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An image recognition algorithm has been developed as part of a vision-based guidance system for row crops.
Each combination of the vehicle guidance parameters, o!set and heading angle, was treated as a &pose' of the
interested object, the crop rows. Whilst several pose recognition algorithms have previously been developed, the
proposed algorithm is capable of determining the heading angle and the o!set of a vehicle relative to the crop
rows. A set of poses was collected and used as a training set. The training stage of the algorithm used the
principal component analysis (Hotelling transform) to produce a low-dimensional eigenspace on which each
pose was represented by its projections. Given a new image, the pose (heading angle and o!set) recognition was
done by projecting the image onto the eigenspace and determining the closest training image projection.
Another set of poses was used to test the performance of the algorithm. Using di!erent region of interest to train
and test the algorithm, it presented the least average absolute error of 4)47 cm and 1)263 for o!set and heading
angle, respectively, when using the central part of images for pose determination.
( 2000 Silsoe Research Institute

1. Introduction
For many years, researchers have investigated autonomous guidance systems for agricultural vehicles.
Research has been motivated by the potential improvements that will result by using automation technology.
Autonomous vehicles have been suggested as a technological solution to a declining agricultural workforce
(Noguchi et al., 1997) and to prevent operator mistakes
due to the steering fatigue (Slaughter et al., 1997). Even
partially autonomous guidance systems are perceived as
bene"cial for eliminating fatigue from redundant operations and for eliminating missed areas of the "eld by
controlling application of seeds, fertilizers, water, pesticides, etc. (Tillet, 1991).
Tillet (1991) classi"ed guidance systems as mechanical,
optical, radio navigation, ultrasonic or leader cables system. Although each system uses di!erent technologies to
guide the vehicle, most of the systems use the same
guidance parameters, heading angle and o!set of the
vehicle, to control the vehicle steering. O!set is the dis0021-8634/00/030257#08 $35.00/0

placement of the vehicle gravity centre departure from
the desired path. Heading angle is the angle between the
vehicle centreline and the desired path. Owing to the
technical limitations of each type of sensor, a robust
guidance system may rely on a redundant sensing system,
i.e. a multi-sensor integration approach (Noguchi et al.,
1998b).
A vision system provides information not available
from the other guidance sensors. For example, a vision
system can extract other important information such as
the crop health (Ahmad & Reid, 1996), the presence or
level of weed infestation (Steward & Tian, 1998), the
plant population and the stage of development (Noguchi
et al., 1998a). This information has value within the
context of the site-speci"c crop management. Thus, the
#exibility of the vision system makes it a valuable sensor
for agricultural process automation.
Previous research has addressed the in#uence of the
video sensor inclination (tilt angle) on the overall accuracy of the system (Gerrish et al., 1987). A large tilt
favours the o!set determination since a "eld of view
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closer to the vehicle is obtained. Thus, it can be supposed
that using a "xed tilt angle, an analysis on the bottom
part of the image favours o!set determination while the
top part favours the heading angle determination. A split
image approach utilized this concept for foam marker
tracking (Von Qualen et al., 1991).
Several image-processing algorithms have been proposed to extract the guidance parameters from crop row
images (Reid, 1987; Billingsley & Schoen"sh, 1997;
Slaughter et al., 1997). These algorithms usually depend
on crop row detection and some additional information
about the geometry and position of the sensor to extract
the guidance parameters. In this research, an algorithm
that depends on fewer variables was developed by treating guidance parameter determination as a &pose recognition' problem. The characteristic objects from the images
are the crop rows and the &pose' is the combination of
o!set and heading angle that produces images of crop
rows from a "xed perspective.
Generally, this approach requires a large number of
poses to represent the guidance signal. However, given
that the images are of the same object with only slight
changes in the pose, it is assumed that the set of pose
images is correlated. This enables the use of coding techniques to compress the set of images into a lower-dimensional space.
Hotelling (1933) proposed a technique to decrease the
number of vectors in a space basis. If such a space is
represented by &statistical variables x , x , 2, x ', the
1 2
n
author proposed: &The x's will ordinarily be correlated. It
is natural to ask whether some more fundamental set of
independent variables exists, perhaps fewer in number
than the x's, which determine the values the x's will take'.
Hotelling named his technique &the method of principal
components'. Today, principal component analysis
(PCA) is also known as the Hotelling or Karhunen}
Loeve transform (Gonzalez & Woods, 1992) and has
been widely used in image processing "eld.
Turk and Pentland (1991) used PCA to develop a complete automatic face recognition system using a set of face
images (the training set) to generate a lower-dimensional
eigenspace by running a PCA routine. When a new image
was input into the system, a decision process determined
whether it was a face by using a threshold distance value
from the image and the eigenspace. If the image was
identi"ed as a face image, it was classi"ed as either
a &known face' or a &new one' based on the threshold
value of the distance between its projection and the
training set image projections onto the eigenspace. If
a random image was not a &known face', the PCA routine
was used to add the new face to the data set. The system
achieved a performance that varied from 64 to 100% of
correct classi"cation depending on the lighting variation,
face orientation, image size and threshold values used.

