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Abstract: With the development of hyperspectral technology, to establish an effective spectral data
compressive reconstruction method that can improve data storage, transmission and maintaining
spectral information is critical for quantitative remote sensing research and application in
vegetation. The spectral adaptive grouping distributed compressive sensing algorithm is proposed,
which enables a distributed compressed sensing reconstruction of plant hyperspectral data. The
spectral characteristics of hyperspectral data are analyzed and the joint sparse model is
constructed. The spectral bands are adaptively grouped and the hyperspectral data are compressed
and reconstructed on the basis of grouping. The experimental results showed that, comparing with
orthogonal matching pursuit (OMP) and gradient projection reconstruction (GPSR), the proposed
algorithm can significantly improve the visual effect of image reconstruction in the spatial domain.
The PSNR in low sampling rate (sampling rate is lower than 0.2) increases by 13.72dB than OMP
and 1.66dB than GPSR. In the spectral domain, the average normalized root mean square error, the
mean absolute percentage error and the mean absolute error of the proposed algorithm is 35.38%:,
31.83% and 33.33% lower than GPSR respectively. Besides, the proposed algorithm can achieve
relatively high reconstructed efficiency.

Keywords: hyperspectral image; spectral characteristics of plants; spectral adaptive grouping;
compressive sensing

1. Introduction

The hyperspectral technology is a breaking technology in agriculture remote sensing which
enables the dynamic and precise monitoring of crop types and crop growth. The hyperspectral
remote sensing technology has been widely used in estimating the yield of crops, agricultural
resources survey, agricultural disaster monitoring and precision agriculture[1]. Plant quantitative
remote sensing technology is widely used in a variety of applications by mining spectral information
and setting up spectral retrieving model. For the estimation of crop yield, Nuarrsa et al extracted rice
area with the overall accuracy of 87.91% using NDVI, RVI and SAVI vegetation indexes from
MODIS time series data[2]. In the investigation of agricultural resources and crop disaster
monitoring, Bao et al improved the Lukina variable fertilization model to further promote the
variable fertilization technology towards practical direction[3]. In study of detection and recognition
of wheat stripe rust, Zhang simulated TM pixels and had relatively high precision at wheat filling
period with R2=0.93[4].

With the aid of internet technology, agricultural informatization and agricultural big data have
become an inevitable trend. In recent years, with successive launch of hyperspectral satellite and the
development of micro hyperspectral imager of UAV, the applications of hyperspectral remote
sensing became widely available. However, on the other hand, the increase of data volume brings
great challenge on data transmission, analysis and storage[5]. Candes, Donoho and Tao et al
proposed a new data acquisition and processing theory called Compressive Sensing(CS)[6][7][8].
Compressive sensing samples data at far below the Nyquist sampling rate by constructing
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uncorrelated observation matrix, and the original data is reconstructed by reconstruction algorithm.
It thus provides a new way for compressing and reconstructing data with large volume.

At present, many studies have been done on applying compressive sensing in processing
high-dimensional data. Kang et al.[9] proposed a method of distributed compressive sensing to
grouping the video sequences efficiently by studying the correlation of the video sequences. Ly et al.
[10] pointed out that the hyperspectral data should be stochastically separated by spectral and
spatial partitioning. Chen et al.[11] proposed a sparse method for hyperspectral image target
detection. Wang et al proposed a pixel-based distributed compressive sensing[12], which divides the
hyperspectral data into endmember extraction and abundance estimation through a linear mixture
model.

To promote the application of hyperspectral remote sensing in agriculture, the compressive
sensing method provides a new method for the compression and recovery of hyperspectral data.
However, at present, the research of compressive sensing is mainly focused on the reconstruction of
spatial image, and the spectral dimension of the hyperspectral data needs to be concerned in
information reconstruction. Hyperspectral images have spectral-spatial correlations. The
compressive sensing of high dimensional data using the autocorrelation nature of data to improve
the data sparse representation, which is able to reduce the complexity and improve the accuracy of
reconstruction. In this study, through the analysis of plant spectral characteristics, a distributed
spectral adaptive grouping compressive sensing is proposed and verified.

2. Methods

2.1. Spectral adaptive distributed compressive sensing
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Figure 1. Flow chart of plant hyperspectral compressive sensing reconstruction

Figure 1 showed the flow chart of the proposed plant hyperspectral compressive sensing
reconstruction algorithm. Firstly, the spectral characteristics of hyperspectral data are analyzed and
the joint sparse model is constructed. Secondly, the spectral bands are adaptively grouped and the
hyperspectral data are compressed and reconstructed on the basis of grouping, so as to determine
the optimal grouping threshold. Then, to evaluate the reconstruction effect, the proposed algorithm,
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OMP[13] and GPSR[14] are used to analyze the PSNR in the space and calculate errors among
spectra.

