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Abstract. The HJ satellite constellation is designed for environment and disaster monitoring by
the Chinese government. This paper investigates the performance of multitemporal multispectral
charge-coupled device (CCD) data on board HJ-1-A and HJ-1-B for crop classification in the
North China Plain. Support vector machine classifier is selected for the classification using different combinations of multitemporal HJ multispectral data. The results indicate that multitemporal HJ CCD data could effectively identify wheat fields with an overall classification accuracy
of 91.7%. Considering only single temporal data, 88.2% is the best classification accuracy
achieved using the data acquired at the flowering time of wheat. The performance of the combination of two temporal data acquired at the jointing and flowering times of wheat is almost as
well as using all three temporal data, indicating that two appropriate temporal data are enough for
wheat classification, and much more data have little effect on improving the classification accuracy. Moreover, two temporal data acquired over a larger time interval achieves better results than
that over a smaller interval. However, the field borders and smaller cotton fields cannot be identified effectively by HJ multispectral data, and misclassification phenomenon exists because of
the relatively coarse spatial resolution. © 2013 Society of Photo-Optical Instrumentation Engineers
(SPIE) [DOI: 10.1117/1.JRS.7.073576]
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1 Introduction
Remote sensing techniques have long been important means for agricultural monitoring, with
their ability to quickly and efficiently collect information about spatial variability occurring in
the field.1,2 Crop identification is the main issue for agriculture monitoring using remote sensing
techniques and the basis for crop acreage and production estimation, which are critical factors for
many applications in the domain of agriculture.3,4 Due to the complex natural environment and
cropping systems, crop classification in China using remote sensing is much more difficult.5
Previous researchers have indicated that the problem of misclassification still exists, even
when using very high spatial resolution remote sensing data (such as QuickBird image).6
Considering the large acreage and wide distribution of farmland in China, it is impossible
for wall-to-wall monitoring of agriculture fields using high spatial resolution remote sensing
data, thus the realistic substitutable data may be moderate spatial resolution data (about
30 m spatial resolution) with wide coverage ability.7
The HJ satellite constellation is designed mainly for environment and disaster monitoring by
the Chinese government. As part of the HJ satellite constellation, two optical satellites (HJ-1-A
0091-3286/2013/$25.00 © 2013 SPIE
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and HJ-1-B) are launched on September 6, 2008.8 HJ satellite data is freely available to the
public and operated by China Centre for Resources Satellite Data and Application, with the
relevant information available at http://www.cresda.com/n16/n1115/n1432/index.html with
the interface in Chinese. HJ-1-A and HJ-1-B carry two charge-coupled device (CCD) cameras
with the same configuration, respectively, and distributed with a phase difference of 180 in the
same orbital plane to enhance the temporal resolution of earth observations and to obtain mosaic
images from the two satellites.9 The CCD data has four spectral bands with a spectrum ranging
from 430 to 900 nm and spatial resolution of 30 m.10 The main sensors and their parameters for
HJ-1-A/B are shown in Table 1. The multispectral information, moderate spatial resolution, and
the large coverage capability of the HJ CCD data make it a highly suitable data source for agricultural monitoring on a regional scale. If microwave sensor data on board HJ-1-C satellite is
available later, the HJ constellation will have large scale and all-weather imaging capability,
which will be a powerful data source for earth observation. Therefore, exploring the application
capability of HJ multispectral data in agricultural monitoring is a significant work.
Due to the limitations of technique and differences in work mechanisms, any single sensor
data cannot fully characterize the land surface objects in the complex earth environment.11,12
Optical sensors can provide spectral information in the reflective and thermal emissive portions
of the electromagnetic spectrum. However, due to the limits of spectral resolution, spatial resolution, and number of wavebands, the identification ability of optical sensors is restricted seriously, especially for vegetation recognition, because the spectral characteristics of different
vegetation are similar and difficult to classify. One of the major findings from various studies
on remote-sensing-based crop monitoring is that maximum discrimination between different
crop types occurs at different stages in the growth cycle, and capturing all these differences is
not possible using a single-temporal image.13 Consequently, multitemporal image data collected
by repeated overpasses has been recommended to improve the discrimination accuracy.14,15
Conese and Maselli compared the classification performance of single-temporal and multitemporal thematic mapper data and found that temporal information had greatly improved the classification accuracy.16 Vieira and Mather proved that the accuracy of crop classification derived
from multitemporal data was considerably higher compared with the accuracy obtained with
single-temporal data.17 Wang et al. used multitemporal Envisat ASAR data to map the agricultural area in the Pearl River Delta and proved multitemporal radar backscatter information
received in the crop growth period was important in improving classification accuracy.18
Therefore, it is necessary to investigate the capability of multitemporal HJ CCD data for crop
classification.
The objective of this study is to investigate the capability of HJ CCD data and demonstrate
their application potential for crop classification in the North China Plain. In addition, considering the limitations of a single data, multitemporal data of HJ CCD are also investigated for crop
Table 1 Technical specification of payloads on HJ-1-A/B.

