Retrieval of leaf chlorophyll content of paddy rice
with extracted foliar hyperspectral imagery
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Abstract—Retrieving foliar chlorophyll content with canopy
spectral data is critical for understanding the growing status and
yield estimation of paddy rice. However, given the field of view of
rice canopy is a mixture of plant organs (i.e., leaves, stems and
spikes) and backgrounds (i.e., water, soil and gaps), spectral
signals from the targeted portions were disturbed by other
portions, thus result in a limited accuracy for foliar chlorophyll
content estimation, particularly when the canopy closure was low.
As an advanced remote sensing technology, hyperspectral
imaging sensors could collect information from both image and
spectral dimensions, which allows the identification and
separation of different plant portions and backgrounds within the
scene. Based on this principle, this paper proposed a method
using refined spectrum for retrieving rice foliar chlorophyll
content. The experimental data consisted of 58 hyperspectral
images of rice canopy that were obtained by a Cubert S185
hyperspectral imager. Besides, corresponding chlorophyll content
of rice leaves was measured with a SPAD meter. To retrieve
foliar chlorophyll contents with refined spectra, a spectral
purification procedure was established. Background of rice
images was firstly removed by a decision tree method. Then, rice
spikes could be removed according to an object-oriented
classification which thus left the portion of rice leaves. Vegetation
indices were extracted from the refined leaf spectra and were
correlated with foliar chlorophyll content. Comparing with the
performance of vegetation indices with original canopy
hyperspectral data in retrieving foliar chlorophyll content, results
suggested that retrieving accuracy based on refined spectra
resulted in a significant improvement. The proposed spectral
purification procedure helps to mitigate the background impact
by wiping out those non-target spectral signals, which thus
substantially improve the retrieval accuracy. Such a method can
lay a good foundation for subsequent development of some built-
in algorithms for in-situ sensors and UAV remote sensing
platforms.
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Retrieval of crop biophysical and biochemical components
with crop spectral information has the characteristics of timely,
rapid and non-damaging for crop monitoring. It is suitable for
dynamic monitoring and precision management of crops at the
field scale in modern digital agriculture. The commonly-used
ASD filed spectroradiometer (Analytical Spectral Devices, Inc.,
Boulder, CO, USA) can only obtain spectral information of the
spot like ground objects. However, the device cannot obtain
joint information of both imagery and spectrum, and it can
neither realize image display, diagnosis and decision of crop
growth information. Generally, canopy spectral data collected
by ASD devices is the average of spectrum that collected in
specific area and is often affected by the weaker part of plant
below canopy and the environment. In recent years, joint
information of both imagery and spectrum has advanced
extensive research progress in crop identification, nutrient
diagnosis, feature extraction, inversion and extraction of
ecological physical parameters, establishment of agricultural
remote sensing information models, and disaster detection. And
it has gradually become a hot topic at home and abroad. The
significant progress made in image classification algorithms
provides opportunities for analysis of hyperspectral image data.
For example, Pu (2011) developed a stepwise masking system
with high resolution IKONOS imagery to identify and map
urban forest tree species/groups in the City of Tampa, Florida,
USA. Based on images that captured by UAV remote sensing
techniques, Carlos Poblete-Echeverria et al. (2017) compared
the performance of four classification methods (K-means,
Artificial Neural Networks (ANN), Random Forest (RForest)
and Spectral Indices (SI)) to detect canopy characteristics in a
vineyard trained on VSP. With visible/near-infrared images,
Tang et al. (2011) used threshold method to segment plant and
soil background based on spectral characteristics of different
materials. Using SVM algorithm, they combined plant canopy
texture features, shape features, and multi-spectral reflection
features to construct a decision binary tree for identifying
maize seedlings and their associated weeds. The identification
resulted in the highest recognition rate of 96.7% and the



average recognition accuracy rate was 89.7%. these researches
indicated that it is of great significance to make full use of the
characteristics of union of imagery and spectrum to purify
images for subsequent research.

