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In many agricultural robotic applications, the robotic vehicle must detect obstacles in its way in order to
navigate correctly. This is also true for robotic spray vehicles that autonomously explore greenhouses. In
this study, we present an approach to obstacle detection in a greenhouse environment using the Kinect
3D sensor, which provides synchronized color and depth information. First, the depth data are processed
by applying slope computation. This creates an obstacle map which labels the pixels that exceed a
predefined slope as suspected obstacles, and others as surface. Then, the system uses both color and tex-
ture features to classify the suspected obstacle pixels. The obstacle detection decision is made using
information on the pixel slope, its intensity and surrounding neighbor pixels. The obstacle detection of
the proposed sensor and algorithm is demonstrated on data recorded by the Kinect in a greenhouse.
We show that the system produces satisfactory results (all obstacles were detected with only few false
positive detections) and is fast enough to run on a limited computer.

� 2015 Elsevier B.V. All rights reserved.
1. Introduction

In a greenhouse environment, to reduce human involvement in
toxic or labor-intensive activities such as spraying and fruit collec-
tion, a high degree of system autonomy is required. The paths
between pepper plants often contain objects, some of which can
impede the passage of a robotic vehicle. The robotic spray vehicle
needs to be able to navigate along greenhouse paths and thus must
be equipped to distinguish between obstacles and non-obstacles.
The ability to detect obstacles plays an important role in robot
autonomy. Currently, the most common systems in use for this
task are based on data from stereo images (Kumano et al., 2000;
Zhao and Yuta, 1993; Reina and Milella, 2012; Rankin et al.,
2005; Konolige et al., 2008), or a combination of visual imagery
and 3D scanning (Quigley et al., 2009). These systems require the
use of multiple sensors in order to perceive multiple aspects of
their environment (Krotkov et al., 2007; Luo and Kay, 1990;
Stentz et al., 2003; Dahlkamp et al., 2006). Passive sensors, such
as color and infrared cameras, are used for sensing the appearance
of the environment whereas active sensors, such as lasers are used
for geometric sensing. The implementation of multiple sensors in a
single system requires a large platform for sensor installation and
often results in a complicated and expensive product.
Nowadays, cameras that capture RGB images with depth infor-
mation are available. The Microsoft Kinect (Kinect, 2010) is a low
cost peripheral, designed for use as a controller for the Xbox 360
game system. In addition to its color (RGB) image, the depth image
is obtained using an infrared (IR) emitter which projects a prede-
fined irregular pattern of IR dots of varying intensities (Shpunt
et al., 2007), and an infrared camera which acquires it. The appear-
ance of the light pattern in a certain camera image region varies
with the camera-object distance. This effect is utilized to generate
a distance image of the acquired scene. This new technology was
recently used in object detection systems (Khan et al., 2012;
Lopez et al., 2012).

The Kinect 3D sensor, which provides both synchronized color
and depth information was originally designed for the gaming
industry in a living room environment. The goal of this study
was to develop a reliable and cheap system based on the Kinect’s
color and depth information, which detects obstacles in the green-
house environment, without any a priori knowledge of the green-
house layout. Several objectives were formulated. First, recording
Kinect’s color and depth sensor operations in a greenhouse,
in situations involving outdoor scenarios and a moving camera.
Note that the Kinect was originally built for gaming and in most
of the applications the sensor is stationary. Second, developing
an obstacle detection system based on a range of information such
as depth, color and texture to insure the robustness of the obstacle
detection system.

http://crossmark.crossref.org/dialog/?doi=10.1016/j.compag.2015.02.001&domain=pdf
http://dx.doi.org/10.1016/j.compag.2015.02.001
http://dx.doi.org/10.1016/j.compag.2015.02.001
http://www.sciencedirect.com/science/journal/01681699
http://www.elsevier.com/locate/compag


