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Abstract. We explore the feasibility of implementing fast and reliable
computer-based systems for the automatic identification of weed seeds from
color and black and white images. Seeds size, shape, color and texture
characteristics are obtained by standard image-processing techniques, and their
discriminating power as classification features is assessed. These investigations
are performed on a database much larger than those used in previous studies,
containing 10,310 images of 236 different weed species. We consider the
implementation of a simple Bayesian approach (naive Bayes classifier) and
(single and bagged) artificial neural networks for seed identification. Our
results indicate that the naive Bayes classifier based on an adequately selected
set of classification features has an excellent performance, competitive with that
of the comparatively more sophisticated neural network approach. In addition,
we discuss the possibility of using only morphological and textural
characteristics as classification features, which would reduce the operational
complexity and hardware cost of a commercial system since they can be
obtained from black and white images. According to our results, under
particular operational conditions this would result in a relatively small loss in
performance when compared to the implementation based on color images.

1 Introduction

The process of manual identification of seeds by specialized technicians is slow, has
low reproducibility, and possesses a degree of subjectivity hard to quantify, both in its
commercial as well as in its technological implications. It is then of major technical
and economical importance to implement computer-based methods for reliable and
fast identification and classification of seeds. Automatic systems can be based on seed
images, from which classification features associated to seed size, shape, color and
texture (i.e., greytone variations on the surface) are readily obtained. For this task,
numerous image-processing algorithms are available, which complemented with
classification methods make the field of machine vision suitable for seed
identification.

Most previous attempts to identify seeds by machine vision have concentrated on
cultivated varieties[1-10], with image analysis essentially restricted to basic
geometrical measurements (shape factor, aspect ratio, length/area, etc.). More
recently, color images were also successfully used to establish seed quality and
characterize damages and diseases[11,12].



Besides varietal identification and cereal grain grading, early identification of
weeds from the analysis of strange seeds is also of major interest in the agricultural
industry. This can be done for the purpose of chemically controlling weed growth or,
as occurs in many countries, it can be routinely performed as part of official
requirements before a seed batch can be made commercially available (purity
analysis). Automatic identification of seeds of wild species is different from the
identification of seeds of varieties of a single species. To be approved as a variety, the
cultivated plants have to be homogeneous with respect to certain plant characters.
Wild species, on the contrary, tend to have larger intra-species variations. Moreover,
the variation between weed species will be in general larger, but seeds of some
closely related species can be very similar. From the color point of view, most weed
seeds are light to dark brownish or black. All these characteristics make the automatic
identification of weed seeds a priori a difficult classification problem.

An early attempt to identify weed seeds[13] showed the importance of using color
instead of black and white images to improve classification accuracy. More recently,
Chtioui et al.[14] compared the capabilities of linear discriminant analysis and
artificial neural networks (ANNs) to identify weed seeds from morphological and
textural parameters. However, these investigations considered only four different
species, which does not provide a good characterization of inter-species seed
variations. In a previous work we have assessed the discriminating power of different
seed characteristics for the unique identification of seeds of weed species[15]. We
used a simple Bayesian approach (naive Bayes classifier) to evaluate morphological,
color and textural characteristics measured from video images, establishing their
importance as classification features for weed seeds identification. In addition, we
presented classification results obtained using the same feature set as input of a
committee of ANNs. These studies were conducted on a much larger basis than
previous ones[13,14], including seed images of 57 frequent weeds found in
Argentina’s commercial seed production industry. In particular, the species are those
listed by Argentina’s Secretary of Agriculture as prohibited and primary- and
secondary-tolerated weeds.

Argentina’s law regulations require the analysis by registered laboratories of a
small sample before a seed batch can be made commercially available. In these
analyses, commercial and strange seeds present are separated, and the latter ones
identified one by one. The studies in [15] were part of a development to avoid the
continuous training of new technicians to perform this task, providing an automatic
classifier that could be used by less skilled operators. In spite of the good
performances of the classifiers developed in this previous work, the number of species
considered was still too small to draw definite conclusions on the viability of our
approach. Here we present a more extensive investigation of this problem by
considering a much larger database, consisting of 10,310 seed images of 236 common
weed species. Although this number of species is not yet enough for a commercial
system, which would probably require at least twice this capability, it is certainly
large enough to reassess the feasibility and limitations of the proposed development.