Based on the mentioned literatures, this study aimed to use
imaging spectrometer to obtain rice canopy images, and
spectrally purify these images to obtain rice leaf hyperspectral
images, and then retrieve foliar chlorophyll content in order to
obtain specific spectra using this method. It is expected that
better prediction accuracy could be achieved by this method
than published spectral purification and provide better research
ideas and methods for detection of rice growth.

II. MATERIALS AND METHODS

A. Study Area and Data Acquisition

The experiment was conducted on September 25", 2017 at
China National Rice Research Institute, which located in
Fuyang District, Hangzhou, Zhejiang Province. The rice
canopy hyperspectral images were measured by a Cubert S185
Imaging Spectrometer with a 4nm spectral resolution (450-950
nm). All spectral measurements were performed between 10:00
and 14:00 during the clear, sunny day, and the S185 sensor was
located approximately 50 cm above rice canopy. Each spectral
measurement was calibrated using a white reference panel with
99% nominal reflectance. After the rice canopy spectrum test
was completed, chlorophyll content of the inverted three-layer
functional leaves within rice canopy in the observation area
was measured using a SPAD instrument, and a total of 30
measurements were averaged. In this experiment, rice canopy
hyperspectral image data collection was performed on 58
measurement points in the area.

The technical solution flow chart is shown in Fig. 1.
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Fig. 1. Technical solution flow chart

B. Spectral Extraction of Rice Leaves

1) Removal of Background from Rice Canopy
Hyperspectral Image

Considering that spectral purification process in the rice
canopy hyperspectral images require removal of non-leaf
effects, the background that needed to be removed in the color
space and the lower canopy leaves are severely affected by
light, and the desired threshold difference between rice leaves
is large. Therefore, a decision tree classification algorithm is
used to remove the background. The thresholds between
background that needed to be removed in the color space and
the lower canopy blades that are affected by light are much
larger than those of rice leaves. Therefore, the decision tree
classification algorithm could be used to remove the effect of
background.

Rice canopy hyperspectral images contain rice spike,
ground and rice leaves. Due to light scattering, reflection and
refraction, rice leaves under the shooting canopy are weakly
lighted. In green band, the difference between background and
leaf is the most obvious. Therefore, a reasonable threshold
could be selected as the decision tree classification criterion for
green band of hyperspectral images, and then the weaker parts
could be removed accordingly.

Usually, classified images often contain isolated islands.
Therefore, we need to filter and cluster the image after
classification. The classified images often lack spatial
continuity (the presence of spots or holes in the classified area).
Clustering solves this problem. First, classification map is
selected using appropriate morphological operator to merge the
areas where the funnel spots appear. The filtering process uses
the spot grouping method to eliminate isolated classification
pixels. It mainly determines whether the pixel is in the same
group as the surrounding pixels by analyzing pixels around the
pixels. If the total number of cells analyzed is less than the
selected cell total threshold, the cell is then removed.

2) Removal of Rice Ears from Rice Canopy Hyperspectral
Images

The color space-based classification method cannot
remove rice ear, since the gap between rice ear and top leaf of
rice canopy is small, and cannot be removed by decision tree
classification algorithm. There is a big gap between rice spike
and leaf in shape and texture, and object-oriented classification
method can synthesize rich information in terms of spectrum,
shape, structure, texture, and related layouts, so as to better
remove rice ears and improve the accuracy of classification.

In rice hyperspectral imagery, in addition to separation of
targets with large differences in color thresholds between rice
leaves, rice ears removal based on spectral, shape, and texture
features is also required. Finally, a hyperspectral image
containing only rice leaves could be obtained. Firstly, based on
edge detection algorithm, brightness and texture of rice, leaf
and background have large differences. The boundary of
images can be detected by the derivative of images. When
images are segmented, some features are misclassified because



the threshold is too small, and a feature may be divided into
many parts. These problems can be solved by combining
algorithms. The hyperspectral image is divided into multiple
small blocks by selecting a reasonable segmentation threshold
and a merge threshold.

The above-mentioned edge detection algorithm divides the
hyperspectral image into a plurality of fragments, and sets a
total of three types of classification criteria for the fragmented
fragments, i.e. background, rice ears and rice leaves. In each
category, different numbers of samples were manually selected
as training sets. The obtained hyperspectral training set image
samples were trained, and the classification of the required
samples was performed using a support vector machine
classification algorithm.