S. Nissimov et al. / Computers and Electronics in Agriculture 113 (2015) 104–115 105
2. Related work

2.1. Obstacle detection sensors and technology

Several technologies including stereovision, ladar and micro-
wave radar have been investigated for obstacle detection in agri-
cultural autonomous robotics (Rouveure et al., 2012). An
examination of the sensors in use in the obstacle detection field
shows that each of them has its own unique advantages and disad-
vantages (Discant et al., 2007). Stereovision allows three-dimen-
sional scene reconstruction using two or more cameras placed at
different fixed locations in space. By matching corresponding
points between images captured by the cameras and assuming
the stereo calibration parameters to be known, it is possible to
reconstruct the three-dimensional scene (Rovira-Mas et al.,
2008). A growing amount of research on obstacle detection has
been concentrated in this direction. One of the reasons for this
increased interest is that images, which are captured by visible
spectrum cameras, are very rich in contents and easy to interpret.
Reina and Milella (2012) suggested to combine range and color
information from a stereovision device in a self-learning frame-
work for ground/non-ground detection. An important advantage
of these cameras is that they do not emit any signals, and conse-
quently do not cause interference problems with the environment.
Nevertheless there are considerable drawbacks to stereovision use.
The most crucial is the need for good light. Without good light to
illuminate the field of view, obstacles can be badly obscured or
lost. Another problem is that stereo algorithms are highly compli-
cated, and the computation costs are extreme, making it too slow
for real-time systems (Langer et al., 2000). Another major problem
with vision system is how to determine what constitutes the back-
ground and what constitutes an obstacle. The background is often
the same color as the obstacle. In (Harper and Mckerrow, 1999) the
obstacles were the plants, and in this case the cameras were use-
less. In stereovision systems this problem could be mitigated by
fusing appearance information with range information. Another
major problem with stereo vision is dust, rain, and snow. Foessel
et al. (1999) described the problems that cameras have in blowing
snow. Corke et al. (1999) described the problems associated with
cameras and dust typical of mining environments. These dust con-
ditions appear to the sensor as obstacles even though they are not.
However, in a greenhouse, where lighting and coloring can be con-
trolled, stereo vision can be effectively used as an obstacle detec-
tion sensor.

Sonar is the a widely used sensor for obstacle detection because
it is cheap and simple to operate. Ultrasonic sensors generate ultra-
sonic waves which are reflected back to the receiver. Based on their
analysis, objects can be detected together with their distance and
speed. Borenstein and Koren (1998) used a sonar ring around his
robot for obstacle detection, which allowed him to develop an
obstacle avoidance algorithm. Harper and Mckerrow (1999) stated
that ‘‘sonar works by blanketing a target with ultrasonic energy,
where the resultant echo contains information about the geometric
structure of the surface, in particular the relative depth informa-
tion’’. Unfortunately, a key drawback of sonar is the fact that there
is one sensor for one distance reading; that is, in order to obtain an
adequate picture of the environment around the vehicle, many
sensors must be used together. Borenstein and Koren (1989) lists
three reasons why ultrasonic sensors are poor sensors when accu-
racy is required. These reasons are: (i) Poor directionality that lim-
its accuracy in determining the spatial position of an obstacle to
10–50 cm, depending on the distance to the obstacle and the angle
between the obstacles’ surface and the acoustic beam. (ii) Frequent
misreading that are caused by either ultrasonic noise from external
sources or stray reflections from neighboring sensors (crosstalk).
Miss readings cannot always be filtered out and they cause the
algorithm to see nonexistent obstacles. (iii) Specular reflections
that occur when the angles between the wave front and the normal
to a smooth surface is too large. In this case the surface reflects the
incoming ultra sound waves away from the sensor, and the obsta-
cle is either not detected at all, or (since only part of the surface is
detected) is seen much smaller than it is in reality. However,
despite all the limitations of ultrasonic sensors, the technique
can still be put to good use as a safety net sensor.

LIght Detection And Ranging (LIDAR) and LAser Detection And
Ranging (LADAR) (sometimes called ‘‘laser radar’’) are popular sen-
sors for autonomous vehicles. They basically have the same mean-
ing, and were coined to describe the same concept of using pulses
of laser light instead of radio waves, as radar, to measure distance.
By measuring the distance at which a rotating laser beam is reflect-
ed, information about the environment is collected without any
dependency on lighting conditions. Such devices are available in
a broad price range, where the price of a single sensor could easily
exceed the price of an entire autonomous vehicle. The earliest and
simplest Lidars were scanning lasers, which used laser pulses to
measure the distance to an object. The scanning laser does have
its drawbacks. The most important one is that the scans are planar,
which means that if an obstacle is above or below the scanning
plane then nothing is detected. More advanced Lidars scan the
beam across a target area to measure the distance to points across
its field of view. These Lidars have high accuracy both in the lateral
and the longitudinal directions so a precise three-dimensional pro-
file is produced. In this case the drawback is the price of the unit.
The laser sensor is also affected by dust, rain, and blowing snow,
which lead to false readings (Foessel et al., 1999).

RADAR is an active ‘‘radio detection and ranging’’ sensor which
provides its own source of electromagnetic energy. An active radar
sensor emits radiation in a series of pulses from an antenna. When
the energy reaches the target, some of the energy is reflected back
toward the sensor and this radiation is measured and timed. The
time required for the energy to travel to the target and back to
the sensor determines the range to the target. One advantage of
radar is that images can be acquired day or night. Radar technology
can operate in different environmental conditions without any
major limitations. It has the improved characteristics of robustness
in harsh environmental conditions (because it uses a millimeter or
centimeter wavelength, the radar is not affected by dust, rain,
snow, etc.) Foessel et al. (1999) tested radar in a blowing snow
environment and although the stereo vision and scanning lasers
showed many false objects, there was almost no effect on the mil-
limeter wave range estimation. Another advantage of this radar is
its ability to achieve measurements over long range distances with
better range and angular resolution than lower frequency micro-
wave radars. The drawbacks of the sensor is its high price tag
which prevents most researchers from acquiring one.

