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a b s t r a c t

Root complexity is an important factor in the growth and survivability of maize plants under biotic and
abiotic stress conditions. To genetically improve root structure in the future, there is a need to identify
the genes that govern root complexity. Root complexity itself is ill defined, but indicators derived from
images of the root system such as Fractal Dimension can be used as proxies. A disadvantage of using
Fractal Dimension as a complexity indicator is that the complexity of the root as seen in the images is
captured into a single parameter.

This paper describes an alternative method, which translates a root image into a set of parameters. The
method consists of computing the intercepts of circles drawn around the centre of the root image with
the root branches. This led to characteristic curves from which parameters can be extracted using curve
fitting. In addition to the parameters obtained by curve fitting, the density of the root images was included.
All parameters were evaluated on their ability to classify the roots among their original genotypes using
a method from the realm of Artificial Intelligence, the Support Vector Machine (SVM).

The results showed that whilst using merely three parameters originating from the characteristic
curves, the SVM algorithm was capable of correctly classifying 99.95% of roots among 235 original
genotypes.

Published by Elsevier B.V.

1. Introduction

The ability of plants to grow and produce seeds is directly related
to a healthy, functional and efficient root system. Generally, root
complexity and root development depend on genetic and environ-
mental factors and their interactions (O’Toole and Bland, 1987). To
assess the genetic basis of root complexity, earlier research deter-
mined the Fractal Dimension (FD) of thousands of maize roots
recovered from specifically designed field trials using images of the
roots (Bohn et al., 2006). A combined analysis of molecular linkage
information and FD results led to the identification of Quantita-
tive Trait Loci (QTL) for FD on most of the ten maize chromosomes.
QTL are regions in the genome that carry genes involved in the
inheritance of a quantitative trait, in this case root complexity. The
FD has been shown suitable to describe the complexity of nat-
ural objects (Mandelbrot, 1983). A considerable amount of work
has been done to capture biological complexity using FD, including
studies on root systems (Tatsumi et al., 1989; Lynch et al., 1993;
Shibusawa, 1994; Nielsen et al., 1997; Masi and Maranville, 1998;
Oppelt et al., 2000; Eghball et al., 2003; Walk et al., 2004; Lontoc-
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Roy et al., 2006; Soethe et al., 2007), soil clod formation (Shibusawa,
1992), shoot systems and canopies of young trees (Morse et al.,
1985; Foroutan-pour et al., 1999), seaweeds (Kubler and Dugeon,
1996), plant foliage (Da Silva et al., 2006), sponges (Abraham, 2001),
neurons (Fernandez et al., 1994), and fungal mycelia (Mihail et al.,
1995).

A disadvantage of the use of FD is that the complexity of the
whole root as contained in gray scale images is captured in a sin-
gle indicator. Therefore as an alternative, a method was devised
which transforms the two-dimensional gray scale image into a set
of parameters. This was accomplished by drawing circles around
the known centre location of a root image, and to accumulate the
intercepting pixels of these circles with the root branches. This
method yielded a characteristic function where the accumulated
number of intercepting pixels was plotted against the radius of the
circles. This characteristic function was approximated by fit curves
and the parameters of these curves were used to classify the roots
among their original genotypes using the Support Vector Machine
(SVM) algorithm (Vapnik, 1995). The SVM method is essentially
a binary classifier based on finding the maximal margin hyper-
plane between two or more classes (Burges, 1998; Suykens and
Vandewalle, 1999). The SVM method has been applied in a variety of
applications such as in weed and nitrogen stress detection (Karimi
et al., 2005), tissue classification (Furey et al., 2000; Pavlidis et al.,
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2004), face detection (Osuna et al., 1997), gene selection for cancer
(Guyon et al., 2002), as well as shape extraction and classification
(Cai et al., 2001).

The objective of this study was to develop an alternative method
of root image analysis, based on the Support Vector Machine
method, enabling classification of maize roots among their original
genotypes.