C. Inversion Model of Leaf Chlorophyll Content of Rice

1) Selection of Hyperspectral Vegetation Index

The bands commonly used to estimate chlorophyll content
are 550 nm and 700 nm bands that are slightly biased. Similar
studies have also shown that when chlorophyll accumulation is
low, it is sensitive to reflectivity of band near 675 nm; when the
accumulation is normal or high, it is sensitive to reflectivity of
band near 550 nm. Many studies have shown that leaf
reflectance spectra can be used to assess crop chlorophyll,
carotenoid, etc. Many spectral vegetation indices have been
proposed mainly for estimating green biomass. Similarly,
hyperspectral data can also be used to estimate leaf pigment
content, and it is usually correlated with crop chlorophyll
density.

In this study, spectral data of rice canopy in the range of
550-950 nm were extracted, and by consulting the literature,
several vegetation indices related to chlorophyll content in the
range of this band were searched. And vegetation index was
selected through correlation analysis. The characteristics,
formulas, references of VIs used were given in Table I .

TABLE L INDICES TESTED IN THIS STUDY FOR INVERSION OF FOLIAR
CHLOROPHYLL CONTENT
Spectral index Formula Reference
Structural Independent
: - +
Pigment Index (SIPI) (Rg00-Ras0)/(RgooTRes0) [5]
Photochemical Reflectance
Index (PRI) (Rs31-Rs70)/(Rs31™R570) (6]
Green Normalized
Difference Vegetation (Rg0o-Rs50)/(RgootRs50) [7]
Index (GNDVI)
Plant Senescence
Reflectance Index (PSRI) (Reso - Rsoo) /Rso [8]

Red Normalize Difference

Vegetation Index (RNDVI) (Ras0-Ra0s)/(R7so+Ra0s)

(910101

2) Partial Least Squares Regression Modeling

According to correlation analysis between leaf chlorophyll
content and hyperspectral vegetation indices, 3 vegetation
indices were selected to retrieve foliar chlorophyll content
before and after rice purification. Partial least squares is a

combination of principal component analysis, canonical
correlation analysis, and multiple linear regression analysis.
When variables are internally highly linearly related, partial
least-squares regression is much effective. Using the selected
vegetation indices as independent variables and foliar
chlorophyll content as a dependent variable, a partial least-
squares regression model was established for analysis. And
cross-validation method was further used to wverify the
regression model.

III. RESULTS AND DISCUSSION
A. Purification of Rice Leaf Spectra

1) Background removal

After repeated experiments on hyperspectral images of the
samples in the study, an x-axis was selected in each image to
obtain an axial straight-line threshold image. It was found that
almost all backgrounds were selected when the threshold value
was 400 at wavelength of 538 nm. The best segmentation could
be obtained. For this reason, we determined the threshold as the
image segmentation standard and created a blade area mask.
The red line in Fig. 2 represents the selected X-axis selected in
the image, and Fig. 3 is the threshold for selecting the x-axis.
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Fig. 2. Position of the selected X axis presented with image data
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As for the isolated islands in the classified image, the
masked results after filtering and clustering are shown in Fig. 4.



Fig. 4. Decision tree classification algorithm(a: Mask results after decision
tree classification.b: Masking results after filtering and clustering)

2) Removal of Rice Spikes

After removing the background, we used object-oriented
edge monitoring and combining and merging algorithms to
divide images' rice leaves and ears into different spot sizes, to
select the 750 nm band, and to determine segmentation
threshold as 80. The threshold selection of the image merging
algorithm was 85. Then, leaves of the image and rice ear were
divided into different size spots, and different numbers of
samples were selected manually in leaves, ears, and
background. The number of leaf spots were chosen to be 60,
and the background spots were selected to 15, and the rice
panicle spots were selected to 60. Then the image was
classified into rice ears, leaves and background based on
support vector machine classification algorithm. After the
classification map is obtained, the mask is established to purify
the leaves to obtain maps of leaves and extract the
corresponding spectral features. The result is shown in Fig. 5.
which is done using ENVI5.3 .