2.2. RGB-D cameras

RGB-D cameras are sensing systems that capture RGB images
along with per-pixel depth information. RGB-D cameras rely on
either active stereo (Konolige, 2010) or time-of-flight sensing to
generate depth estimates at a large number of pixels. RGB-D cam-
eras allow the capture of reasonably accurate mid-resolution depth
and appearance information at high data rates. Since they are low
cost, compact and easy to use, sensors appear to be good candi-
dates for obstacle detection systems. However, RGB-D cameras
have some important drawbacks with respect to obstacle detec-
tion: they provide depth only up to a limited distance (typically
less than 5 m), their depth estimates are very noisy and their field
of view (60�) is far more constrained than that of the specialized
cameras and laser scanners commonly used for obstacle detection
(180�).
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In our work we decided to use the RGB-D camera developed by
PrimeSense,1 which captures 640 � 480 registered images and
depth points at 30 frames per second. This camera is equivalent to
the visual sensors in the recently marketed Microsoft Kinect
(Kinect, 2010). The Kinect sensor consists of an infrared laser emit-
ter, an infrared camera and an RGB camera. The inventors describe
the measurement of depth as a triangulation process (Freedman
et al., 2010). The laser source emits a single beam which is split into
multiple beams by a diffraction grating to create a constant pattern
of speckles projected onto the scene. This pattern is captured by the
infrared camera and is correlated to a reference pattern. The refer-
ence pattern is obtained by capturing a plane at a known distance
from the sensor, and is stored in the memory of the sensor. When
a speckle is projected on an object whose distance to the sensor is
smaller or larger than that of the reference plane, the position of
the speckle in the infrared image will be shifted. These shifts are
measured for all speckles by a simple image correlation procedure,
and then for each pixel the distance to the sensor can be retrieved
from the corresponding disparity. This technology requires the
returning beams of the emitter to be easily detectable within the
image of the IR camera hence; the beams must be significantly stron-
ger than the ambient light. To overcome this problem our experi-
ments were carried out in the afternoon hours when the daylight
intensity decreases.
2.3. Range data processing

Obstacle detection is achieved primarily by processing data
from imaging range sensors. This problem is specifically addressed
in the QUAD-AV project (Rouveure et al., 2012) which investigates
the potential of technologies including stereovision, ladar and
microwave radar for obstacle detection in agricultural autonomous
robotics. The recent development of the Kinect, a low-cost range
sensor, appears as an attractive alternative to these expensive sen-
sors and has attracted the attention of researchers from the obsta-
cle detection field (Khan et al., 2012; Lopez et al., 2012) and others
such as mapping and 3D modeling (Henry et al., 2010; Khoshelham
and Elberink, 2012).

For navigation indoors or in structured environments, obstacles
are simply defined as surface elements that are higher than the
ground plane by some amount. In (Manduchi et al., 2005) obstacles
were detected by measuring the slope and height of visible surface
patches, an operation that can be carried out directly in the range
image domain. An earlier version of this algorithm (Bellutta et al.,
2000; Matthies and Grandjean, 1994; Matthies et al., 1995, 1998)
was based on the analysis of 1-D profiles corresponding to range
values in each pixel column in the image plane. Radial slope algo-
rithms have been used in model-based approaches to obstacle
detection in high resolution range images (Daily et al., 1987) and
found to be a very useful feature for determining the traceability
of an environment (Sobottka and Bunke, 1998).
2.4. Image classification

The more traditional feature we use is color which is crucial for
perception, and it plays an important role in object detection. For
example the corresponding colors for vegetation and ground differ
considerably, so the system can be configured to learn these typical
features from color data (Palamas et al., 2006). A color classifier is
built for this purpose. Various kinds of color features can be calcu-
lated from the RGB components (Ohta et al., 1980; Ortiz and
Olivares, 2006). Color is a popular choice as a feature mainly
because it is a local property and hence computationally cheap
1 http://www.primesense.com.
and easy to learn. However a classifier based on color has several
shortcomings. First, the appearance of real world color is almost
always non-homogeneous. Second, obstacles may have similar col-
ors to the model classification features, and the most serious is that
a color property changes dramatically when the illumination con-
dition changes this is known as; the color constancy problem
(Sridharan and Stone, 2009). The relationship between the appear-
ance of color and illumination is non-linear and very difficult to
model.
3. Obstacle detection system

