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Abstract. In this work we introduce a low cost machine vision system
for grading problems in agriculture. Instead of a careful evaluation of a
given quantity over a reduced number of samples with a high cost dedi-
cated equipment, we propose to measure the quantity with less precision
but over a much bigger number of samples. The advantage of our proce-
dure is that very low cost vision equipment can be used in this case. For
example, we used a standard flatbed scanner as an integrated illumina-
tion plus acquisition hardware. Our system is aimed at the quantification
of the amount of chlorophyll present in a production batch of soybean
seeds. To this end we arbitrarily divided green seeds in four classes, with
a decreasing amount of green pigment in each class. In particular, in this
work we evaluate the possibility of an accurate discrimination among the
four classes of green seeds using machine vision methods. We show that
morphological features have low discrimination capabilities, and that a
set of simple features measured over color distributions provides good
separation among grades. Also, most errors are assignations to neighbor
grades, which have a lower cost in grading. The good results are almost
independent from the classifier being use, Random forest or Support
Vector Machines with a Gaussian kernel in our case.
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1 Introduction

Machine vision systems have been used increasingly in the food and agricultural
industry over the last decade, mainly for inspection and evaluation purposes.
They advantages over the traditional methods are multiple, including velocity,
economy, repeatability and objectivity [4]. However, most systems are based on
dedicated expensive hardware equipment, including controlled illumination sys-
tems, acquisition equipment and appropriate cameras. The relatively high cost of
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the required hardware has prevented the extension of machine vision methods to
many non-critical applications. Nevertheless, nowadays there is a growing access
to simple and very cheap image equipment, like digital still cameras and flatbed
scanners. Even if this equipment is not specifically designed for machine vision,
its use in this context can provide a very low cost solution to some grading or
quality control problems.

Soybean (Glycine max) is a highly relevant crop for agricultural countries
like USA, Brazil or Argentina. A well-known problem with this crop, which has
gained relevance in the last years, is the occurrence of green seeds. As explained
by Cicero el at. [5], the problem is related to unfavorable climatic conditions,
mainly drought, that occurs during the final stages of seed maturation. The
green color is caused by the presence of chlorophyll, which is not properly de-
graded during maturation. Chlorophyll’s degradation occurs naturally at the
final stages of seed development, but this degradation is affected by maturity,
drying conditions and climatic conditions.

The presence of green seeds degrades the quality of seed batches in two ways.
First, green seeds have their vigor and viability significantly reduced, showing
germination percentages below the minimum standard for commercialization in
some countries [6]. Second, the presence of chlorophyll has a negative effect on the
quality of the extracted oil. Chlorophyll can be extracted with the oil during the
grinding, causing oxidation, reducing the shelf life and producing dark-colored
oil. Also, high chlorophyll contents require additional bleaching steps in the
hydrogenation process [14].

There is a high correlation between the content of chlorophyll and the quan-
tity of green pigments that can be observed in a seed [14]. This suggest the
possibility of using still images of small seed batches to estimate to total content
of chlorophyll in a production batch, leading to an objective method to grade
the quality of the batch in this aspect.

Previous work has been done on this and similar problems using machine
vision techniques. Ahmad et al. characterized diverse symptoms of soybean de-
ceases, including immaturity, using RGB images and a linear classifier. They
found that immaturity was one of the most difficult deceases to diagnose [1].
Sinnecker et al. [14] evaluated the correlation between chlorophyll content and
color in soybeans using a spectrophotometer over milled seeds. Cicero el at [5]
used a chlorophyll fluorescence technique to identify seeds with shades of green.
Less related, Melendez el al. [10] used direct color measurements, with a dedi-
cated colorimeter, to estimate the correlation between carotenoids content and
color in orange juice, and Vollmann et al. [16] compared two method to estimate
the chlorophyll content in leaves, using a dedicated colorimeter and a standard
digital still camera.

Typical asymptomatic soybean seeds are almost round, compact, and have a
smooth seed coat and beige color. The size and shape of the seed may depend
on the location of the seed in the pod, but the round compact shape is almost
uniform. Opposite, green immature seeds vary not only in the quantity of green
pigment (color) but usually also in the shape of the seed and the smoothness of
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Table 1. Description and number of samples of the four categories in which the seeds
were graded by a human expert.

Class Number Description

Type I 68 More than 50% of green pigmentation
Type II 155 Between 25% and 50% of green pigmentation
Type III 178 Less than 25% of green pigmentation
Type IV 202 No green pigmentation detected in the seed

the coat [1]. This fact suggests that, in addition to color measurements, infor-
mation about the shape of the seed (morphological features) can be of help in
the identification of green seeds.

This work is part of a research project aimed at the possibility of using a very
low cost equipment to develop a machine vision system capable of estimating the
content of chlorophyll in a soybean production batch. Instead of evaluating the
content of the batch by careful measurements over a reduced number of seeds,
we propose to estimate it by an average, over a much higher number of seed,
of a discrete estimation of the content of each seed. To this end we arbitrarily
divided green seeds in four classes, with a decreasing amount of green pigment
in each class. In particular, in this work we evaluate the possibility of an accu-
rate discrimination among the four classes of green seeds using a simple flatbed
scanner and standard machine vision methods. The use of a flatbed scanner pro-
vides a low cost solution with controlled illumination and high portability and
reproducibility.