(b)

Fig. 5. Object-oriented classification algorithm(a:Threshold segmentation
based on edge detection.b: Support Vector Machine Classification
Result )

3) Evaluation of purification precision

Based on the classification results, 5 ROIs were randomly
selected for each type of sample in the original images, and the
size of ROI pixel area was larger than 25*25. The

classification results were evaluated, and the accuracy of the
classification results was determined using a confusion matrix.
The accuracy of the classification was calculated by
comparing the position of each measured pixel with the
corresponding position in the classification image. The
classification accuracy evaluation result is shown in the table
1L

TABLE I EVALUATION OF CLASSIFICATION ACCURACY
Ratio of true and Classification
category . s
classification results accuracy
Rice spikes 4312/4939 87.31%
Rice leaves 4528/4826 93.83%
Total 8840/9765 90.53%

B. Chlorophyll inversion based on spectral purification

1) Selection of Hyperspectral Vegetation Index

Through the analysis of 58 image data samples, correlations
between vegetation indices and foliar chlorophyll content
before and after purification of rice canopy were established,
and three spectral indices with the highest correlation were
selected. The results are shown in Table 3, The correlation of
the spectral purification was improved before the spectral
purification. According to the correlation analysis, three indices
including SIPI, PRI, and GNDVI were used to retrieve rice
foliar chlorophyll content.

TABLE III. CORRELATION ANALYSIS OF VEGETATION INDICES
Spectral index B.e fore‘ éfter.
purification purification

SIPI 0.843 0.882
PRI -0.726 -0.836
GNDVI 0.631 0.790
PSRI 0.353 0.414
RENDVI 0.211 0.564

2) Analysis of chlorophyll inversion

Spectral indices were analyzed with spectral purification of
58 rice canopies and spectral characteristics which were
extracted. A partial least-squares regression model was
established for analysis. The estimated model established
before spectral purification was y=-19.57x1+101.26x2-51.60.
x3+8.93, the model after purification was y=-
28.35x1+112.04x2-29.46x3-19.79 (x1 stands for PRI, x2
stands for SIPI, and x3 stands for GNDVI). The data before



spectral purification was used to invert the chlorophyll content,
R? was 0.741, and the sum of squared residuals was 288.42.
The data after spectral purification was used to invert the
chlorophyll content, R* was 0.786, and the residual square sum
was 237.89. The cross-validation of the prediction results
before and after purification were performed. The cross-
validation of R* was 0.703 before purification, and the cross-
validation of R* was 0.753 after purification. The predicted
results before and after purification are shown in Fig. 6 and
Fig. 7.
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Fig. 6. Comparison between predicted and measured values of foliar
chlorophyll content before spectral purification
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Fig. 7. Comparison between predicted and measured values of foliar
chlorophyll content after spectral purification

Through purification of hyperspectral images, the accuracy
of leaves before and after purification is verified by the
confusion matrix. The results show that the proposed
classification method could effectively purify the spectrum of
leaves. The selected vegetation indices SIPI, PRI and GNDVI
were used to retrieve foliar chlorophyll content, and the
inversion accuracy was improved by 4.5%. These results
showed that the advantage of union of imagery and spectrum
was fully developed by spectrum purification of rice
hyperspectral images, and this could effectively improve the
inversion accuracy of rice foliar chlorophyll content.

IV. CONCLUSIONS

In this study, spectral purification of 58 hyperspectral
images of rice was conducted and the retrieval accuracy of
chlorophyll content before and after purification was explored.
The following conclusions were obtained:

1) Rice canopy hyperspectral imagery can be effectively
classified by using decision trees and object-oriented

support vector machine (SVM) classification algorithms.
Spectral purification of rice leaves can be accomplished.

2) Inversion of foliar chlorophyll content before and after
purification of rice canopy hyperspectral image spectra
resulted in a certain level of inversion accuracy. The results
indicate that there is a great potential for spectral
purification of plant hyperspectral images in detection of
plant growth.
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