]*/m, (15)
=

J

where Local Mean, (C;) is triangle mean of j clustering, Mean, (C) is the average of
m clustering mean, Mean_DevAm(C j) is the variance of all the clustering means, j is the
number of the cluster, and i is the serial number of the triangle in j cluster. If
Local Mean, (C;) > Mean, _(C)+ Mean Dev, (C;), then the cluster is excluded.

By observing a large number of experimental images, we find that our proposed method is
able to cluster the concentrated residential areas and exclude them. However, several sporadic
woodlands are present in the plains. Consequently, the extraction and segmentation objects are
usually large due to the small difference in the texture of woodland to cultivated land, and it is
difficult to exclude this in the method we propose. Therefore, we recommend a variance con-
straint method for trimming the cultivated land information extraction results. The rough texture
of woodland has a large variance, while the relatively smoother cultivated land has a smaller
variance. Here we use two times of sum of the maximum mean deviation and the standard
deviation of the maximum deviation as the threshold for identification. Computation is as
follows:

Max.diff > 2 x mean_Max.diff + Standard Deviation_Max.diff, (16)

where mean_Max.diff is the average value of the Max.diff feature for all of the objects.
Standard Deviation_Max.diff is the standard deviation of the Max.diff feature.
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Table 1 Example of confusion matrix.%®

Actual class
1 2 3 4 >
Predicted class 1 Nyy Ny N3 Nyy Ny
2 N2q N2 Nag3 Ny Mo
3 Ngy Ngp N33 N32 ns,
4 Naq Ng2 M43 Naq N4y
> N4 N2 N3 Niq n

3.5 Accuracy Assessment

In order to evaluate the performance of both methods, classification accuracies (overall, user’s,
and producer’s) and the kappa index™ were calculated for three experiments. The measures of
classification accuracy are derived from the confusion matrix (Table 1). In the confusion matrix,
the main diagonal element of the matrix is showed as n;;, which is the number of class i extracted
correctly. The off-diagonal elements contain those cases where there is a disagreement in the
labels, such as n;; is the number of which class i is incorrectly extracted as class j (i # j). In the
example shown in Table 1, g is the number of classes (¢ = 4). According to the confusion
matrix, overall accuracy (OA) can be calculated by Eq. (16); user’s accuracy (UA) can be cal-
culated by Eq. (18); producer’s accuracy (PA) can be calculated by Eq. (19); kappa index can be
calculated by Eq. (20).%

q
OA = b= "8 o 100¢p, (17)
n

where n depicts all of the elements for the classification, g is the number of the classes, and rny;, is
the number of class k extracted correctly.

UA(k) = %x 100%, (18)
+

where UA (k) is the user’s accuracy of class k; ny, =Y ¢ n» k=1, 2, 3, 4.

PA(k) = Z—ki x 100%, (19)
+

where PA(k) is the producer’s accuracy of class k; ny, =Y ¢ ny, k=1,2,3, 4.

q q
n E :k:l N — E :k:I Ny N g
2 q
nt=> :kzl P Mk

Kappa = , (20)

where n depicts all of the elements for the classification.

4 Experimental Studies

The experiments were carried out over a cultivated land area interspersed with infrastructure,
such as ditches and roads. The analysis results can demonstrate the applicability of our method to
the extraction of cultivated land information from UAV imagery. The UAV images were acquired
in August 2011 at a flying height of 750 m above the ground over a plain landscape at the
Deyang Experimental Range in Sichuan, China (with 0.2-m resolution). First, we segment
the images with multiscale segmentation method and a suitable segmentation scale. We then
carry out the triangulation cluster for cultivated land information extraction (TCLE) method

Journal of Applied Remote Sensing 083673-13 Vol. 8, 2014



Ma et al.: Cultivated land information extraction from high-resolution unmanned aerial vehicle imagery data

Fig. 7 Three UAV images for experiments 1, 2, and 3, respectively. (a) An image used in experi-
ment 1, with a size of 3350 x 4400 pixels (only a few houses are contained in the noncultivated
land). (b) An image used in experiment 2, with a size of 2400 x 1500 pixels (noncultivated land is
more broken, covering houses, cement floor, and woodland). (¢) An image used in experiment 3,
with a size of 5000 x 5000 pixels (noncultivated land area distribution is more complex, comprising
more land use types).

and eCognition for cultivated land information extraction (ECLE) on the segmentation results to
extract cultivated land information. Last, we compare the extracted results acquired by these two
methods. Further image classification experiments over three different areas are employed to
verify the validity of the proposed TCLE approach (Fig. 7).