Satellite

Payload

Band
No.

Spectral
range (μm)

Nadir spatial
resolution (m)

Swath
width (km)

Side looking Repetition
ability (deg) cycle (day)

HJ-1-A/
B

Multispectral
CCD camera

1
2

0.43–0.52
0.52–0.60

30

360
(700 for two)

/

4

3

0.63–0.69

4

0.76–0.90

HJ-1-A

Hyperspectral
imager

/

0.45–0.95
(110–128
bands)

100

50

±30

4

HJ-1-B

Infrared
multispectral
camera

5
6

0.75–1.10
1.55–1.75

150
150

720

/

4

7

3.50–3.90

150

8

10.5–12.5

300

8

8

8
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classification. Significant research has been conducted on the multitemporal classification for
agricultural monitoring, and a number of methods have been proposed for effective classification
of multidimensional data.13 In dealing with a finite dataset, minimizing the influence of the
searching space dimension onto the classifier performance is important so that results depend
only on the number of pieces of added information. Support vector machine (SVM),19 a kernelbased supervised classifier, which is widely used for land cover classification using remote sensing data and performs better results,20–24 is a suitable selection in this study, inherent computational cost notwithstanding.

2 Study Area and Field Survey
The North China Plain, with an area of approximately 300;000 km2, is the second largest plain in
China. Approximately 437 million people live in the North China Plain in 2000, accounting for
34.8% of China’s total population.25 The study area is located in Yucheng County (centered at
36 deg 47 0 N, 116 deg 33 0 E), Shandong Province, China (Fig. 1). This region belongs to the
temperate climate zone and is a typical upland field agriculture area in the North China
Plain. It is relatively flat farmland with an average altitude of about 20 m above the sea level,
so that uncertainty of classification accuracy caused by topographical facts will be reduced to a
minimum. The annual precipitation is about 582 mm, and the annual average temperature is
about 13.1°C. The study area selected in this study is about 15 × 15 km. Though it is not a
big region, it has the representative characters of crop type distribution in the North China
Plain. The study area is planted mainly with winter wheat and a small quantity of cotton.
Wheat season begins in early October, and the wheat is harvested in early June the following
year. Cotton is planted in April and harvested in September.
In order to determine the actual crop distribution in the study area, a high spatial resolution
RapidEye image was acquired in February 2009. For selection of training and validating samples
and to assist the visual interpretation of RapidEye data, a field survey to identify the main classes
in the study area was carried out on May 19, 2009. During the survey, the details of the representative land cover were recorded, and the position had been recorded with the help of a
handheld global positioning system receiver with positioning accuracy approximately 5 m.

