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ABSTRACT
The genetic variety of sugarcane is a major factor in many aspects of sugarcane production. It can control growth rates, yield,

sugar content, and resistance or susceptibility to pest and diseases. Thus, reliable auditing of the varieties grown in different
areas is necessary for profitable sugarcane cropping. The specific objectives of this study were: a) to assess the spectral
separability of different sugarcane varieties, b) to determine which plant attributes will provide the potential discriminating
features, and c) to assess the accuracy of image classification to map sugarcane varieties.

Using an atmospherically corrected EO-1 Hyperion image acquired over Mackay, Queensland, Australia, the apparent
reflectance signatures from sample areas of sugarcane varieties were analysed using discriminant analysis (DA) to explore
spectral separability and to determine the optimum bands and indices. Five and eight cane varieties were separately used for
each DA run. Then, image classification was implemented for eight cane varieties using four selected classification
algorithms. These were independently performed for: a) 152 individual Hyperion bands, and b) a selection of 20 spectral

vegetation indices.

From the discriminant analysis, the classification results indicate a high discrimination between cane varieties, i.e. 97%
accuracy for five varieties and 74% for eight varieties. The best indices for discrimination were OSAVI, TCARI, Ratio 770/550,
Pigment Specific Simple Ratio (Chlorophyll b) and Simple Ratio 800/550, indicating that pigments and the leaf internal
structure were relevant in the discrimination. However, for the classification of the entire image, the results were not
encouraging; the highest classification accuracy was only 46%. The low accuracy can be attributed to the high number of
classes used (i.e. eight cane varieties) and the many confounding factors pertaining to crops, management regime, growth
stage, and background features such as soils. Thus, future approaches should consider the integration of non-image
information (e.g. soil information, crop calendar, etc.) and/or exploring the usefulness of other measurable plant attributes

(e.g. leaf/canopy geometry).

1. INTRODUCTION
The genetic variety of sugarcane is a major factor in many aspects of sugarcane production. It is related to growth, yield,

sugar quality, and resistance or susceptibility to pest and diseases (Bull, 2000; Cox, et al., 2000; Croft, et al., 2000; Bonnett,
1998). Variety is so central in sugarcane cropping that the Sugarcane Industry Act 1999 of Australia requires growers to only
plant and grow those varieties covered in the “BSES Approved Variety List”. Thus, reliable information about cane varieties is
necessary in sugarcane cropping, particularly when conducting sugarcane growth and yield prediction, or pest and disease

vulnerability assessment.

While the use of remote sensing for mapping sugarcane crops has already been attempted (e.g. Soria, et al., 2002;
Hadsarang and Sukmuang, 2000; Lee-Lovick and Kirchner, 1991), its specific application to sugarcane variety mapping has
been rarely exploited. In addition, the advent of hyperspectral sensors that can potentially discriminate subtle differences in
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plant bio-physical and bio-chemical attributes has provided new opportunities (e.g. Kumar, et al., 2001).

Therefore, the aim of the study was to examine the potential of a spaceborne hyperspectral sensor (EO-1 Hyperion) to
discriminate and map sugarcane varieties. The specific objectives were:

a. to assess the spectral separability of different sugarcane varieties;

b. to determine which plant attributes (e.g. leaf pigments, leaf internal structure, water absorption, etc.) will provide the
potential discriminating features for sugarcane variety mapping; and

c. to assess the accuracy of image classification to map sugarcane varieties.

This study was related to our recent work on using Hyperion data for discriminating sugarcane “orange rust” disease (Apan, et
al., 2004). We used the same study area and pre-processing techniques for the Hyperion hyperspectral image.

2. RESEARCH METHODS

2.1. Study Area

The study area is located near Mackay (149° 4¢ E and 21° 15¢ S), Queensland, Australia (figure 1). The region is the largest
sugar-producing area in Australia. It is dominated by subtropical weather patterns: heavy rainfall in summer and typically dry

weather during winter.

There were 20 sugarcane varieties in the study area during the time of image capture. However, 11 varieties constitute about
99% of the total study area. For the statistical analyses and image classification, only eight (8) varieties (about 93% of the

total study area) were used.

Mackay

Figure 1. Colour composite of Hyperion image subset (1660nm, 800nm, and 680nm in RGB) captured over a section of the
Mackay sugarcane region on 2 April 2002.

2.2. Hyperion Data and Pre-Preprocessing

A Hyperion image was acquired over the study area on 2 April 2002. It covers 242 bands spanning the wavelength range from
356 nm to 2577 nm, with nominal bandwidths of 10 nm. Hyperion has two spectrometers: one for the visible and near-infrared
(VNIR: 356 nm to 1058nm) region, the other for short-wave infrared (SWIR: 852nm to 2577nm). This satellite borne sensor
covers a swath width of 7.6 km with a 30-m ground pixel size.

The preprocessing techniques applied to the Hyperion image were reported in Apan, et al. (2004). These included the
following tasks: a) re-calibration, b) band selection, c) de-streaking, d) repair of “bad” (non-responsive) pixel values, €)
conversion to apparent surface reflectance using ACORN 4.10 atmospheric correction software (Analytical Imaging and
Geophysics LLC, 2002), f) use of minimum noise fraction (MNF) transformation smoothing, and g) application of the Empirical
Flat Field Optimal Reflectance Transformation (EFFORT) polishing technique (Boardman 1998). The original 242 bands were
reduced to 152 bands, by excluding the zero data bands, VNIR/SWIR overlap, and the strong water vapour absorption
bands.