The rest of this paper is organized as follows. In the next section we describe
the methods used for image acquisition, segmentation, feature extraction and
classification. In Section III we show and analyze our results and finally we close
the work with some conclusions in Section IV.

2 Materials and methods

A sample with 603 soybean seeds with a variable amount of green pigmentation
were provided by experts from the Estación Experimental Oliveros of the In-
stituto Nacional de Tecnoloǵıa Agropecuaria (INTA). All seeds come from the
same variety of soybean, collected in a uniform way at different locations near the
named institution. A human expert from the same institution graded the seeds
according to four classes depicted in Table 1. The graded was based only in vi-
sual information. This procedure, based on a human criteria, is prone to errors.
A preliminary estimation, based on a single replication of the grading, indicated
a potential error of around a 25%, uniformly distributed among neighbor grades.
Figure 1 show some examples of each class.
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Fig. 1. Samples of the four classes in which the seeds were graded. Top row, on the
left Type I and on the right Type II. Bottom row, on the left Type III and on the right
Type IV.

2.1 Image Acquisition

Still images of small batches of seeds were taken using a flatbed scanner (Epson
Stylus CX 5600). The standard image acquisition software provided with the
scanner was used, without any automatic correction of color or bright. A fixed
resolution of 600dpi was used. The white foreground of the scanner was replaced
with a black one, in order to eliminate reflections and to make the segmentation
process easier.

2.2 Segmentation

All image processing was made using open source software, in particular the
openCV library [2]. Segmentation was performed as a three steps procedure,
starting from the captured RGB image.

The first step is a thresholding of the color image, in order to separate fore-
ground (the seeds) from the background. We used the two more relevant chan-
nels, Red and Green, to separate beige and green colors from the background.
The optimal threshold for each channel was selected with the “Optimal thresh-
old selection”, Sonka et al. [15], page 181, which looks for the minimum density
between two normal distributions corresponding to foreground and background
pixels. All pixels above any of the thresholds is considered as foreground.

The second step is aimed to identify each individual seed. The binary mask
produced at the first step usually has compact regions formed by more than one
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seed, which we separate into its individual components using a simple erosion
procedure. Finally, we apply a blob extraction procedure with the cvblob library
[8].

The last step consists in detecting, as best as possible, the pixels correspond-
ing to each seed. Starting from the erosioned mask and the number of blobs, we
apply Meyer’s WaterShed method [11] which returns all the regions of interest,
i.e., the segmented individual seeds.

2.3 Feature Extraction

As explained in the Introduction, previous results suggest that morphological
features can play a relevant role in the grading of green seeds. According to this,
we extracted from each seed a set of 10 morphological features that characterize
the size and shape of each seed:

1. Perimeter
2. Area
3. Elongation
4. Compactness
5. Roughness
6. Hull Area
7. Hull Perimeter
8. Major Axis
9. Minor Axis

10. Major/Minor axis ratio.

A definition of each feature can be found in the literature [13,9]. All features were
converted from pixels to millimeters units using the corresponding resolution.

Color features are expected to be of high importance for the grading of soy-
bean seeds. Even if flatbed scanners produce a highly controlled illumination, it
is important to use color measures that are independent of the total illumina-
tion of each pixel. A simple method in this direction is to use the rgI color space
instead of the original RGB. In rgI space, I = R +G+ B, r = R/(R +G+ B)
and g = G/(R +G+ B). Channels r and g are more related to the color of the
pixel than to the intensity of light. Other standard procedure is to use the HSL
color space, in which the hue (H) and saturation (S) are independent of the pixel
level (L) [12].

In total we extracted 28 color features. For each seed and each of the four
r, g, H and S channels, we extracted the corresponding distribution of observed
values, from which we measured some basic statistics that are good descriptors
of the distribution:

1. Mean
2. Variance
3. Covariance
4. Kurtosis
5. Skewness
6. Third quartile
7. Interquartile range

13th Argentine Symposium on Artificial Intelligence, ASAI 2012

41 JAIIO - ASAI 2012 - ISSN: 1850-2784 - Page 100



6 Namı́as et al.

Table 2. Morphology features: Confusion matrices for the four types of soybean seeds
using a Random Forest (RF) and a Support Vector Machine (SVM) Classifier. Rows
are the true classes, columns are the classes assigned by each method.

RF I II III IV

I 0.16 0.32 0.37 0.15
II 0.05 0.34 0.52 0.09
III 0.07 0.31 0.55 0.07
IV 0.03 0.04 0.06 0.87

SVM I II III IV

I 0.00 0.24 0.53 0.24
II 0.04 0.17 0.66 0.12
III 0.00 0.09 0.83 0.07
IV 0.01 0.03 0.07 0.89

2.4 Classification

In this work we use two types of classifiers. On one side we utilize the well-known
Support Vector Machine (SVM) [7], which nd the maximum-margin separating
hyperplane between datapoints of different classes. We use a Gaussian kernel,
which adds nonlinear capacity to the classifier. SVM is widely recognized as one
of the best methods for classification. The SVM has two free parameters, one is
the constant C that controls the margin and the second is the kernel constant γ
that regulates the scale of the kernel. In both cases we set the constant selecting
from a grid of values using an internal cross validation loop over training data.