3 Data and Preprocessing
In this study, three HJ-1 CCD images were acquired during the growth periods of wheat in 2009
(Table 2). Cloud influence was not present, and the quality of the multispectral image was good.
The HJ CCD image preprocessing included radiance calibration and geo-correction. The

Fig. 1 The pink square in the image shows the location of the Yucheng study area in Shandong
Province.
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Table 2 Main characteristics of the data sets used in this study.
Satellite

Sensor

Date (dd/mm/yy)

Periods of wheat

Simple code in this study

HJ-1-A

CCD2

28/03/2009

Jointing

HJ3

HJ-1-B

CCD2

26/04/2009

Before flowering

HJ4

HJ-1-B

CCD1

12/05/2009

Flowering

HJ5

Fig. 2 Clipped images from satellite data obtained at different times. The NIR, red, and green
bands were assigned to red, green, and blue color bands. Images are clipped from (a) HJ
CCD false color image on March 28, 2009; (b) HJ CCD false color image on April 26, 2009;
(c) HJ CCD false color image on May 12, 2009; and (d) RapidEye false color image on
February 28, 2009.

radiance calibration of the HJ data was to convert the DN value of the raw image to surface
spectral reflectance. Atmospheric correction was done using a 6S model,26 and four wavebands
surface spectral reflectance of the HJ CCD data were determined finally (Fig. 2).
A RapidEye multispectral data with 5-m spatial resolution was acquired on February 28,
2009 (Fig. 2). The RapidEye data was used mainly for ground surveys and visual interpretation
to assist the selection of training and validating samples in the classification process.
Based on the knowledge of species distribution characteristics, four classes were identified as
the final class types in this study: wheat, cotton, tree, and nonvegetated areas. Nonvegetated areas
include residential areas, roads, water bodies, and bare land. Randomly selected sample pixels
using the region of interest (ROI) tools provided by ENVI version 4.5 (ITT Industries Inc.,
Boulder, Colorado) based on the ground truth image obtained from visual interpretation of
RapidEye image and ground survey as described above were used to train and validate the
Table 3 Number of regions of interest (ROIs) and pixels in each class type used for training and
validating the support vector machine (SVM) classifier.
Nonveg.

Tree

Cotton

Wheat

Number of ROIs

29

6

10

22

Number of pixels

552

82

94

580
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Fig. 3 The spatial distribution of samples used in this study. The gray image was the near infrared
band from HJ multispectral data acquired on May 12, 2009.

classifier. Table 3 summarized the characteristics of the sample ROIs for training and validating
the classifier, and Fig. 3 shows the spatial distribution of the selected ROIs. The sample pixels for
wheat, cotton, and nonvegetated classes were always the pure pixels, except for some narrow
cotton fields and some roads in the nonvegetated class. For the tree class usually being planted
aside the road and having a narrow width compared with the spatial resolution of HJ data, its
sample pixels were usually not pure, except for a square wood field found in the top center region
of the study area (Fig. 3). The distribution of the sample pixels was uniform, which made it well
representative for the whole study area. Half of the sample pixels were randomly selected as
training samples, and the remaining half as validating samples. The training and validating samples had no overlap.
To evaluate the performance of HJ CCD multispectral data in crop classification, the classification results were compared with those produced by a visual interpretation of the RapidEye
image. The objective was to determine whether the HJ CCD data had the potential for crop
classification. Randomly selected sample pixels, as described above, were used to quantitatively
validate the crop classification results. These homogeneous sample areas were identified easily
on the HJ CCD and RapidEye image within the study area. The final sample pixels for classification accuracy estimation were: 276 pixels for nonvegetation, 290 for wheat, 47 for cotton,
and 41 for trees. The overall classification accuracy, producer’s accuracy, user’s accuracy, and
Kappa statistics were then estimated.27–29