Murase and Nayar (1995) addressed the problem of
recognition and pose estimation of three-dimensional
objects from its appearance by using PCA to build
a parametric eigenspace. They used a set of di!erent
images for each object of interest to generate a manifold
(projections onto the eigenspace) that was parameterized
by object pose and illumination. In order to recognize the
object pose, they used the distance between the input
image projection and the manifold points. The system
used two eigenspaces to accomplish its task. The "rst,
a universal eigenspace, was used to identify the object.
The second one, the object eigenspace, was then used to
recognize the object pose.

2. Objectives
The primary objective of the present work was to
develop and test an algorithm to output the guidance
parameters, o!set and heading angle, by using principal
component analysis to approach the task as a pose determination problem in an image. The in#uence of the
region of interest used to compute the pose was studied
as a secondary objective.

3. The principal component analysis
The objective of the principal component analysis
(PCA) is to transform one set of random variables into
another set of variables (components) which, although
expected to be fewer in number than the original set,
could adequately represent the original set (Hotelling,
1933). Principal component analysis has been used to
solve a wide variety of problems and has experienced
a number of di!erent variations (Jolli!e, 1986). For
instance, one PCA variation is used to "nd among the
variables which ones best represent or classify an original
set of data (Isebrands & Crow, 1975). Another PCA
variation can look for a subspace, spanned by a fewer
number of vectors than the original space, where the
features of the original set can be adequately represented
(Kirby & Sirovich, 1990).
As a transformation problem, PCA computes the
eigenvectors of the covariance matrix of the original set
of variables and uses them as a basis of a subspace that
could represent the original set of variables. The sample
covariance matrix R is de"ned by
1
N
1
R"
+ (x(i)!l) (x(i)!l)T"
XXT (1)
N!1
N!1
i/1
where x(i) is the ith statistical vector variable, l is the
mean vector, N is the number of variables x(i) and X is
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the matrix whose columns are the (x(i)!l) vectors (the
superscript ¹ represents the transpose vector or matrix).
Then, if each variable is a vector with dimensional M, the
square covariance matrix is of order M.
The mean vector l is de"ned by
1 N
l" + x(i)
(2)
N
i/1
An n by m image can be represented as vector of
dimension M (M"nm), that is a point in a large-dimension space. Therefore, the set of crop row images that
represents all possible combinations of o!set and heading angle could be discretized into N points and considered as a set of vectors x(1), x(2), 2, x(N). Since the crop
row images are highly correlated with each other, they
are not randomly distributed in this M dimension image
space. Thus, the PCA method was used to "nd a lowerdimensional subspace that was spanned by the eigenvectors that best account for the distribution of the
N original images.
The matrix R presents a total of M eigenvectors with
their M associated eigenvalues. The eigenvectors associated with the greatest eigenvalues are those that best
account for the distribution. However, since there are
N vectors in the original set, there will be N-1 eigenvectors with associated eigenvalues di!erent from zero. In
other words, the rest of the eigenvectors are not meaningful for PCA because their associated eigenvalues are
zeros (Turk & Pentland, 1991).
Each image vector can be accurately reconstructed by
a linear combination of the eigenvectors:
e(N~1)#l (3)
x(i)"a e(1)#a e(2)#2#a
1
2
N~1
where the e(i) (i"1, 2, 2, N!1) are the eigenvectors
and the point a(i)"(a , a , 2, a ) is the projection of
1 2
k~1
the image x(i) into the eigenspace.
The eigenspace spanned by the eigenvectors e(i) (i"
1, 2, 2, N!1) can be seen as a subspace with dimension
equal to N!1 that precisely represents our scene of
interest, i.e. the crop rows. However, since it is not necessary to have a precise reconstruction of the scene, the
K (K(N!1) eigenvectors with the largest associated
eigenvalues can be used in places of the N!1 eigenvectors. Thus, a faster algorithm that determines the "rst
N greatest eigenvalues and their associated eigenvectors
could be used (Murakami & Kumar, 1982).
The Euclidean distance between two points is a wellknown parameter that can be used to determine the
similarity between two images. Murase and Nayar (1995)
showed that the square of the Euclidean distance
between two points (images) in the original space is
approximately equal to that between their projection
into the N-dimensional eigenspace. Thus, determining