3.1. System overview

Obstacle detection is done separately for each video frame
based on the depth and color maps. The first step is calculating
the slope of the depth image pixels. A small slope for a surface
patch is an indication of a ground surface and therefore traversa-
ble. Pixels which can potentially be interpreted as obstacles for a
robotic vehicle have a slope above a certain threshold value. This
first step is based on depth only, taken as a raw data from the sen-
sor, in order to obtain an efficient procedure that can be operated
in real-time. We address the problem of inaccuracy of slope esti-
mation based on depth measurements (Khoshelham and
Elberink, 2012) by using a sequence of consecutive images and as
we approach an obstacle the accuracy of the depth sensor increas-
es. For alternative approaches that increase depth resolution by
color information see e.g. (Huhle et al., 2010). Next, suspected pix-
els are classified, based on color and texture features, to one of the
following four categories: (1) green bush group, (2) red pepper
group, (3) brown ground group and (4) white greenhouse cover
group. The classifier, trained on manually annotated data, is used
for a pixel level class decision that is obtained based on a distance
measure. If the pixel distance from all the class models exceeds a
threshold we obtain a color based indication of an obstacle. After
merging the slope and color classification results an image level
obstacle detection decision is made. A block diagram of the obsta-
cle detection process is presented in Fig. 1.

3.2. Slope computation

The Kinect outputs both color and depth, in 640 � 480 pixel
images. Both image color and depth images have an angular field
of view of 57� horizontally and 43� vertically. The operating range
of the sensor is between 0.5 m to 5.0 m (Khoshelham and Elberink,
2012), and the depth image pixels which are not included in this
operation range are ignored. vertical slope is an indication of obsta-
cle. Pixels not exceeding a slope threshold are labelled as surface
areas and all other pixels are marked as suspected obstacles.
Assuming a geometric model as presented in Fig. 2, Rj and Rk are
two range measurements of the sensor to two vertical neighboring
pixels, labelled ðxi; yjÞ and ðxi; ykÞ respectively, located in the same
horizontal direction. Based on the depth relationships, we can
compute the slope value for these two adjacent vertical pixels.
Define bj as the vertical angle between the depth pixel ðxi; yjÞ and
the middle y-axis pixel with the same x-coordinate (see Fig. 2).
Formally,

bj ¼ ðyj � 240:5Þ � 21:5
239:5

In this formula 240.5 is the y coordinate of the center pixel and 21.5
is the half-angle of the vertical FOV. The angle bk is similarly
defined.

Fig. 2 reveals the following relation between the depth
measurements:

http://www.primesense.com
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Fig. 1. Block diagram of obstacle detection process.

Fig. 2. Vertical slope computation geometry.
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Rk

sinð180� h� bjÞ
¼ Rk

sinðbjþ hÞ ¼
Rj

sinðbk þ hÞ ð1Þ

Hence,

Rj

Rk
¼ sinðbk þ hÞ

sinðbjþ hÞ ¼
sinðbkÞ � cosðhÞ þ sinðhÞ � cosðbkÞ
sinðbjÞ � cosðhÞ þ sinðhÞ � cosðbjÞ ð2Þ

Therefore,

cosðhÞðRj � sinðbjÞ�Rk �sinðbkÞÞþsinðhÞðRj �cosðbjÞ�Rk �cosðbkÞÞ¼0

ð3Þ

and finally the slope is:
tanðhÞ ¼ � Rj � sinðbjÞ � Rk � sinðbkÞ
Rj � cosðbjÞ � Rk � cosðbkÞ

ð4Þ
Pixels whose slope is above a threshold slope (we used 40�) are sus-
pected to be obstacles. A dilation operation using a 3 � 3 structure
element is performed on the binary slope map to close small gaps
between suspected obstacles pixels.

An example of the slope computation process is shown in Fig. 3.
The color and depth images are shown in Fig. 3(a) and (b) respec-
tively. The computed slope image is presented in Fig. 3(c). The
slope image shows that the greenhouse path has slope values of
almost 0�, whereas bushes on either side of the path have values
reaching 50� or more. This also matches the information from
the color image, where the greenhouse path seems to be complete-
ly flat. The suspected obstacle pixel map is presented in Fig. 3(d).
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Fig. 3. An example of the slope and color classification computation process: (a) color image, (b) depth image, (c) slope image, (d) suspected obstacle map (white: suspected),
(e) color class map (green: bush, red: pepper, brown: ground, grey: greenhouse-cover, white: undefined). (For interpretation of the references to color in this figure legend,
the reader is referred to the web version of this article.)