4.1 Experiment 1

4.1.1 Multisegmentation

This experiment covers a complicated zone with a spatial resolution of 0.2 m and size of
3350 x 4400 pixels, as shown in Fig. 7(a). In order to attest the reliability of the segmentation
scale, we chose cultivated land information extraction; we utilize eCognition 8 to carry out multi-
scale segmentation (Fig. 8) by color/shape and compactness/smoothness parameters. Color/
shape and compactness/smoothness were set to 0.6/0.4 and 0.5/0.5, respectively (Table 2).
The image was segmented at three segmentation scales: 50, 100, and 180, respectively. The
segmentation statistics are shown in Table 2. We easily find that with an increase of segmentation
scale, the area of segmented objects also increases. Compared to segmentation scale parameters
of 50 and 80, when the segmentation scale parameter is 180, the cultivated land plots with the
same pixel feature in the 0.2-m-resolution UAV imagery data are found to be better clustered

(b)

Fig. 8 Image multisegmentations of UAV image mosaics (shape and compactness parameters:
shape 0.6, compactness 0.5), showing (a) segmentation at scale parameter 50, (b) segmentation
at scale parameter 100, and (c) segmentation at scale parameter 180.

Journal of Applied Remote Sensing 083673-14 Vol. 8, 2014



Ma et al.: Cultivated land information extraction from high-resolution unmanned aerial vehicle imagery data

Table 2 Parameter values used in multiresolution segmentation algorithm.

Image segmentation parameters

Scale Color/shape  Smoothness/compactness  Numbers of objects  Median area of objects (sq.m)

50 0.6/0.4 0.5/0.5 6749 78.5
100 0.6/0.4 0.5/0.5 1740 304.5
180 0.6/0.4 0.5/0.5 761 695.3

[Fig. 8(c)]. So the segmented objects can represent a true geographic object at a proper scale
(e.g., cultivated land), which means a better one-to-one relationship between segmented objects
and visually interpreted objects.

4.1.2 Triangulation cluster for cultivated land information extraction

Figure 9(a) is the constructed triangulation network, and the yellow points are center points of
segmentation objects. We find that areas A, B, C, and D are obviously residential areas, that the
triangulation network density here is greater than that of the surrounding cultivated land area,
and that the side length of the triangulation network is much smaller than that of the triangu-
lation network corresponding to the surrounding cultivated land area. The stripping operation
is then performed on the triangulation network using AUTOCLUST clustering to automati-
cally obtain high-density triangulation network area, in which the red dots are clustering
points. The extraction effect is shown in Fig. 9(b). The red dots are the center points of
the noncultivated land plots, which are identified by clustering, in this; regions B, C, D,
and E can be better identified as a whole. For region A, there are some differences from
our expected clustering results, mainly because of the uniform structure of the building in
the central part of region A and the larger adjacent blocks of woodland, resulting in scattered
segmentation objects in this region, with a corresponding triangulation network that is less
dense, and an insufficient clustering phenomenon. However, this does not prevent us from
giving priority to AUTOCLUST as clustering method to identify the fragmented rural residen-
tial areas because the total number of AUTOCLUST clustering points is 170 [Fig. 9(b)],
compared to the correct number of clustering network points, which is 150. By visual
discrimination, we know that 44 center points of the cultivated land are mistakenly identified
as clustering points, resulting in excessive clustering with an error rate of 29.3%. On the other
hand, in Fig. 9(b), 27 triangulation network points that are not clustered are identified as
clutivated land, which mainly lie in rectangular and triangular areas, leading to insufficient
clustering phenomena with a clustering error rate of 18.0%. Due to the excessive clustering
and insufficient clustering phenomena, we introduce the Voronoi polygon area constraint
method. For those insufficient clustering areas, we set the lower limit for the threshold
value [Fig. 9(c)]. In addition, influenced by blocks of woodland, there is no obvious density
change in the triangulation network between the residential area and the cultivated land border,
which leads to incorrect clustering of that part of the cultivated land near to residential areas
and to an excessive clustering phenomenon. We eliminate the error by setting the Voronoi
polygon upper limit to the threshold value [Fig. 9(d)].