the similarity between two images is reduced to a distance and projection problem.

4. O4set and heading angle detection algorithm
An algorithm to provide the guidance parameters from
a crop row image was developed. It approached guidance
parameter determination as &pose' determination problem where each combination of o!set and heading angle
forms a &pose'. It consisted of two parts: training based on
a priori set of known pose images and detection based on
an unknown pose image. Training generated a lowerdimensional eigenspace based on PCA. Detection stage
output the heading angle and o!set presented in an
unknown pose image.
The eigenspace was generated from a set of training
images with known o!set and heading angle. A region of
interest (ROI), rather than the whole image, was used as
the variable x(i) to generate the eigenspace and the e!ect
of the position of the ROI was studied.
The row crop images were assumed to be adequately
represented by the number of eigenvalues K that represented 80% of the variation of a scene,
+K j
i/1 i '80
+N j
j/1 j

(4)

where j is the eigenvalue associated with the eigenvector
i
e(i).
Two kinds of eigenspaces were generated: the global
and the heading angle eigenspaces. In some previous tests
at the beginning of this research, using just a global
eigenspace that represented all combinations of o!set
and heading angle, the algorithm estimated much better
the heading angle than the o!set of the vehicle. Thus, it
was thought that the use of the heading angle eigenspaces
could improve the algorithm performance. The heading
angle eigenspaces was a subset of eigenspaces in each of
them represented a di!erent heading angle.
In detection, given a crop row image with unknown
pose, the image was "rst projected onto the global eigenspace. The Euclidean distances between the projection
and the projection of each training image was evaluated.
The training image that presented the minimum distance
was considered the "rst estimation of the guidance parameters. To improve the "rst estimation, the distance
between the input image and three heading angle eigenspaces were determined. The three heading angle eigenspace were the "rst angle estimation, one below and
another above the "rst estimation. The angle that presented the minimum distance was considered the "nal
heading angle. To determine the "nal o!set, the
input image was projected onto the "nal heading angle
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Table 1
The set of the test images (I) with the o4set (O) and heading angle (HA) values*
I
1
2
3
4
5
6
7
8
9
10
11
12

O,
cm

HA,
deg

I

O,
cm

HA,
deg

I

O,
cm

HA,
deg

I

O,
cm

HA,
deg

#1)3
#2)3
!7)6
!8)7
!8)0
#1)3
#2)3
!7)6
!8)7
!8)0
#1)3
#2)3

!2
!2
!2
!2
!2
#18
#18
#18
#18
#18
!10
!10

13
14
15
16
17
18
19
20
21
22
23
24

!7)6
!8)7
!8)0
#0)3
#0)7
!7)3
!8)3
!8)0
#1)0
#1)0
#1)0
#1)0

!10
!10
!10
0
0
0
0
0
#1
#3
!17
!19

25
26
27
28
29
30
31
32
33
34
35

#9)0
#9)0
#9)0
#9)0
#5)0
#5)0
#5)0
#5)0
0)0
0)0
0)0

#1
#3
!17
!19
#1
#3
!17
!19
#1
!1
#19

36
37
38
39
40
41
42
43
44
45
46

0)0
#1)3
#1)3
#2)3
#2)3
!7)6
!7)6
!8)7
!8)7
!8)0
!8)0

!9
#17
#3
#17
#3
#17
#3
!15
!5
!15
!5

* Positive was de"ned as right, negative was de"ned as left.