4 Classification Method
The SVM classifier, which has been widely used for classification of remote sensing data, is
selected for crop classification using HJ multispectral data in this study.21,30,31 What follows
is a brief introduction to the theory of SVM. The modern SVM is introduced by Cortes and
Vapnik,32 and a detailed description of the SVM can be found in Burges.33 The SVM training
algorithm promises to obtain the optimal separating hyper-plane for a training data set in terms of
the generalization error. Given a set of examples (xi , yi ), i ¼ 1: : : l where xi ∈ Rn and
yi ∈ f−1; þ1g, the SVM requires the solution to the following optimization problem, given
in Eq. (1):

min

w;b;ξ

l
X
1 T
w ·wþC
ξi
2
i¼1
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where ξi is a slack variable and C > 0 is a preset penalty value for misclassification errors. The
training vector xi is mapped into a higher (maybe infinite) dimensional space by the function Φ.
The wT · Φðxi Þ þ b is a hyper-plane in this higher dimensional space. The SVM method will
then find an optimal separating hyper-plane. Furthermore, kðxi ; xj Þ ¼ Φðxi ÞT · Φðxj Þ is called
the kernel function.
The choice of the kernel function k is crucial for good classification performance. In this
study, the radial basis function (RBF) is used, as given in Eq. (2):
kðxi ; xj Þ ¼ expð−γ · kxi − xj k2 Þ;

γ>0

(2)

Here, γ is a kernel parameter. The RBF is one of the most commonly used kernel functions. In
general, the RBF is a reasonable choice. First, the RBF kernel nonlinearly maps samples into a
higher-dimensional space, so the RBF can handle the case when the relationship between class
labels and attributes is nonlinear. Second, the RBF kernel has fewer numerical computational
difficulties. C and γ are the two parameters using RBF kernels. In this study, the C and γ parameters in kernel function are experiencedly set to 100 and 0.25, respectively.
The same training samples and parameters of classifiers are used for different combination of
multitemporal HJ CCD data, which are ensured that different classification results are
comparable.

5 Results
5.1 Classification Results
The classification results of HJ multispectral data and different combinations of these data were
shown in Fig. 4. In the visual aspect, wheat fields could be identified effectively in each classification map, based on the ground survey and a visual interpretation of the RapidEye image.
The main difference in the various classification results was the misclassification of field borders
and identification of cotton and tree fields. In the classification result using only one temporal HJ
CCD data, the data acquired at the flowering time of wheat (HJ5) performed better than the other
two data. In the classification map of the HJ data acquired at the jointing time of wheat (HJ3),
only a small portion of cotton fields was identified and mostly classified incorrectly into the
nonvegetation class (the cotton had not yet sprouted during that period). However, in the classification map of data acquired before the flowering time of wheat (HJ4), many wheat pixels
located in the field borders were misclassified as cotton pixels. The reason for this phenomenon
was that the cotton was small seedlings during this period and had a small canopy coverage rate,
and mixed pixels were seen in the borders of the wheat field due to the relatively coarse spatial
resolution of the HJ CCD data, which led to the similar spectral characteristics of the cotton field
and the mixed pixels in the wheat field borders.
In the classification result using multitemporal HJ CCD data, the classification performance
improved as more temporal data was added for classification. When all the data acquired in this
study were used for classification, the best performance was achieved. The wheat fields were
identified correctly, and the misclassification was reduced to a minimum. The classification performance of HJ3 þ HJ5 was nearly as well as that using all the three data and better than the
other two combinations (HJ3 þ HJ4 and HJ4 þ HJ5). The reason might be that the plants
showed a large change in their canopy structure and biochemical contents over a long time interval, and then a large difference in spectral characteristics of the crops formed and the spectral
separability between different classes was enlarged.
However, in every classification map, cotton fields could not be discriminated from other
species. The main reason might be that the cotton fields were usually rectangular with a narrow
width (usually less than 10 m wide), and the phenomena of cotton planted under trees commonly
occurred, which made the HJ CCD data with 30 m spatial resolution have no advantages in
identifying narrow cotton fields. At the same time, the identification of field borders using
HJ data was also not well. Many field borders were not discriminated from other classes.
Journal of Applied Remote Sensing
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Fig. 4 Classification results using the HJ CCD data and different combinations of these multitemporal data. The meaning of the sample code in the lower right of each classification map is found in
Table 2 (i.e., HJ3 means the HJ CCD data was acquired in March of 2009, and HJ3 þ HJ4 means
the classification was done using a combination of HJ3 and HJ4 data).