108 S. Nissimov et al. / Computers and Electronics in Agriculture 113 (2015) 104–115
3.3. Color classification

A color classification is made on the color image of the Kinect.
The classification is applied only to those pixels whose slope is
above a threshold. The Mahalanobis distance is used as a distance
measure (it was found to provide better results than the Euclidean
distance), so it was chosen to be the distance measure of our color
classifier. The Mahalanobis distance of an RGB color pixel z from a
class is:

dðz;mÞ ¼ ½ðz�mÞT C�1ðz�mÞ�
1=2

ð5Þ

where m is the class mean vector, C is the class covariance matrix
and the vector z is the current sample in the color RGB space. The
class mean and variance are computed using a manually annotated
data. A pixel is classified as belonging to the class from which the
Mahalanobis distance is minimum, if that distance was less than a
threshold; otherwise it is classified as an undefined class. Fig. 3(e)
shows an example of a color classification image where: (1) green
pixels are associated with the green bush group, (2) red pixels are
associated with the red pepper group, (3) brown pixels are associat-
ed with the brown ground group, (4) gray pixels are associated with
the white greenhouse cover group, and (5) white pixels are an
undefined category. The black pixels represent a surface area taken
from the slope map.

3.4. Texture operators

Texture discrimination methods are based on the current pixel
and its neighboring pixels (Ma and Manjunath, 1996; Ohanian and
Dubes, 1992; Reed and du Buf, 1993). Because of their high compu-
tational cost and application specific tuning, texture features have
not been adopted widely in the mobile robotics domain. However
recently there have been a number of attempts to use texture in
addition to color (Viet and Marshall, 2009), in particular, texture
operators which are considered to be computationally light such
as the Local Binary Pattern (LBP) operator. The LBP operator
(Ojala et al., 1996) is a simple yet efficient gray-scale invariant



S. Nissimov et al. / Computers and Electronics in Agriculture 113 (2015) 104–115 109
texture measure operator to describe local image patterns. It
achieved impressive classification results on a representative tex-
ture databases (Ojala et al., 2002a), and has also been adapted to
many other applications, such as face recognition (Ahonen et al.,
2006) and obstacle detection (Viet and Marshall, 2009). An impor-
tant property is its robustness to monotonic gray-scale changes
caused, for example, by illumination variations. The Completed
LBP (CLBP) operator is a generalization of the LBP operator that
incorporates additional information in the local region (Guo and
Zhang, 2010). We implemented also the CLBP but obtained results
were similar to the ones obtained by using the simpler method
LBP.

Our system uses the LBP operator for texture classification.
Given a pixel in the image, an LBP code (Ojala et al., 1996) is com-
puted by comparing it with its neighbors. As the neighborhood
consists of 8 pixels, a total of 28 ¼ 256 different labels can be
obtained depending on the relative gray values of the center and
the pixels in the neighborhood. The LBP of pixel c with intensity
gc is defined in Eq. (6).

LBPðcÞ ¼
X8

p¼1

Sðgp � gcÞ2
ðp�1Þ ð6Þ

where

SðxÞ ¼
1 if x P 0
0 if x < 0

�

and gc is the gray value of the central pixel, and g1; . . . ; g8 are the
intensity values of the 8 pixels neighboring c. The LBP pattern in cal-
culated for each pixel. For each image region (we used 20� 20) a
histogram is constructed to represent the region texture, as shown
in Eq. (7).

HðkÞ ¼ jfcjLBPðcÞ ¼ kgj; k ¼ 0; . . . ;255 ð7Þ

where c goes over all the pixels in the specified region. Similar to
the color feature we learn textures histograms for the four classes
described above based on manually annotated data. A chi-square
distance is used to evaluate the goodness of fit between two his-
tograms (Ojala et al., 2002b). In our system the chi-square distance
is measured as shown in Eq. (8):

DðT; LÞ ¼
X256

x¼1

ðTx � LxÞ2=ðTx þ LxÞ ð8Þ

where Tx and Lx are respectively the values of the sample and the
model image at the xth bin.

Due to computational cost of the texture classifier, we apply it
only on frames where at least one obstacle was already detected
using the color classifier. In such cases the texture classifier is
applied to find more obstacles that were not detected based on col-
or. The texture classification is applied to pixels that are suspected
to be obstacle based on the depth features. These obstacle candi-
date pixels in the frame are processed using a 20 � 20 window of
pixels, resulting in one classification decision. This limits the
resolution of classification compared to the color classification
which was conducted for each pixel separately. The texture classi-
fier builds histograms out of groups of several hundreds pixels.
These amount is necessary because the histogram consist of a
256 different labels. In a low resolution image this window of pix-
els may contain more than one object with different textures pat-
terns, which result in a poor classification. The window size in our
system was determined after considering a reasonable trade-off
between a good histogram and good resolution. On the one hand
it is important to use a sufficient number of pixels to obtain a rep-
resentative histogram of the sample for successful classification.
On the other hand the classification resolution decreases when
classification is based on a group of pixels that contain more than
one classification feature. The LBP histogram is computed based on
the LBP operators. Using the chi-square distance (Eq. (8)), the his-
togram is compared to the histogram models of the four classifica-
tion groups created in the training stage. A sample was classified as
belonging to the class from which the chi-square distance was
minimal and the minimum value was below threshold (we used
0.5) If the sample did not fit any of the class histograms it was clas-
sified as an undefined object.