This work is organized as follows. First, we give, for completeness, a brief
description of the hardware used to capture the seed images and list the more relevant
morphological, color and textural parameters for identification purposes. More details
on image acquisition and a discussion on how these parameters were selected are



given in [15]. We present next the results obtained with the naive Bayes and ANN
classifiers and compare their performances. In addition, we investigate their
capabilities for seed identification without using color features, a possibility of
interest since black and white images are easier to process and the required hardware
is much cheaper. Finally, in the last section we summarize our work and draw some
conclusions.

2 Image acquisition and Classification Features

2.1 Hardware

The database contains 10,310 images of 236 different species (a list of these species is
available on request). Images with 768x512 pixel resolution were obtained using a
2/3” CCD video camera (XC-711P, Sony Corp, Japan), connected to a color frame
grabber (IC-PCI, Imaging Technology Inc, USA) with a 8-bit look-up table for each
red (R), green (G) and blue (B) channel. Illumination was provided by a 150W light
source (Fostec Inc, USA) with a standard 20V-150W halogen projector lamp (Ushio
Inc, Japan)), through a quadruple fiber optic bundle of 12.7mm diameter. All images
were taken to approximately fill the camera field of view by adjusting a 6.5X parfocal
zoom (6000 System, Navitar Inc, USA) with 0.5X and 2X lens attachments. This is
necessary given the large differences in seed sizes considered —from 0.2 to 15mm,
approximately— since, otherwise, the images of the smallest seeds would have shown
very little texture details.

2.2 Features

We initially measured 75 morphological, color and textural features from the raw seed
images to be later used for classification purposes[15]. To choose the best features in
each group (those with the largest discriminating power), we implemented standard
sequential forward and backward selection algorithms[16], using the performance of a
naive Bayes classifier as the selection criterion. This selection reduced the parameters
to nearly optimal sets of 10 morphological, 7 color and 7 textural features. The same
procedure applied to these 24 remaining parameters selected 12 (6 morphological, 4
color and 2 textural) features, which were finally used to build the classifiers. A list of
these final parameters is given below.

Morphology and size (see Fig. 1)

e Square root of seed area [SQRT(A)]

e Ratio of semi-axis lengths of the main principal axis [/ /7]

e Ratio of seed and enclosing box areas [A4/(h+hy) x (vi+vy)]

e Moments of the planar mass distribution with respect to the principal axes [M,,
M21; M22]



Color

e Variance of the intensity histogram [M,(/)]

e Skewness of the intensity histogram [Ms(1) / My(I)*?]

e Ratios of average pixel values in RGB channels [E(R)/E(), E(G)/E(])]

Texture
e Contrast[17] along the main principal axis direction
e Cluster Prominence[ 18] along the secondary principal axis direction

V1

Fig. 1. Definition of quantities related to seed shape used to compute morphological features

The moments of the planar mass distribution with respect to the principal axes
above defined are given by M= > x"y" 8 / Xody . Here x,y are the pixel
coordinates with respect to the principal axes and with origin at the image center of
mass, and §,, is equal to 1 if the pixel belongs to the image and 0 otherwise.
Furthermore, all morphological quantities were made dimensionless by conveniently
normalizing them by the required powers of the square root of the seed area (which
was taken as the only dimensional quantity). Notice that since we use the principal
axes as a reference frame for all measurements, the resulting values are independent
of image orientation. For color features, we considered the intensity / = (R+G+B)/3,
and E[.] in the above definitions means mean pixel value. Texture parameters were
obtained from gray level co-occurrence and gray-level run-length matrices, whose
precise definitions can be found in [17] and [18].



3 Classification Results

3.1 Color Images

Following the previous experience in [15], we implemented a simple Bayesian
approach to the classification problem (naive Bayes classifier) and compared its
performance with that of the more sophisticated ANN technique (see [19] for an
introduction to both methodologies). The naive Bayes classifier fits the class
conditional probabilities with a product of normal distributions of the individual
features, considered as independent classification parameters. For the ANN approach
we trained feedforward networks with 12 input, # hidden, and 236 output units. The
numbers of input and output units correspond, respectively, to the number of
parameters used and seed species to be identified. The number of hidden units was
varied from ~=20 to 4=100, monitoring the performance on cross-validation samples
set aside from the training data. The results presented below correspond to ~#=80
units, which lead to the smallest classification error on these samples. We employed
output units with softmax (normalized exponential) activation functions to allow the
interpretation of outputs as class probabilities. Furthermore, a cross-entropy error
measure was used, which is the standard choice for classification problems.