After segmentation, we carry out clustering analysis by the triangulation construction
method. The experiment demonstrates that residential areas and road information in contiguous
cultivated land can be better excluded by these methods. However, the ditches and isolated
woodlands in the imagery are not identified or excluded [Fig. 11(a), elliptical area]. Here,
we adopt the gray-value variance constraints approach to exclude ditches and woodlands.
The mean and variance of each segmentation object are calculated by using a gray value.
Due to the smooth surface of cultivated land, its variance is small. The result is shown in
Fig. 11(a).
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(© (d)

Fig. 9 Construction and feature detection of triangulation network. (a) The constructed triangu-
lation network with the extracted center points (yellow dots are the center points of each seg-
mentation surface). (b) After the stripping operation, we use AUTOCLUST clustering to construct
a triangulation network, in which the red dots are clustered points. (c) Marker results of a Voronoi
diagram with polygon area <472 (0.5 x Voronoi_mean). (d) Marker results of Voronoi diagram with
polygon area >850 (0.9 x Voronoi_mean).

4.1.3 eCognition for cultivated land information extraction

For images analysis, we adopted the eCognition 8 object-oriented classification method to
extract cultivated land information® and compared it with the method proposed. In the actual
classification, the object-oriented method only requires two to three times the number of training
samples in the image band and can achieve high and stable classification accuracy.®' To separate
cultivated land and noncultivated land, here we chose 14 cultivated land samples (e.g., dry land,
paddy field, etc.) and 15 noncultivated land samples (e.g., roads, residential area, woodland,
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Fig. 10 The selected sample types: (upper) some cultivated land samples and (lower) some non-
cultivated land samples.

concrete ground, etc.) (Fig. 10). Using the samples, we extracted segment-based information for
14 features as a base for the feature selection process based on the research by Laliberte and
Rango,’* including spectral, spatial, and contextual features. It is not always easy to predict
which features or feature combinations will work best.>* These samples served as inputs for
feature space optimization function of nearest-neighbor classification in eCognition 8 to deter-
mine the optimal combination of optimal spectral, spatial, and contextual features. After analy-
sis, the maximum classification distance was achieved with eight-dimensional feature space (best
separation distance 6.42). For the classification, a nearest-neighbor classification algorithm was
used with the following features by feature space optimization: area, max.diff, HIS transforma-
tion hue, standard deviation of the green, the means of the red, standard deviation of the red,
the mean difference to neighbors of the red, and standard deviation of the blue.

4.1.4 Comparing TCLE with ECLE

Here, an assessment of accuracy was conducted for the study area visual interpretation method
by determining overall, producers’, and users’ accuracies, and kappa index.>*? Due to the ultra-
high resolution of UAV images, we use the visual interpretation method to verify accuracy. We
overlay the extracted objects and reference objects and then calculate the area ratio of each
extracted object to its corresponding reference object. If the ratio of an extracted object to
a reference object is >60%, it is taken as a correctly extracted object; otherwise, it is taken as
a wrongly extracted object. The number of correctly extracted cultivated land objects from the
visual interpretation method is 362. The number of extracted cultivated land objects by the TCLE
method is 343, and the number of correctly extracted cultivated land objects from the TCLE
method is 325. Overall accuracy is 92.8%, with kappa index of 0.855 (Table 3). The number
of extracted cultivated land objects with TCLE method is 319, in which the number of correctly
extracted cultivated land objects is 308. Overall accuracy is 91.5%, and kappa index is 0.828
(Table 3). Experiments show that the accuracy of the two methods is roughly equivalent.

Table 3 Accuracy analysis of experiment 1.

Proposed method eCognition 8

Cultivated land Noncultivated land Cultivated land Noncultivated land

Cultivated land 325 18 308 11
Noncultivated land 37 381 54 389
Producer’s accuracy (%) 89.8 85.1

User’s accuracy (%) 94.8 96.6

Overall accuracy (%) 92.8 91.5

Kappa index 0.855 0.828
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Fig. 11 The finally extracted cultivated land map. (a) Extraction effect map from the triangulation
for cultivated land information extraction (TCLE) method. Ditches in elliptical area and indepen-
dent woodland in the rectangular area are correctly removed by variance constraints.
(b) Extraction effect map from the eCognition for cultivated land information extraction method.
Green represents cultivated land and red noncultivated land.