5.2 Accuracy Validation
The classification accuracy and kappa statistics were estimated based on the validating samples
(Table 4). The overall classification accuracies using different combinations of HJ CCD data
were all more than 80%, especially the classification accuracy using three temporal HJ CCD
data that reached the highest overall classification accuracy of 91.7% and a kappa value of
0.87, which was an acceptable accuracy for crop monitoring. The overall classification accuracy
of HJ5 (88.2%) was better than HJ3 (82.7%) and HJ4 (85.8%). This indicated that the flowering
period of wheat was more suitable for crop classification than the other two periods.
It was too early for crop-type identification during the jointing period of wheat because the
cotton had not yet germinated, which also could be seen from the producer and user accuracy of
the HJ3 classification results when confusion between cotton and nonvegetation pixels was evident. The performance of HJ4 was better than HJ3 but slightly worse than HJ5.
In the classification results using two temporal HJ CCD data, HJ3 þ HJ5 (overall classification accuracy of 90.8% and kappa value of 0.85) performed better than the other two combinations, which provided the same results as the visual observation. The performance of
HJ3 þ HJ4 (overall classification accuracy of 86.4% and kappa value of 0.77) was worst in
the three combinations, which indicated that the data acquired during the late growth periods
of wheat was more important for crop classification. The performance using the three temporal
data was only slightly improved compared with the combination of HJ3 and HJ5, less than one
percentage in overall classification accuracy. It indicated that two appropriate temporal HJ CCD
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Table 4 Evaluation of crop classification performance using HJ CCD data and different combination of multitemporal HJ CCD data by SVM classifier.
Combination of
HJ data
HJ3

HJ4

HJ5

HJ3 þ HJ4

HJ3 þ HJ5

HJ4 þ HJ5

HJ3 þ HJ4 þ HJ5

Overall
accuracy

Kappa

Class
type

Producer
accuracy

User
accuracy

82.7

0.7

Nonveg.

86.96

87.27

Tree

46.34

65.52

Cotton

2.13

100.00

Wheat

96.90

80.52

Nonveg.

92.75

90.14

Tree

39.02

84.21

Cotton

27.66

46.43

Wheat

95.17

85.45

Nonveg.

95.65

98.51

Tree

41.46

89.47

Cotton

31.91

75.00

Wheat

96.90

80.98

Nonveg.

93.48

88.36

Tree

39.02

100.00

Cotton

31.91

53.57

Wheat

95.17

86.79

Nonveg.

96.38

96.38

Tree

60.98

69.44

Cotton

76.60

69.23

Wheat

92.07

92.07

Nonveg.

96.38

95.68

Tree

53.66

88.00

Cotton

38.30

66.67

Wheat

95.86

85.8

Nonveg.

96.01

97.79

Tree

63.41

72.22

Cotton

87.23

75.93

Wheat

92.41

91.47

85.8

88.2

86.4

90.8

89.3

91.7

0.76

0.8

0.77

0.85

0.82

0.87

data contained enough information for wheat and cotton classification, and more temporal data
had little help for improving classification performance.