Both for the Bayesian and ANN approaches we split the 10,310 images of the 236
species considered in training and test sets. For this, we randomly chose, for each
species, 80% of the images to build the classifier and the remaining 20% to test it.
This leaves a large database with 8,250 images for training and also a fairly large test
set with 2,060 images. The ANNs were trained with the usual backpropagation rule
until convergence, since only negligible overfitting problems were observed. This
avoided the use of part of the training set for validation purposes (except for the initial
selection of the optimal number of hidden units). In [15] we found that there is not
much gain over the performance of a single ANN by structuring several of them in a
simple committee. Here we explored the slightly more sophisticated “bagging”
approach[20] to build a composite ANN classifier. All the results quoted below
correspond to an average over 30 independent experiments.

Table 1 gives average performances and standard deviations for both the training
and test sets. It also shows how performance increases when the system assigns a test
image to any of the » most probable classes, starting from »n=1 (standard
classification) to n=5. That is, for n > 1 the classification is considered as correct if
the test image corresponds to any of the n classes with the largest probabilities output
by the classifier. This possibility is very useful in practice, since untrained operators
can easily select the correct option by simple visual comparison with stored
representative seed images of the n classes suggested by the classifier. We give the
results of a single (generic) classifier and those obtained by ensembling 100
classifiers according to the bagging technique. In this last case, the classifiers were
trained on bootstrap re-samples of the training set, which gives them some diversity.
In particular, the class probabilities output by the 100 ensemble members were added
and the image was assigned to the class with the largest sum value. Notice that, unlike



ANNSs, the naive Bayes (NB) classifier is a stable algorithm, so that its diversity
comes only from the bootstrap re-samples of the learning set.

Table 1. Performances of different classifiers as percentage of correct seed identifications using
the optimal set of 12 features. Mean values and standard deviations are estimated from 30
independent experiments, as described in the main text

n=1 n=2 n=3 n=4 n=5
Classifier
Training Test Test Test Test Test
N Single 950+0.1 924=04 97.0+03 984=02 989+0.1 99.1+0.1
B Bagging 95.2+0.1 92.6+04 973+0.2 98.6+0.1 99.0+0.1 99.2+0.1
A Single 99.9+0.1 92.5+04 969+0.3 982+02 98.7+0.2 99.1+0.2
N
N Bagging 100 93.0+£04 974+£03 985+£0.1 99.0£0.1 99.3+0.1

We stress the excellent performance of the naive Bayes classifier, which might be
related to an effective near independence of the selected classification parameters.
This point had already been remarked in [15]. However, there we (wrongly)
speculated that for a much larger number of species the classification problem would
be more demanding and a ANN ensemble might have an advantage over simpler
methods. We also see that the performance of single classifiers leaves not much room
for improvement by bagging them (the small differences between single and bagged
algorithms are, however, statistically significant). Finally, notice that, for simplicity,
feature selection was performed using the naive Bayes classifier, which may not
necessarily produce an optimal set for the ANN approach.

From Table 1 we see that, for the 236 different weed species considered, when the
bagged classifiers are allowed to suggest four options for class membership they
reach a performance of 99%. For comparison, in our previous work this performance
was obtained with n=3 for only 57 different species in the database. Finally, we stress
the fact that different realizations of training and test sets do not substantially change
performances, as indicated by the low standard deviations observed in the 30
independent runs.

3.2 Black and White Images

In general the largest discriminating power corresponds to morphological features.
This was established in [15], where it was also shown that, as expected, color features
are not particularly good as classification parameters since many species are light to
dark brownish or black. On the other hand, texture characteristics are even less
reliable than color ones for classification purposes. Furthermore, if one combines any
two sets of features, it was found that morphology plus color features have an edge
over the combined use of morphology and texture characteristics. However, in this
last case it would be enough to consider black and white images, which constitutes an



important simplification in system’s operation and leads to a reduction in cost. In fact,
color images require a much better control of illumination conditions than black and
white ones, and the required acquisition hardware (RGB camera, frame grabber, etc.)
is substantially more expensive.