On the other side we applied the Random Forest (RF) [3] classifier. RF is a re-
cent ensemble algorithm where the individual classifiers are a set of de-correlated
trees. They perform comparably well to other state of the art classifiers and are
also very fast. The method has two parameters that control its performance, the
total number of trees (that was set to the default value of 500) and the number
of variables randomly sampled as candidates at each split, which was also set to
its default value of the square root of the total number of variables.

In order to evaluate the classifiers in diverse situations we used a 10-fold
cross validation procedure. As results we estimated mean accuracies (with the
corresponding standard errors) and confusion tables [17] for both classification
methods.

3 Results

After segmentation and feature extraction, we produced a dataset with 38 fea-
tures (10 morphological, 28 color) measured over 603 soybean seeds.

We analyzed first the grading capability of morphological features. Table 2
show the corresponding results for both RF and SVM classifiers. Each row of
the table shows how the classifier assigned the seeds of that class (in proportion,
i.e., each row sums to one). As can be seen in the table, morphological features
are only able to discriminate Type IV seeds (no green) from the other three
classes. Types I, II and III are highly confused for both classification methods.
The average accuracy is (0.56 ± 0.02) for RF and (0.59 ± 0.02) for SVM.

Table 3 show the corresponding results using only the 28 features with color
information. Overall, these classifiers are clearly more accurate then previous
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Table 3. Color features: Confusion matrices for the four types of soybean seeds using
a Random Forest (RF) and a Support Vector Machine (SVM) Classifier. Rows are the
true classes, columns are the classes assigned by each method.

RF I II III IV

I 0.71 0.25 0.04 0.00
II 0.11 0.66 0.22 0.01
III 0.01 0.22 0.72 0.05
IV 0.00 0.00 0.04 0.96

SVM I II III IV

I 0.62 0.32 0.06 0.00
II 0.10 0.70 0.19 0.01
III 0.01 0.24 0.70 0.06
IV 0.00 0.00 0.05 0.95

Table 4. Both morphology and color features: Confusion matrices for the four types
of soybean seeds using a Random Forest (RF) and a Support Vector Machine (SVM)
Classifier. Rows are the true classes, columns are the classes assigned by each method.

RF I II III IV

I 0.65 0.31 0.04 0.00
II 0.10 0.65 0.24 0.01
III 0.01 0.22 0.72 0.05
IV 0.00 0.00 0.05 0.95

SVM I II III IV

I 0.65 0.31 0.04 0.00
II 0.10 0.69 0.19 0.01
III 0.01 0.23 0.71 0.05
IV 0.00 0.01 0.05 0.94

ones, with an average accuracy of (0.78 ± 0.02) for RF and (0.77 ± 0.02) for
SVM. Type IV seeds are again more easily identified than the other classes,
with a high accuracy (over 0.95). There is more confusion among the other three
classes, but correct identification is over 70% in most cases. A very important
result is that using color features almost all errors take place between neighbor
grades, which have a lower cost in grading problems. For example, for SVM only
1% of Type II seeds are assigned to Type IV, where 29% are assigned to Type I
or Type III. As in the previous experiment, both RF and SVM classifiers showed
the same accuracy, with only small differences among some of the classes.

Finally, in the last experiment we used both morphological and color features
together. The results are shown in Table 4. The average accuracy is the same
as when using color features only, (0.77 ± 0.02) for RF and (0.78 ± 0.02) for
SVM, and overall the results are very similar to Table 3. This result suggest that
morphological features are not relevant when color information is present.

4 Conclusions

In this work we proposed a new strategy for some grading problems in agricul-
ture. Instead of a careful evaluation of a given quantity over a reduced number of
samples with a dedicated equipment, we propose to measure the quantity with
less precision but over a much bigger number of samples. The advantage of our
procedure is that very low cost vision equipment can be used in this case. For
example, we used a standard flatbed scanner as in integrated illumination plus
acquisition hardware.

In particular we analyzed the problem of grading the content of green pigment
in soybean seeds. We showed that morphological features have low discrimination
capabilities, and that a set of simple features measured over color distributions
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provides good separation among grades. Also, most errors are assignations to
neighbor grades, which have a lower cost in grading. The results were almost
independent from the classifier being use, Random Forest or Support Vector
Machines with a Gaussian kernel.

These results show that our low cost system could grade the seeds with an
error level similar to a human expert. This is a first step towards the development
of a complete system able to quantify the content of chlorophyll in production
batches. The same system could be used to estimate the quality of a sowing
batch. In both cases, what is needed is an accurate quantification of the property
of interest (chlorophyll content or germination power) over samples of each grade.

Further work is needed also to verify the portability of the method to other
flatbed scanners and to estimate better the error level of human experts.
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