6 Discussions and Conclusions
HJ multispectral data is an attractive data source for agriculture monitoring in large regions for its
large region-imaging capability and moderate spatial resolution. The investigation of crop
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classification using HJ multispectral data in the North China Plain indicated that it is an effectively data source. HJ multispectral data could effectively classify wheat fields, and the overall
classification accuracy reached 91.7% using multitemporal data with an SVM classifier, but the
smaller cotton fields and field borders could not be recognized effectively. The main reason for
this phenomenon was the moderate spatial resolution of HJ multispectral data and the complex
land surface. The spatial resolution of HJ multispectral data was 30 m, which was very low for
identification of field borders. Furthermore, cotton fields were usually a rectangle with a narrow
width (usually less than 10 m), and the phenomena of cotton planted under trees commonly
existed, all of which led to cotton field misclassification using the relatively coarse spatial resolution HJ multispectral data.
In the North China Plain, winter wheat was the major crop type in the summer growth season,
and the fields were large, which accounted for more than 90% of the farmland in this study.
Cotton was planted less, and the field sizes were also smaller compared with the spatial resolution of HJ multispectral data. Therefore the classification of wheat tended to have a higher
accuracy, whereas the classification accuracy of cotton tended to be lower. This phenomenon
could be observed from the overall classification accuracy, user, and producer accuracy from
Table 4. Thus if more detailed information about the cotton cultivation, much higher spatial
resolution remote sensing data was needed, the spatial resolution of HJ multispectral data
was not enough for small cotton fields identification.
Considering the classification performance using single-temporal HJ multispectral data, the
data acquired at the flowering period of wheat performed better than the other two periods, and
the data acquired at the jointing period performed worst. The reason might be that cotton had not
germinated at the jointing period of wheat, which resulted in similar spectral characteristics of
cotton fields with bare land and unsurfaced roads on the HJ multispectral data, and they could not
be identified based on spectral differences. However, at the flowering period, wheat was much
taller (about 70 cm) and had almost 100% surface coverage, which greatly influenced the electromagnetic signal of the HJ multispectral data and resulted in different spectral characteristics
between wheat and cotton and other classes. The classification results indicated that flowering
time was the most important period for wheat and cotton classification using HJ multispectral
data during the three growing periods of wheat.
When considering the multitemporal HJ multispectral data, the combination of all three temporal data achieved the best classification accuracy (91.7%), which indicated that using more
temporal HJ multispectral data could provide more information for crop classification. If using
only two temporal HJ multispectral data for classification, the combination of data acquired at
jointing and flowering periods performed better than the other two combinations. It is indicated
that two temporal data acquired over a larger time interval performed better than data acquired
over a smaller interval. This was because the crops had large changes in their canopy structure
and in the biochemical contents over a long time interval, and then a large difference in spectral
characteristics of the crops formed and the spectral separability was enlarged. In addition, the
performance of this combination was almost as well as using all three temporal data. Overall, the
information contained in two temporal HJ multispectral data, if acquired at the appropriate time,
were enough for wheat classification. More temporal data brought information redundancy,
which had little effect on improving classification accuracy. This phenomenon was also observed
by Shao when she investigated rice monitoring using multitemporal Radarsat data in the
Zhaoqing area.15 She also found that only three temporal radar data acquired at the end of
the transplanting and seedling development period, during the ear differentiation period, and
at the beginning of the harvest period of rice were enough for rice production estimation.
From this study, the following conclusions were made: (1) HJ multispectral data could effectively classify winter wheat fields in the North China Plain, but field borders and smaller cotton
fields could not be recognized effectively and would be misclassified; (2) more temporal HJ
multispectral data contained more information for crop classification, and the data acquired during late growth periods of wheat performed better; (3) two temporal data acquired over a larger
time interval performed better than data acquired over a smaller interval; (4) two appropriate
temporal HJ multispectral data had been shown sufficient for winter wheat classification in
this study, and additional temporal data had almost no effect on improving classification accuracy. In this study, only multispectral data of HJ satellite was investigated for crop classification.
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Hyperspectral data on board HJ-1-A and microwave sensor on board HJ-1-C were also the
potential data sources for crop classification, and investigation of these data would be done
in the future.
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