Table 2. . Performances of different classifiers as percentage of correct seed identifications
using the 10 features that can be obtained from black and white images. Mean values and
standard deviations are estimated from 30 independent experiments, as described in the main
text

B&W n=1 n=2 n=3 n=4 n=5

10 features  paining Test Test Test Test Test

N Single  89.0+03 852+0.7 934+06 96.0+05 97.4+04 98.1+03
B Bagging 89.5+02 855+0.6 93.8+0.7 965+04 97.8+03 98.4+03
A Single 98.9+04 859+08 933+0.6 958+05 97.1+0.5 97.9+04
E Bagging 99.6+0.1 87.3+0.6 94.1+0.5 965+04 97.6+04 98.2+0.3

To explore in more detail the possibility of working with black and white images to
identify weed seeds, one can consider using only the 8 morphological and textural
features listed in the previous section. However, since two of the color features there
mentioned are related only to the intensity channel (variance and skewness of the
intensity histogram), they can also be obtained from black and white images.
Consequently, we have explored the classification capabilities of a system built in
terms of the resulting set of 10 features (Table 2). For n=5 the best classifier has a
performance above 98% of accuracy, only less than 1% below the accuracy obtained
including color features. Unfortunately, for n=1 (standard classification) there is a
larger loss (from 93% to 88%). Of course, this performance might still be acceptable
depending on regulations tolerance in concrete applications.

4 Summary and Conclusions

We extended our previous work [15] on the feasibility of using machine vision
algorithms for the identification of weed seeds. We considered a large database
comprising 10,130 images of 236 species, and discussed the discriminating power of
weed seed characteristic measured from color images. The features considered were
the same used after a careful selection performed in [15], seeking for the best
classification parameters using the performance of a naive Bayes classifier as
evaluation criterion. This lead to the nearly optimal set of 12 characteristics —6
morphological, 4 color and 2 textural properties— listed in Section 2.

For the large database considered in this work, the naive Bayes classifier produced
again excellent results, as shown in Table 1. This seems to confirm the conclusion,



already advanced in our previous work, that due to the careful parameter selection the
set retained approximately fulfills the independence assumed by the naive Bayes
approach. Table 1 also shows that the performance of this simple Bayesian approach
and those of classifiers based on ANNSs are essentially the same (except perhaps for
n=1, where the latter are slightly better). In particular, for the bagged versions these
performances reach 99% for n=4 classification options.

We have also investigated the possibility of using only black and white images of
weed seeds. This alternative is appealing since in this case illumination conditions are
less critical and the required hardware much cheaper, which are important advantages
for a potential commercial system. Our results in Table 2 show that, by using a set of
10 features which includes the 8 morphological and textural characteristics and 2
parameters associated to the intensity histogram, the ANN approach is able to reach
approximately 98% of classification accuracy. This is only a 1% loss with respect to
the use of color features, and might still be an acceptable performance depending on
the application. Notice that even in this more difficult problem the ANN approach
does not perform better than the simpler Bayesian approach.

The number of species considered in this study is large enough to draw some
definite conclusions. First, for not too critical applications involving the identification
of a few hundred species, the present approach is effective and might even be
implemented using black and white seed images. This is the case of the intended
application of our work, in commercial seed purity analysis. For more critical
problems, where either the identification performances in Tables 1 and 2 are not
enough, presenting several options to an operator is not feasible, and/or the number of
species involved is extremely large —like, for instance, for botanical gardens use— the
implemented classifiers have to be improved. There are several ways of doing it: As
already mentioned, feature selection for the ANN classifiers should be performed
using an ANN as the selection criterion, although this would not probably make them
much more efficient; more sophisticated feature selection methods [16,21] that the
one used in [15] could be implemented; a better control of illumination conditions than
the one used in this study (for instance, keeping the background color constant by an
electronic control of the light source) would enhance the discriminating power of color
and texture parameters; etc. In addition, “boosting” techniques[22,23] can be applied to
improve the capabilities of the basic learners studied here, other standard
classification methods may be considered (boosted trees, for instance), and the whole
classification strategy might be changed to a more ad hoc method better suited for this
application . Some of these possibilities are currently under consideration.
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