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Abstract: A new cotton recognition method is proposed in this paper. It provides
parameters for motion of the manipulator so that it can acquire precise location
information of cotton, identify cotton from surroundings correctly, and
accordingly pick up them automatically. This method is based on color
subtraction information of different parts of cotton. Furthermore, in order to
increase accuracy rate of cotton recognition, dynamic Freeman chain coding is
used to remove noise. Experimental results show that the proposed method has
good performance for cotton identification.
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1. INTRODUCTION

Agricultural automation and intelligence have become a major issue in
recent years (Shiqchil, et al. 2001; Alessio, et al. 2001; Slaughter, et al.
1999). However, autonomous harvesting robots have not yet been
commercially applied in horticulture practices. Obviously, the price and
performance of harvesting robots have not yet met the requirements for their
successful introduction in harvesting practices (Yud-Ren, et al. 2002; Sander,
2005; VanHenten, et al. 2003; Elias, et al. 2003; Tadhg, et al. 2004). In this
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paper, a new cotton recognition method is introduced, which is based on
color subtraction information. Besides, the modified dynamic Freeman chain
coding is used to further increase recognition accuracy.

2. COLORANALYSIS FOR COTTON

In image processing, there are six color spaces widely used, namely, RGB,
normalized rgb, HIS, YCrCb, L'a’b" and I;I,I;. The objects investigated are
four hundred images of cotton taken in Jiangpu Farm of Nanjing
Agricultural University from ten to twelve in the morning and from two to
four in the afternoon from October to November in sunshiny weather. Each
image is 24-bit true-color. Color data of cotton fruits, leaves and stems are
extracted from these images. According to transition formulas of different
color space (Stephen, et al. 2003), color mean distributions of them in six
color space models are respectively drawn as shown in Figure 1.

Although I,1,1; and L"a’b color space can be used to identify cotton fruits
from background, they need much time to convert from RGB module to
other spaces. In general, none of the six color space can precisely identify
cotton fruit from the background in real-time.
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Fig.1 Mean distribution of color of cottons, leaves and stems in six color models
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3. IMAGE PROCESSING ALGORITHM FOR
COTTON RECOGNITION

3.1 Color subtraction module

In order to correctly identify cotton fruits from the background in real-
time, a new color module was developed. According to above analysis, it can
be seen that the color values of red, green and blue of cotton fruits are quite
the same, whereas other two are quite different. Hence, this character can be
used to differentiate cotton fruits from the other two. The distribution of red-
blue(R-B), red-green(R-G) and green-blue (G-B) of cotton fruits, leaves and
stems are shown in Figure 2.

In this paper the subtraction value of red and blue is selected. And the
algorithm is as follows:

g(x,y)={0 Jf fx,y)<T

255, otherwise 1)

Where f(x, y) is the gray value of pixel (x, y), and T is the threshold. As
example, Figure 3(b) is recognition result by color subtraction module.
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Fig.3 Original image and recognition results

3.2 Dynamic Freeman Chain Coding

In order to solve the white points in Figure 3(b), a new method of dynamic
Freeman chain coding is proposed.
The algorithm of dynamic Freeman chain coding is as following:
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(1)Scan the binary image, if the pixel value is 255, then labeled, and use
the rule of Freeman to trace anticlockwise.

(2)Compute the perimeters of different regions.

(3) Remove the region which perimeter is less than T which is calculated
by the formula:

T=uh+unP (2)
M1
I[ll = n
erimeter
IZ:; P = 1=y (3)

Where P, is the median value of perimeter, P, is the maximum value of
perimeter, u; and p, are weight indexes, M, is the number which perimeter is
less than the median value. If perimeter is less than T, the value of the pixel
in the region is 0, otherwise 255.

Figure 3(c) shows the recognition result by dynamic Freeman coding.

4. PERFORMANCE EVALUATION

In this section, we evaluate the image processing algorithm for cotton
recognition by experiments. Table 1 shows the experimental results. It shows
that accuracy of recognition reaches above 85% in the four experiments.

Table 1. Recognition results for cotton fruits.

Number of Number of cotton Recognition results by Accuracy (%)
images fruits Freeman coding
20 42 37 88.09
50 101 87 86.14
100 182 158 86.81
150 273 237 86.81

S.  CONCLUSIONS

A new cotton recognition method is proposed, which is based on color
subtraction of different parts of cotton. Besides, dynamic Freeman chain
coding is used to increase recognition accuracy. Experimental results show
that the method has high performance for no-overlapping individual cotton
recognition.
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