2.3. Spectral Vegetation Indices and Discriminant Analysis

In addition to the 152 individual Hyperion bands, we used forty (40) spectral vegetation indices (SVIs) generated from our
former study (see Apan, et al., 2004). These included Simple Ratio 750/705, Normalised Difference 800/680, Modified
Chlorophyll Absorption in Reflectance Index (MCARI), Transformed Chlorophyll Absorption in Reflectance Index (TCARI),
Optimised Soil-Adjusted Vegetation Index (OSAVI), to name a few. (Refer to Apan, et al., 2004, for the complete list, the
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formula used, and the respective references).

Polygons corresponding to eight sugarcane varieties were digitised around sugarcane blocks. A discriminant function analysis
was used to generate discriminant functions based on linear combinations of Hyperion indices that provided optimum
discrimination between sugarcane varieties (SPSS 2001). This will indicate the magnitude of separability and the
corresponding optimum indices. The evaluation of the model’s accuracy was performed by classifying a “hold-out sample”
corresponding to 30% of the total sample pixels.

2.4 Image Classification, Post-classification Smoothing and Accuracy Assessment

Using the ENVI 3.5 software, image classification was separately performed for the a) 152 “raw” bands and the b) 20 optimum
SVI images. Focusing only on the eight sugarcane varieties, four classification algorithms were employed: minimum distance,
Mahalanobis distance, maximum likelihood, and spectral angle mapper.

For the classification accuracy assessment, we used the Mackay Sugar GIS layer of paddock/farm information as the ground

truth data. Using simple random sampling, 11,388 pixels were generated and used in the error/confusion matrix accuracy
assessment procedure. The overall accuracy and the kappa index of agreement were calculated by the ENVI software. To
test the effect on accuracy, several post-classification smoothing transformations were applied to the image classified by the
maximum likelihood classifier on the 20 SVI images.

3. RESULTS AND DISCUSSION

3.1 Discriminant Analysis

Figure 2 suggests that separation of two or three selected sugarcane varieties is possible. For instance, in the 550nm band,
Q124 and Q136 have good separability. The same relationship can be observed in the 680nm band. Furthermore, higher
separability can be observed between Q124 and Q185 in the near infrared region (e.g. 800nm band). In the shortwave
infrared (SWIR) region, Q124 and Q190 have high separability in the 1660nm and 2220nm bands. However, when
considering all the eight classes, the graph indicates that other varieties have poor spectral separability. For example, in the
visible (550nm and 680nm) and NIR (800nm) regions, Q138 and Q190 have very close mean values.

MEAN SPECTRAL VALUES OF SELECTED SUGARCANE VARIETIES
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Figure 2. Mean spectral values of individual Hyperion imagery for the selected eight sugarcane varieties. Standard deviation
plots not displayed.

The results of the discriminant function analysis on the Hyperion sample pixels of 40 SVIs indicate that the sugarcane
varieties can be well discriminated. The classification accuracies for the sample pixels were relatively high: 97.4% for 5
varieties and 72.4% for 8 varieties. Based on 25 th function coefficients, the optimum indices for discrimination are the
following: Optimised Soil-Adjusted Vegetation Index (OSAVI), Transformed Chlorophyll Absorption in Reflectance Index
(TCARI), Normalised Difference 750/705, Pigment Specific SR (Chlorophyll b) and Simple Ratio 800/550. These indices were
all generated from bands located in the visible and near infrared region (rather than the SWIR region), indicating that
pigments and the leaf internal structure were relevant in the discrimination.

3.2. Image Classification
For image classification of sugarcane varieties for the whole image, the results are not promising: the maximum accuracy was
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only 43.9%, obtained by the maximum likelihood classifier (table 1). This figure was improved slightly using the post-
classification majority filter, attaining the highest accuracy of 46%. On the other hand, the accuracy for the 152 individual
bands was lower at 42.5% (the maximum value).

Table 1. Overall accuracy and kappa coefficient index for the imagery classified using the 20 optimum vegetation
indices selected from the discriminant analysis output

Classification Algorithm Cwerall Accuracy Kappa
Coeflicient
I Minimum Distance 4,790 pixels [ 11 388 pixels | 0.29
42.0%
2. Mahalanobis Distance 38.4% 0.19
3. Maximum Likelihood 43.9% 01,35
4. Spectral Angle Mapper | 33.6% 0,22

Aside from the relatively high number of classes used (i.e. 8 varieties), the low accuracy could be attributed to many factors
that can not be easily isolated or controlled. For instance, even if two or three sample varieties are spectrally distinct based
on discriminant analysis, the differences in crop growth stage, management regime, and crop health (e.g. due to nutrition,
water stress, pests and diseases, etc.) of the sugarcane fields in the study area, may have “degrading” or confounding effect
on their separability.

Some limitations of the “traditional” classification algorithms to classify hyperspectral imagery may be a possible reason for
the low classification accuracy. For instance, initial results of a study using the same Hyperion dataset for sugarcane variety
discrimination show that Random Forest (bagged CART type procedure which grows many trees) and Support Vector
Machine (machine learning algorithm) can produce high classification accuracies (Lowe, personal communication).

4. CONCLUSIONS

With the samples analysed using discriminant function analysis, the results show that sugarcane varieties can be
discriminated using hyperspectral imagery. The best indices for discrimination were those related to leaf pigments and leaf
internal structure. However, for the classification of the entire Hyperion image, the accuracy was low. This low accuracy can
be attributed to the relatively high number of classes used, and the many confounding factors pertaining to crops,
management regime, growth stage, and background features such as soils. In addition to leaf pigments and leaf internal
structure as the basis of discrimination, it may be possible to focus on other non-image information (e.g. soil information, crop
calendar, etc.) and some other attributes of the crop (e.g. leaf/canopy geometry) to improve the classification accuracy.
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