3.5. Obstacle detection decision

An obstacle detection decision is based on the pixel slope, its
classification, and surrounding neighbors pixels. An obstacle is
assumed to be placed on the ground, have a slope above 40� and
a classification different from the green bush and red pepper cate-
gories. This classification is necessary for distinguishing between
an obstacle and a non-obstacle because the growth of bushes and
fallen peppers on greenhouse paths which do not impose restric-
tions on a vehicles’ ability to maneuver, are considered to be
non-obstacles. Based on these characteristics, a sufficient group
of connected-component pixels (we used a threshold of 30 pixels)
which are: (i) above and adjacent to the surface pixels, and (ii) clas-
sified to be other than the green bush or red pepper categories,
were defined as an obstacle, as seen in Fig. 4. All other cases were
defined as non-obstacles.
4. Experimental setup

We conducted the experiments in a greenhouse at the Volcani
center, Israel. The Kinect sensor was connected to a laptop comput-
er, and its data were recorded while following several greenhouse
paths. The Kinect sensor was mounted on a flat surface area and
the sensor’s field of view (FOV) contains the ground and pepper
bush areas. The recorded data were taken in the afternoon hours
when the sunlight is sufficient for the Kinect’s RGB camera opera-
tion and yet does not interfere with the Kinect’s depth sensor
operation. The depth sensor needs to detect the incoming infra
red beams of the emitter, so the ambient light should be sig-
nificantly weaker than the beams. Given these two issues, the
afternoon hours provided the optimal solution, in that there was
sufficient light for the RGB camera, but it was not strong enough
to interfere with the operation of the depth sensor. Our method
was examined using records taken from four greenhouse paths
roads, termed roads 1, 2, 3, 4. The training data frames were taken
from road 1. The test data that was used to evaluate our method,
contained 158 frames from roads 2, 3 and 4. The greenhouse paths
contained 9 objects which been defined as obstacles. While travel-
ing along the path obstacles appeared in consecutive frames. 87
Obstacles (one or more in each frame) appear in 30 frames out of
the 158.

4.1. Training data

The training stage, is based on manually annotated frames. We
used 12 frames from path road 1. We marked several pixel-blocks
for each color class. Every block contained a set of pixels which
represented the category. In the greenhouse, the predefined classes
are the red pepper, green bush, brown ground and white green-
house cover groups. Pixels blocks were marked for each of the
classes; for example a green bush block is presented in Fig. 5. From
a group block of pixels the class mean and covariance matrix were
calculated and stored as parameters of the color classifier. We used
several variants of color features, RGB, Delta-RGB((R � G) + (R � B),
(G � R) + (G � B), (B � G) + (B � R)), I-RGB ((R + G+B)/3, (R � B)/2,



(a) Color classification (b) Detection based on color classifier

(c) Texture classification using LBP (d) Detection using LBP

Fig. 4. An example of an obstacle detection decision. Color map is green: bush, red: pepper, brown: ground, gray: greenhouse-cover, white: undefined: (a) color classification,
(b) detection based on color classifier, (c) texture classification using LBP, (d) detection using LBP. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)

Fig. 5. A green bush block mark. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Table 1
Mean and covariance parameters of the color classes.

Case Red pepper Green bush Brown ground White cover

R value 85.4 39.2 136.4 253.5
G value 25.3 51.4 113.7 253.4
B value 40.6 39.0 109.9 253.5

Pepper R G B

R 742.7 561.5 681.3
G 561.5 725.9 756.3
B 681.3 756.3 922.2

Bush R G B

R 643.5 699.1 724.1
G 699.1 830.7 805.7
B 724.1 805.7 1008

Ground R G B

R 364.1 361.9 439.2
G 361.9 392.7 488.3
B 439.2 488.3 659.8

Cover R G B

R 1.0 1.1 0.8
G 1.1 1.5 0.9
B 0.8 0.9 0.7
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(2G � R � B)/4), I0-RGB((R + G+B)/3, (R � B), (2G � R � B)/2) and
LAB. The computed parameters of the RGB feature parameters
are presented in Table 1. The LBP texture operator histograms were
trained using the same data (Fig. 6).
5. Experimental results