2. Materials and methods

Maize plants were grown in Urbana, IL, USA, using an incomplete
block design with 235 entries (genotypes), 2 replications, and 47
incomplete blocks at 5 entries per block. Each plot was a single row
measuring 4.6 m in length at a distance of 0.76 m separating the
rows. Plots were composed of 25 plants/row or 71,525 plants/ha.
The roots were harvested at the R1 (silking) stage. The first plant
per row was discarded and the next five consecutive plants were
trimmed at the third node and uprooted making sure that for each
plant a 0.30 m3 root core was recovered. Roots were individually
labelled with a barcode tag. Root cores were soaked in water to
remove a large part of the soil before they were thoroughly cleaned
using high-pressure water hoses.

Images of the roots were obtained using a semi-automated
image acquisition system containing two monochrome cameras
(Unibrain, Fire-iTM 701b) with a resolution of 1280 × 960 pixels.
The procedure was as follows: firstly, the operator scanned a bar-
code attached to the root to identify its genotype. Subsequently, the
system acquired images of the background underneath and behind
the root position. Secondly, the user placed a root on a spike in the
centre of the imaging plane. The root then automatically rotated
such that four lateral images and two (redundant) top view images
resulted. All images of the maize root system were stored in a gray-
scale TIFF format.

The research as described in this paper only uses a single top
view image per root. The first processing step was to subtract
the background image under and behind the root to obtain bet-
ter contrast and detail. Sample images of maize roots from various
genotypic origins are shown in Fig. 1. These images emerged after
background subtraction and noise reduction.

The images contain noise which is caused by the shadow that
the roots cast on the background (Fig. 2).

Since the spectrum of the noise was distinctly different from the
root pixel spectra, the noise was removed using standard threshold-
ing techniques. Subsequently the image was thresholded to obtain
a binary image such as shown in Fig. 3.

Fig. 1. Images of typical maize roots representing various genotypes after back-
ground subtraction and noise suppression.

Fig. 2. Image of a maize root showing noise caused by the shadow it casts on the
background.

Among the root images, there were 235 genotypes where each
root was considered as one sample. A total of 2215 roots were
analyzed where each genotype (class) had 10 roots (samples) or
fewer.

2.1. Feature extraction

Every root image being analyzed has its own background image
which contains a distinct spike. This spike location was used to
obtain the centre of the root since the root was placed on the spike
during imaging. Subsequently, circles were drawn around the cen-
tre of the root, with radii ranging from 0 to 500 pixels with an
increment of 1 pixel. Fig. 4 shows this process where a limited
number of circles is shown for clarity.

The pixels that intercepted the circle-related pixels as shown in
Fig. 4 were accumulated for every circle yielding a characteristic
function that relates the total number of interception pixels to the
radius of the circle. Two distinct points characterize this function.
At the centre of the root, the circle diameter is zero, and no circle
intercepting pixels (CIPs) exist. Similarly, when the radius of the
circle becomes large enough, there are no more pixels associated
with the root, and again the number of CIPs is zero.

The hypothesis was that this process will produce characteris-
tic functions that contain a monotonically increasing section and
a monotonically decreasing section for increasing circle radii, with
a distinct maximum number of CIPs separating the curves. Fig. 5
shows the characteristic function of the root shown in Fig. 4, where
the number of CIPs is plotted as a function of the circle radius in
pixels.

Fig. 3. Binary image of the maize root after thresholding. Although noise is no longer
present, smaller root details have been lost in the process.
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Fig. 4. Here the process of root characterization is shown. Circles were drawn around
the known centre of the root, allowing the pixels representing intersections of the
root and circle pixels (CIPs) to be accumulated as a function of the circle radius. The
smallest circle represents the centre of the root; the radii of other five circles are
100, 200, 300, 400, and 500 pixels respectively.