eigenspace and the square of Euclidean distance between
its projection and the training image was used to make
the "nal decision in the same way as the "rst estimation.
The training stage is computationally intensive. However, it is performed o!-line and only once for a "xed
camera setting. The pose determination stage involves
a projection of a vector onto a subspace and determining
the Euclidean distance between the projection of the
input and the training set images. The projection is a dot
product of an image with the K signi"cant eigenvectors.
Computational time is reduced from complete image
reconstruction since K is selected to be much less than
the total number of eigenvectors N. According to Tou &
Gonzalez (1974), the search for the minimum Euclidean
distance is equivalent to search for the maximum of
1
d (a)"a¹ pi! p¹i pi
i
2

(5)

where d (a) (i"1, 2, 2, N) is the decision function, a is
i
the projection point of known pose and p is the projeci
tion of the ith training image. The second term is a constant for each p and can be determined o!-line during
i
the training set.
Both projecting and decision function processes have
been implemented in real time by others (Turk & Pentland, 1991; Murase & Nayar, 1995). Additionally, the
matrix form of this methodology well suited for parallel
processing.

this research was to evaluate the potential of the use of
PCA to extract the vehicle guidance parameters, its performance was evaluated using a controlled environment
and arti"cial lines representing crop rows. Arti"cial crop
rows were painted on the laboratory #oor and controlled
illumination was used to acquire the images representing
crop rows from di!erent heading angle and o!set positions. The image capture system consisted of a monochrome COHU model 4812 camera connected to an
ImagiNation CX-100 frame grabber. The CX-100 board
was set up to grab the images in high-resolution mode
(512 pixel horizontally by 486 pixel vertically) with 8-bit
pixels (256 grey levels). A 16 mm focal length lens was
used with the camera.
For the training part of the algorithm, 231 images were
collected. The heading angle was varied through a range
of !20 to 203 in 23 increments. For each heading angle,
11 o!set con"gurations were used: 0)0, 1)0, 3)0, 5)0, 7)0
and 9)0 cm (left and right). The camera was set on the top
of a survey tripod to vary the heading angle; the camera
tilt angle was 153. The camera height was 0)80 m. The
o!set variation was done by changing the tripod position.

5. Experiment design
The algorithm was implemented in MA¹¸AB (The
MathWorks Inc, MA) and, since the main objective of

Fig. 1. Scheme of the regions of interested (ROI) used to test the
algorithm showing their relative position within the whole image,
left top pixel coordinate, width (W) and height (H) in pixels
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Table 2
The tests run to test the algorithm
Test

ROI* used to generate
the global eigenspace

ROI* used to generate
the heading angle
eigenspaces

Test

ROI* used to generate
the global eigenspace

ROI* used to
generate the
heading angle
eigenspaces

A
B
C
AA
AB
AC

A
B
C
A
A
A

none
none
none
A
B
C

BA
BB
BC
CA
CB
CC

B
B
B
C
C
C

A
B
C
A
B
C

* ROI, region of interest.

A global eigenspace was generated using all 231 training images. Twenty-one heading angle eigenspaces were
generated, each one containing 11 training images from
a particular heading.
In order to test the algorithm, 46 images were collected
with di!erent combinations of o!set and heading angle

from those used in the training part (Table 1). Three
di!erent rectangular ROIs were used to study how di!erent image positions of pose information in#uenced the
algorithm performance (Fig. 1). Thus, 12 di!erent ROI
con"gurations were used to generate the global and the
heading angle eigenspaces (Table 2). Each of them was

Fig. 2. Four images of the training set. (a) owset"0)0 cm, and angle"03; (b) owset"0)0 cm, and angle"!183;
(c) owset"#9)0 cm, and angle"03; (d) owset"#9)0 cm, and angle" !183
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Table 3
The o4set and heading angle average l, standard deviation r, maximum (max) and minimum (min) absolute error for the experiments
Test

A
B
C
AA
AB
AC
BA
BB
BC

Owset error, cm

Angle error, deg

k

p

max

min

k

p

max

min

5)43
4)47
6)24
5)05
4)59
5)69
5)30
4)60
6)19

5)03
4)14
4)46
4)66
4)59
4)12
4)63
4)54
4)60

15)7
16)6
16)6
16)7
17)7
17)7
18)0
18)0
18)0

0)0
0)0
0)0
0)0
0)0
0)0
0)0
0)0
0)0

1)26
1)26
11)04
1)35
1)17
1)83
1)26
1)26
1)65

1)07
1)89
10)79
1)13
1)01
1)03
0)99
1)03
0)98

4
4
30
4
4
4
4
4
4

0
0
1
0
0
0
0
0
0

labelled with the ROI used. For example, test AB meant
that the ROI A was used to generate the global eigenspace and ROI B was used to generate the heading angle
eigenspaces. The absolute error between the actual o!set
and heading angle values and those output by the program were used as the measured performance parameter.