We applied texture features only on frames where at least one
obstacle was already detected using the color classifier. In such
cases the texture features were utilized to find more obstacles that
were not detected based on color. A final detection decision was
made if either color or texture classifiers were positive. This guar-
anteed that the system would stay on the safe side and present all
detected obstacles and that the robotic vehicle will not bump into
an obstacle. Table 2 shows the number obstacles (out of 9) that
were detected at least in one frame for several variants of color fea-
tures. The results are shown for color and color + texture based
systems. More detailed results of the proposed method is shown
in Table 3 where we show, on a frame-level basis, the number of
detected obstacles, miss-detected obstacles and non-obstacles that
were detected as obstacles, out of the 87 obstacles that appear
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Fig. 6. LBP histograms for the four classes: (a) green bush histogram, (b) red pepper histogram, (c) brown ground histogram, (d) white cover histogram.

Table 2
Obstacle detection results of several color features.

Color feature Obstacle detection

Color Color + texture

RGB 8/9 9/9
Delta-RGB 7/9 9/9
I-RGB 8/9 9/9
I0-RGB 8/9 9/9
Lab 8/9 9/9
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along the 158 test frames. Table 4 shows similar results for the
system that is based only on color.

Fig. 7 shows an example where texture features enable detec-
tion of obstacles that were not discovered primarily when only
the color classification was used. This obstacle was not detected
initially when we used the color classifier because its green color
caused it to be classified as part of the green bush group. By adding
the texture classifier to our obstacle detection system we were able
to achieve 100% obstacle detection while keeping a low false posi-
tive detection rate as before.
Table 3
Detection performance of the proposed color + texture system. There were 87 obstacles al

Color True positive False positive

RGB 79 17
Delta-RGB 67 13
I-RGB 79 18
I0-RGB 79 17
Lab 79 17
The depth + color detection system always succeeded in detect-
ing whether a frame was free of obstacles or not. In cases where
the frame included more than one obstacle the system recognized
the existence of obstacles but did not always successfully identify
all the obstacles. Fig. 9 show an example of frame with several
obstacles. The detected obstacle are shown by marking a contour
around the detected pixels on both the depth and the color images.
This revealed in some of the cases an alignment error between
those images, which can be observed by comparing the contour
position of the depth (e.g. Fig. 9(b)) and the color image (e.g.
Fig. 9(c)). In Fig. 9 the alignment error did not influence the detec-
tion results. The obstacles were large enough so that although the
alignment error occurred it did not cause a shift to another group
of pixels. Thus, part of the same pixels group was still processed
and the two barrels were detected and marked with a blue contour.
They were classified, as seen in Fig. 9(a), as an undefined object
category (colored in white pixels) and below each object there
are black pixels which represent the surface area (taken from the
suspected obstacle map). Therefore, in terms of our detection crite-
ria, these objects have been identified as obstacles. Some of the
leaves in the same frame, which were mistakenly identified as
ong the 158 frames of the test video sequence.

False negative Recall (%) Precision (%)

8 90.8 82.3
20 77.0 83.7

8 90.8 81.4
8 90.8 82.3
8 90.8 82.3



Table 4
Detection performance of the color based system. There were 87 obstacles along the 158 frames of the test video sequence.

Color True positive False positive False negative Recall (%) Precision (%)

RGB 66 11 21 75.8 85.7
Delta-RGB 57 4 30 65.5 93.4
I-RGB 66 11 21 75.8 85.7
I0-RGB 66 11 21 75.8 85.7
Lab 66 11 21 75.8 85.7

(a) Color classification (b) Color detection

(c) LBP classification (d) color+LBP detection

Fig. 7. An example of the texture detection decisions in comparison to the color detection decision: (a) color classification, (b) color detection, (c) LBP classification (d)
color + LBP detection. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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belonging to the undefined category, were filtered and were not
identified as obstacle because they did not possess enough pixels
above and adjacent to the surface pixels.

5.1. Sources of error

Errors and imperfections of the detection system exist for sev-
eral reasons. Some of the errors originate from the Kinect depth
measurements. Those errors are mainly related to the measure-
ment setup and the properties of the object surface which is posi-
tioned in front of the sensor. For example, smooth and shiny
surfaces have prevented the IR light of the sensor from being
reflected back to the camera and have caused gaps in the depth
measurements. For example in Fig. 8 the depth measurement of
the smooth object is not determined and has received a zero depth
value. In cases where the image geometry has occluded or shad-
owed parts, in those areas the infrared camera and the laser pat-
tern do not overlap. These occluded areas and shadows appeared
as gaps, i.e. depth value zero. Also, lighting conditions influence
the measurements. In bright light, the laser speckles appear in
low contrast in the infrared image, which can lead to outliers or
gaps in the captured pattern.