However, there are sporadically misclassified cultivated land plots in the cultivated land
extracted by the ECLE method [Fig. 11(b)]. Our TCLE method can guarantee the concentrated
and contiguous properties of cultivated land as a whole and, to some extent, avoid sporadic
phenomena of misclassification. Thus, our proposed method can maintain the integrity of
extracted cultivated land by maintaining the required accuracy.

Extracting cultivated land with the ECLE method requires collecting a large number of
samples. The selection of samples and feature spaces is a heavy workload, but according
to researchers’ experiences, sample selection errors will be different. Using the nearest-neigh-
bor classification method, the distance calculation depends only on the selected training sam-
ples; therefore, changes in the training sample directly affect the calculation results. Using the
TCLE method proposed in this paper greatly improves the automatic processing of cultivated
land information extraction. For the regional features of fragmented rural residential areas
within contiguous cultivated land, we propose a specific cultivated land information extraction
method, eliminating the process of sample selection after segmentation and of training the
corresponding rules. The proposed AUTOCLUST algorithm makes full use of cultivated
land distribution features, achieving automatic clustering of fragmented residential areas
and simplifying the human-computer interaction in the process of extracting cultivated
land information.

4.2 Experiment 2

Experiment 2 was carried out over a more complicated zone with a spatial resolution of 0.2 m
and size of 2400 x 1500 pixels, as shown in Fig. 7(b). Noncultivated land is more broken up,
covering houses, cement floors, and woodland, and the cultivated land has different pheno-
logical crops [Fig. 7(b)]. Due to the single small object on the noncultivated land, a smaller
segmentation scale of 120 is set, with the same color and compactness as Experiment 1
[Fig. 12(a)]. The threshold values are set as d; = 0.5 and 0, = 0.9 (Table 6), to modify
the clustering results (Table 6). The classification result from TCLE is shown in Fig. 12(b),
and the classification result from ECLE is shown in Fig. 12(c). Compared with TCLE, ECLE
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Fig. 12 Results for experiment 2. (a) Segmentations at scale parameter 180 (shape and compact-
ness parameters: shape 0.6, compactness 0.5). (b) Extraction effect map from the TCLE method.
(c) Extraction effect map from eCognition. Green represents cultivated land and red noncultivated
land.

is unable to detect more noncultivated land. The overall accuracies are 90.3 and 87.6%,
respectively (Table 4).

4.3 Experiment 3

The rural-urban fringe zones were surveyed with a spatial resolution of 0.2 m and size of
5000 x 5000 pixels, as shown in Fig. 7(c), containing a variety of land use types. This area
was selected for Experiment 3 to verify the proposed method further. Compared with
Experiments 1 and 2, the noncultivated land area distribution is more complex in
Experiment 3. The segmentation parameters are set as scale 120, with the same color and com-
pactness as Experiment 1 [Fig. 13(a)]. The threshold values are set as d; = 0.5 and 9, = 0.9

Table 4 Accuracy analysis of experiment 2.

Proposed method eCognition 8

Cultivated land Noncultivated land Cultivated land Noncultivated land

Cultivated land 144 17 143 20
Noncultivated land 42 403 55 388
Producer’s accuracy (%) 77.4 72.2

User’s accuracy (%) 89.4 87.7

Overall accuracy (%) 90.3 87.6

Kappa index 0.762 0.705
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Fig. 13 Results for experiment 3. (a) Segmentations at scale parameter 180 (shape and compact-
ness parameters: shape 0.6, compactness 0.5). (b) Extraction effect map from the TCLE method.
(c) Extraction effect map from eCognition. Green represents cultivated land and red noncultivated
land.

(Table 6), to modify the clustering results. Figure 13(b) shows the classification result from
TCLE, and Fig 13(c) shows the classification result from ECLE. The overall accuracies are
lower: 86.9 and 85.8%, respectively (Table 5).

This experiment also yields the following results. (1) The accuracy of the proposed method is
basically the same as that found in Experiments 1 and 2. This further validates the effectiveness
and reliability of the proposed method, due to the later experiment’s complexity. (2) The overall
detection accuracy of both methods in Experiments 2 and 3 is lower than that in Experiment 1,
which is mainly a result of the more complicated surface in Experiments 2 and 3. The increase in
surface complexity leads to an increase in the proportion of noncultivated land types that contain
multiple objects in the scene. Due to the fragmented edge between noncultivated lands and
cultivated lands, more small cultivated land objects are not extracted in Experiment 3.
(3) Approximately 50 objects belonging to clustered small crop fields are wrongly removed.
It leads to the number of correctly extracted land objects being relatively smaller. It also
shows that the method without training samples faces more technical difficulties.