6. Results and discussion
Fig. 2 shows a sample of four images of the training set.
The top row images present zero o!set and the bottom
ones present 9)0 cm right o!set. The left column images
present zero heading angle and the right ones present 183
left heading angle. Thus, horizontally, they represent the
same o!sets and, vertically, the same heading angle.
In Table 3, the overall statistics of the absolute error
between the actual and the output algorithm values of
the test images are presented.
The goal of the heading angle eigenspaces was to
improve the estimation of the o!set when the algorithm
presents a &good' "rst estimation for the heading angle in

the global eigenspace. As it can be see in Table 3, because
the algorithm did not present satisfactory estimation of
the heading angle when using ROI C (test C), it did not
make sense to run the tests for the heading angle eigenspaces related with this ROI (tests CA, CB and CC).
The dimensions of the global eigenspace for the ROI
A, B and C were determined to be 15, 17 and 35, respectively, to represent 80% of the image variation. The
dimensions of the heading angle eigenspaces alternated
between 4 and 5. These numbers con"rmed the e!ectiveness of PCA at reducing the space dimension that
represents the scene. Eigenspace dimension and the algorithm performance in the "eld on row crops will be
further explored to account for crop variations, illumination and other factors.
All of the experiments except test C had an average
absolute error less than the 23 precision used in the
training image set, therefore the algorithm was generally
able to accurately estimate the heading angle. However,
the algorithm o!set estimation was above the 2 cm precision used in the training image set. Figures 3}5 show
the absolute error values for all 46 test images of the three

Fig. 3. The owset and heading angle absolute errors for all test images of the Test B
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Fig. 4. The owset and heading angle absolute errors for all test images of the Test AB

tests that presented the lowest average absolute o!set
(tests B, AB and BB).
In Fig. 6, three images with the same o!set and three
consecutive heading angles are displayed together. It was
noted that they presented two regions where the rows
overlapped. Comparing Figs 6a with b, it was noted that
the size and position of the overlapping regions changed
depending on the o!set and the heading angle of the
scene. This property of the row scenes could be one of
explanation about the ROI in#uence on the performance
of the algorithm. It also suggests that the use of an
adaptive ROI could improve the algorithm performance.

7. Conclusions
In this research, the vehicle o!set and the heading
angle extraction from the image for automatic guidance
purposes was addressed as a &pose recognition' problem.
A set of 231 known pose images was collected and used
as a training set. The training stage of the algorithm used
the principal component analysis (Hotelling transform)
to output two low-dimensional eigenspaces, the global
and the heading angle eigenspaces. The poses were represented on these eigenspaces by their projections. Given
a new image, the pose (heading angle and o!set) recog-

nition algorithm would project the image onto the
eigenspace and determine the pose based on the closest
training image projection.
The algorithm was tested with three di!erent regions
of interests (ROI) by using 46 known pose test images.
Thus, 12 di!erent combinations of these ROI were used
to generate the global and the heading angle eigenspaces.
The algorithm presented satisfactory performance for
estimating heading angle. The best result was reached
when the central ROI was used without the heading
angle eigenspace. In this test, the algorithm presented the
average absolute error of 4)47 cm and 1)263 for o!set and
heading angle, respectively. Additional research is needed
to understand the in#uence of ROI size and position and
the relationship between the o!set and the heading angle
in#uence on algorithm performance in order to improve
the o!set estimation.
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Fig. 5. The owset and heading angle absolute errors for all test images of the Test BB
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Fig. 6. Three images with the same of owset and three consecutive heading angles displayed together. (a) owset"0)0 cm,
and angles"!2, 0 and #23. (b) owset"0)0 cm, and angles"!14, !16 and !183
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