In Fig. 10 there were five true positive detections and two false
positive detections. The false alarms occurred because of an align-
ment error between the depth and color images. This error caused
the leaves pixels on the depth image (e.g. Fig. 10(b)) not to be
aligned to the leaves pixels in the color image and instead to match
the surface pixels (e.g. Fig. 10(c)). These pixels were classified as an
undefined category instead of part of the green bush group (e.g.
Fig. 10(a)). Therefore, in terms of our detection criteria these leaves
were identified as obstacle.

Another possible explanation for inaccuracy in depth measure-
ments can be found in (Andersen et al., 2012), which state that
when the Kinect sensor is rotated and quickly pointed towards a
different scene, approximately 30 s are required until the depth
value of the pixel reaches its final value. another source of error
caused by the Kinect motion is synchronization inaccuracies
between the color and depth images and misalignment and blur
of the image sensor itself.

Three main reasons were found for this synchronization prob-
lem. One of the reasons is differences in the field of view between
the sensors. The RGB field of view is slightly larger than the field of
view of the depth sensor. It is seen clearly in Fig. 11 when examin-
ing the object position near the edges of the depth and color
images. Due to the distance between the IR camera and the RGB
camera in the Kinect device, the depth and RGB images are not
aligned. The alignment of the sensors is conducted for a specific
range, meaning that in this range the alignment is optimal and



(a) Color image
0

500

1000

1500

2000

2500

3000

3500

4000

4500

(b) Depth image

Fig. 8. An example of a reflective object where the sensor is not able to determine a distance to: (a) color image, (b) depth image. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)
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Fig. 9. An example of an obstacle detection decision based on color classification: (a) color classification, (b) detection on depth image, (c) detection on color image. (For
interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 10. Examples of non-obstacles that were detected as obstacles: (a) classification, (b) detection on depth image, (c) detection on color image. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 11. An example of the different field of view of the sensors: (a) color image, (b) depth image. (For interpretation of the references to color in this figure legend, the reader
is referred to the web version of this article.)
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as the range of the object is increased or decreased the alignment
accuracy decreases. Another effect that happens due to the dis-
tance between the sensors is that each sensor possesses a different
view point on each of the objects which results in picturing an
object in two different angles. This effect is stronger for closer
objects. These two effects depend on the distance between the sen-
sors and because this distance is short (2.5 cm) relative to the dis-
tances of the objects examined, those inaccuracies are tolerable. In
addition, problems in time synchronization between the color and
the depth sensors’ streams can cause the color and depth images to
be out of sync.
6. Conclusion

The experimental results determine that the approach present-
ed can efficiently distinguish between obstacles and non-obstacles.
By use of varied information such as depth, color and texture infor-
mation, this method achieves satisfactory performance and its sim-
ple computation enables a solution in real time. The application of
the Kinect sensor, providing both color and depth information,
enabled the development of an inexpensive obstacle detection sys-
tem, using only one sensor to accomplish the task. Some alignment
errors between the color and depth images of the Kinect sensor
have been observed. Those errors can be removed by using more
adequate calibration parameters. The texture classifier was used
in addition to the color classifier to enhance obstacle detection per-
formance. The texture classifier reinforces the color classifier espe-
cially in cases where the obstacles are of colors similar to one of the
classification groups. The texture classifier is capable of obstacle
detection. When examining by sight its classification in compar-
ison to the color classification, it is significant that the classification
success rate of the texture classifier is inferior to the color classifi-
er. Better texture classification can be achieved by using a higher
resolution image or in this case by defining more than one pattern
for some of the groups. For example, for the green bush group, the
leaves that are in proximity to the camera have a very different
texture in comparison to a group of leaves that are distant from
the camera. Since the Kinect sensor is a contemporary develop-
ment, released in November 2010, and designed for use as an Xbox
360 game system controller in a household environment, little
information regarding the geometric quality and calibration of its
data is available. For this purpose, it is necessary to investigate
the quality of the Kinect data in typical greenhouse conditions,
which include high temperatures and increased carbon dioxide
and humidity levels. Further techniques can be used in the future
to increase system performance. For example, an improved model-
ing of the classification features based on ‘‘Mixture of Gaussians’’
modeling can be used to improve the color classification (see e.g.
Dahlkamp et al. (2006); Reina and Milella (2012)). This technique
allows representation of the classification group for various illumi-
nation conditions. For example, the color distribution under direct
light and under diffuse light (shade) usually corresponds to differ-
ent Gaussian modes. When using consecutive frames, the robot
motion may cause image misalignment and blur. This can be
addressed by detecting and filtering-out these frames. Another
technique to improve performance may be the use of a voting
strategy among multiple frames for the detection of obstacles. This
possesses the advantage of obstacle detection that is based on a
number of frames and not on a single frame which may contain
possible errors.
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