Fig. 5 shows that the characteristic function can be approxi-
mated by two curves, intersecting at a maximum (MaxPoint) and
tied to zero at the extreme radii. The two curves were fit in an
Ordinary Least Squares sense by dividing the characteristic func-
tion into a left and right side using the maximum value MaxPoint as
the separation point. As expected, the left side of the characteristic
function is monotonically increasing and it was approximated by a
polynomial curve, whereas the right side of the characteristic func-
tion was indeed monotonically decreasing and approximated by a
negative valued exponential curve with an offset. Eqs. (1)–(3) show
the functions y1, y2 that were fitted to the characteristic function.

y1 = ax3 + bx2 + cx + d (1)

y2 = A + B exp
(−(x − C)

D

)
(2)

f (x) =
{

y1, x ≤ MaxPoint
y2, x > MaxPoint

(3)

where x is the radius of the circle in pixels.
In addition to the parameters derived from the CIP curves, the

‘density’ of the roots was evaluated. The reason for adding the den-

Fig. 5. Number of circle intercepting pixels (CIPs) as a function of the circle radius
in pixels. Two curves were fitted: a third order parabola on the rising part, and a
negative valued exponential function on the falling part. The coefficients of each
function were considered root features and used for classification in the Support
Vector Machine algorithm.

Fig. 6. Optimal separating plane (hyper-plane) between two hypothetical classes of
data (Burges, 1998).

sity was that this value can be obtained quite easily as the ratio
of the pixels belonging to the root divided by the total number of
pixels in a circular plane encompassing the root as follows:

Density =
∑

RootPixels

�R2
L

(4)

where RL = 500, the largest circle evaluated.

2.2. Support Vector Machine method

The Support Vector Machine is a “maximal margin classifier”
(Karimi et al., 2005). The working of the SVM method is as fol-
lows: given two training sets containing a number of data points,
the shortest distance between two points from each class is called
the ‘support vector’. Fig. 6 shows a simple example of SVM dealing
with two classes of data. The solid circles and rectangle are sup-
port vectors; two thin lines P1 and P2 are hyper-planes according
to the support vectors and the bold line is the optimal separating

Table 1
Classification accuracies using combinations of 2 features among 10 randomly
selected classes (genotypes) containing 95 samples.

b c d

A 86.32% (82/95) 92.63% (88/95) 100% (95/95)
B 75.79% (72/95) 82.11% (78/95) 97.89% (93/95)
C 77.89% (74/95) 86.32% (82/95) 100% (95/95)
D 78.95% (75/95) 83.16% (79/95) 100% (95/95)

Table 2
Classification accuracies using combinations of 2 features among 100 randomly
selected classes (genotypes) containing 945 samples.

b c d

A 45.50% (430/945) 56.83% (537/945) 97.35% (920/945)
B 25.50% (241/945) 36.30% (343/945) 94.92% (897/945)
C 27.94% (264/945) 38.32% (362/945) 95.34% (901/945)
D 26.98% (255/945) 36.19% (342/945) 93.76% (886/945)

Table 3
Classification accuracies using 2 minor features (b and D), 2 major features (d and A)
and 3 features (d, A and MaxPoint) for various class sizes.

Class size 2 Minor features 2 Major features 3 Features

2 95% (19/20) 100% (20/20) 100% (20/20)
3 96.43% (27/28) 100% (28/28) 100% (28/28)

10 78.95% (75/95) 100% (95/95) 100%(95/95)
50 37.93% (176/464) 99.14% (460/464) 100% (464/464)

100 26.91% (254/944) 97.35% (920/945) 100%(945/945)
150 21.26% (301/1416) 95.91% (1359/1417) 99.93% (1416/1417)
200 18.31% (344/1879) 94.25% (1772/1880) 99.95% (1879/1880)
235 16.57% (367/2215) 93.32% (2068/2216) 99.95% (2215/2216)
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4) line which can be calculated using the SVM algorithm. This idea

can be extended to deal with multi-class data (Bredensteiner and
Bennett, 1999).