In this study, different thresholds are used to gain a general result in the three experiments;
they are listed in Table 6. Due to the high homogeneity of objects, a better result is gained at scale
120 for Experiment 2 with d; = 0.5 and d, = 0.9. According to these experiments, we find that
a scale of 100 to 200 would be most efficient for our method, but with some dependence on the
segmentation results. All three experiments set parameters as d; = 0.5 and 0, = 0.9 (Table 6).
Thus, from these experiments, in order to avoid excessive clustering and insufficient clustering,
we recommend d; = 0.5 and 0, = 0.9 as general values so as to complement the AUTOCLUST
algorithm.

Table 5 Accuracy analysis of experiment 3.

Proposed method eCognition 8

Cultivated land Noncultivated land Cultivated land Noncultivated land

Cultivated land 572 133 670 125
Noncultivated land 117 1082 145 964
Producer’s accuracy (%) 83.0 82.2

User’s accuracy (%) 81.1 84.3

Overall accuracy (%) 86.9 85.8

Kappa index 0.717 0.709
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Table 6 Parameters for the three experiments.

Parameters Scale Color Compactness 04 0o
Experiment 1 180 0.6 0.5 0.5 0.9
Experiment 2 120 0.6 0.5 0.5 0.9
Experiment 3 180 0.6 0.5 0.5 0.9

5 Conclusion

The results of this study indicate that UAV-based systems for land inventory and monitoring
show great promise. There is increasing interest in the use of very-large-scale aerial imagery
for cultivated land assessment and monitoring,*'® and UAVs are flexible image acquisition
tools for such a purpose. However, limited by the carrying capacity of UAV, only consumer-
oriented lightweight cameras can be installed on board. As a result, spectral information of
the acquired image is not sufficient, and a large number of research questions cannot be directly
and effectively investigated using this new type of data source, such as vegetation indices like
NDVI, which have great significance for vegetation extraction.

Overcoming this difficulty, this paper proposes a UAV image-cultivated land information
extraction method on the basis of triangulation space feature detection (TCLE). The method
automatically extracts the center point of a segmentation object, automatically constructs a
Delaunay triangulation and Voronoi diagram with a divide-and-conquer algorithm, and clusters
the fragmented surface features, such as residential areas, with an AUTOCLUST algorithm. Last,
the clustering results are further amended with a Voronoi diagram constraint, clustering mean
area constraint, and Max.diff.

Compared with the classification software eCognition, which is a currently popular method
for extracting cultivated land information from high-resolution imagery (ECLE), our method
(TCLE) not only saves the trouble of selecting samples, but also automatically extracts cultivated
land information from UAV high-resolution image data only on the basis of the distribution
characteristics of cultivated land. Comparative experiments show that our method can not
only guarantee equivalent accuracy to the ECLE method, but also ensure the integrity of culti-
vated land information extraction.

However, this method mainly considers the fragmentation and relatively compact features of
residential areas, as well as contiguous characteristics of cultivated land. It is difficult to remove
those plots that are similar to cultivated land after segmentation in the contiguous plots and
scattered areas, such as uncultivated grasslands and large tracts of woodland in hilly areas.
In addition, it is also easier to remove the clustered small crop fields of similar size to houses
[Fig. 13(b)]. Moreover, technology for the extraction of cultivated land information from high-
resolution imagery in mountainous regions is worthy of further detailed research. We believe that
it is more important to develop an ultrahigh-resolution cultivated land information extraction
method or algorithm to exploit the feature advantages of high-resolution remote sensing images.
In particular, research into a cultivated land information extraction method for ultrahigh-reso-
lution panchromatic remote sensing images (those images acquired by UAVs, and VHR satellite
images, such as those from Quickbird) should put emphasis on the study of algorithms and on
the study of the spatial distributions of cultivated land. Further work will extract cultivated land
plots and perform research into algorithms that have a strong ability to adapt to different regions,
by using the shape and texture information provided by high-resolution image data in combi-
nation with a variety of other data sources.
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