Based on this support vector, a hyper-plane perpendicular to
the support vector can be computed that separates the classes in
an optimal way. The Support Vector Machine algorithm as used
in this study is captured in a library called LIBSVM (Chang and Lin,
2008), which supports multi-class classification (Bredensteiner and
Bennett, 1999).

3. Results and discussion

Although the order of the chosen polynomial shown in Eq. (1)
was three, the curve fitting process showed that the value of param-
eter ‘a’ was consistently close to zero, and therefore the value was
ignored. This left nine potentially useful features from the curves,
being “b, c, d”, “A, B, C, D” and MaxPoint as well as Density.

To determine the most influential parameters, among the major
features from parameter group 1 (b, c, d), group 2 (A, B, C, D) and
MaxPoint, experiments were carried out for 10 and 100 classes by
testing various combinations of the parameters. The classification
results are presented in Tables 1 and 2. From the tables it is evident
that the parameters “d”, and “A” represent the major features among
each group. MaxPoint was added as the third feature to increase the
accuracy of the SVM.

To obtain classification results in a structured fashion, three
groups of features were created being “2 Minor Features” (b and
D), “2 Major Features” (d and A) and “3 Features” (d, A and Max-
Point). The number of classes to be classified varied from 2 to 235.
The classification results are presented in Table 3.

When only 2 minor features were applied (b and D) the accu-
racy ranged from 95% for two classes to 16.57% for 235 classes. By
applying the main features (d and A) the accuracy fell from 100%
for 2 classes to 93.13% for 235 classes. Adding the third parame-
ter MaxPoint caused the accuracy to start at 100% for 2 features
and drop to 99.95% for 235 classes. It is clear that the combination
of “d”, “A” and MaxPoint represent the optimal combination in the
classification process.

The classification accuracies based on a combination of Density
and individual features derived from the CIP curves (b, c, d, A, B, C,
D, MaxPoint) among 10, 100 randomly selected classes (genotypes)
and the complete dataset are shown in Table 4.

From Table 4 it is clear that Density is not a major feature by
comparing the highest scoring combination in Table 4 (Density, A)
with the combination (d, A) in Table 3. For the class sizes 10, 100, and
235, the combination (Density, A) scored 83.32%, 45.4% and 27.2%
respectively. In contrast, for the same class sizes the combination
(d, A) scored 100%, 97.35%, and 93.32% respectively.

4. Conclusions

The complexity of maize roots was captured in images from
which root characteristic functions were derived by drawing cir-
cles around the centre of the roots and accumulating the number
of circle intercepting pixels as a function of the radius of the cir-
cle. The characteristic functions were approximated by fitting two
curves and a characteristic MaxPoint where these two curves inter-
sected. In addition to the fit curve related parameters, a Density
parameter was evaluated. The curve related parameters as well as
the density were regarded as features and used in a Support Vec-
tor Machine algorithm that classified the maize roots among their
known original genotypes.

Combinations of features were tested to determine the major
features in the curves. Out of a total of ten parameters, there were
three that dominated the classification process. Using these three
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parameters, the SVM algorithm was capable of correctly classifying
99.95% of the maize roots among 235 genotypes.

The most important finding of this research is not that the SVM
algorithm works well; it is rather that the genotypical information
is preserved over the growing season expressed in the phenotypical
data such as root architecture and complexity.

5. Further research

The SVM algorithm was trained using 235 classes (genotypes).
When a new unknown root is evaluated the network will classify
this root in a class that closely resembles the phenotype of the
root, represented in its architecture and complexity. An interest-
ing extension of the method would be to evaluate crosses among
the genotypes and to evaluate if the offspring classifies closely (and
equally) to its parents.

The fact that the three main parameter were d, A and MidPoint
indicates that the information from the CIP curves is mainly con-
tained in the offsets, and the separation point between the left and
right hand regression curves. This indicates that a simpler func-
tional approximation may be feasible with the same classification
accuracy.
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