2.2. Analysis of plant spectral characteristics

The data used in the experiment are hyperspectral images of tea. With wavelength 450~850nm
and a total of 320 bands of data, a single pixel is defined by a 12 bits unsigned integer. The image of
661nm, 553nm and 449nm from the original data are selected as the red, green and blue channels of
the false color composite RGB images as shown in Figure 2.(a). Within each leaf, 3 regions of interest
(ROIs) are marked with the size of 3 pixels x 3 pixels. The averaged spectrum for each ROI is
demonstrated in Figure 2.(b).
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Figure 3. Correlation coefficient diagram

It can be observed from the spectral curve that despite the averaged spectral curves of different
regions are different, the trend of the curves is consistent. The fluctuation of spectral reflectance
values in 450~680nm are relatively small. The spectrum in 680~760nm rised rapidly. In 760~850nm,
the spectral reflectance is stablized at relatively high values, but the fluctuation within the local
adjacent wave bands is relatively large. In order to further study on the distribution of spectral
correlation of plant hyperspectral images, the correlation matrix of the hyperspectral bands is shown
in Figure 3. It can be observed from the correlation coefficient diagram that the spectral reflectance is
high in 450~680nm and 760~850nm, and the absolute value of autocorrelation and cross-correlation
coefficient between the bands is above 0.9. The correlation between 680~760nm is small, which is
consistent with the variation of the spectral curve. Based on the qualitative analysis of the correlation
characteristics of the plant spectrum, the following conclusions are obtained by analyzing the
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correlation coefficient(r) of each band. 59.41% bands are extremely correlated(lr1>0.95); 6.93% bands
are highly correlated (0.8<Ir[<0.95); 8.48% bands are moderately correlated (0.5<|r|<0.8); whereas
25.18% bands are lowly correlated (0.3<1r1<0.5) or not correlated (I1r1<0.3).

2.3. Joint sparse model

According to the spectral characteristics of the hyperspectral images, there is a general
correlation between the bands of the plant hyperspectral images and that more than half of the
bands are highly correlated. The higher the correlation between the bands, less difference remained.
Based on this, the present study proposed a joint sparse model of bands of plant hyperspectral
images[15].

Assuming there are two bands Xi and X+, the correlation between Xi and X1 can be calculated,
where Xi represents the current band. As the result of different wavelength reflection of the same
object in the different bands of hyperspectral images, Xi and Xi1have the same spatial information.
Meanwhile, Xi and X1 have their own unique spectral information. The Xi and X1 can be described
as below:

Xi =X, +Xi s D)
Xiv1 =X, *+ Xiv1r @)

Where X. is the same part of Xi and Xi1, which refers to the same spatial information, Xir and
Xivir are their own unique parts, which mean the results of different reflections of different
wavelengths. Xiis used as a reference to Xi-1 , and the same spectral estimation (Xc) and the different
information error coding (Xi+1_r) are used as the predictive value of Xis1 in the spectral coding. The
joint sparse model can be expressed as below:

Xi =WS; (3)
Xi+1_'r =WS{+1_r ( 4 )

Where Si and Sii_r are sparse representations of Xi and Xii_r, respectively, ¥ is a canonical
orthogonal matrix.

2.4. Distributed compressive sensing based on spectral characteristics

In the distributed compressive sensing, hyperspectral band data are divided into a series of
GOPs bands. Each GOP is consisted by several bands which contains one key band and several
non-key bands. Then, the sampling rate of different sampling rates of the key band and non-key
bands is realized by controlling the sampling matrix.

Y,'= (DX,'= (I)TS,' (5)

Where ¥ is a canonical orthogonal matrix, Si is a sparse representation of the original signal in
the transform domain, WY"W¥ = YW= 7, and I is a unit matrix. The size of the ® is M x N, M << N,
which is the partial block Hadamard matrix[16]. Xi is a band of hyperspectral data, and V; is an
observed value.

At last, GPSR algorithm is used in the key band and the reconstruction of the non-key band is
assisted by using the information from key band. Compressive sensing reconstruction is the process
of solving equation (6). The solution of lo norm is a NP-Hard problem. The minimization problem of
I norm is equivalent to that of lo norm under certain conditions[17], so equation (6) can be
transformed to equation (7). In this paper, GPSR and OMP are chosen to reconstruct X: on the basis
of the 7.

)Ac =arg min”x"0 st dx=y (6

)Ac =arg min”x”1 st dx=y D
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3. Spectral adaptive threshold grouping

3.1. Spectral adaptive grouping and selection of key bands

Based on the above analysis, non-key bands can be reconstructed by key band with side
information assist. Therefore, it is very important to effectively group bands and select more
effective key bands. In this study, PSNR is used as a basis for adaptive grouping of hyperspectral
data and selecting key bands. The steps of adaptive grouping algorithm are as follows:

Step 1: Solve all PSNRs between the first band and each of the rest bands, and those bands in the
rest of the bands and those bands whose PSNRs are greater than the threshold are all selected and
classified into the group of the first band.

Step 2: Set up a new set from the remaining bands and repeat Step 1 to construct a new group.

Step 3: repeat step 2 until all bands are assigned to different groups.

In the adaptive band grouping algorithm, we can see that in every grouping, the PSNR values
of the first band and other bands are greater than the threshold value. Given the first band in the
group has high similarity with the remaining bands, the first band of each group is determined as
the key band and the other bands are non-key bands.

3.2. The results of adaptive grouping and the different sampling rate of key and non-key bands

Key bands are sampled at a high rate and all sampling rate is from 0.1bpp (it per pixel) to
0.5bpp. In case the sampling rate of the GPSR algorithm over 0.4bpp, the PSNR value changed
slowly. The sampling rate of the key band is set to 0.5bpp. The grouping results of non-key bands at
different thresholds and the sampling rates of non-key bands are shown in Table 1.

It can be seen from Table 1, with the increase of the number of groupings, that the sampling rate
of the non-key band decreases gradually, especially at low sampling rate. When the threshold is set
to 30dB and the overall sampling rate is 0.1bpp, the number of groupings will reach 65 and the
sampling rate of the non-key band will be negative.

Table 1 Sampling rates of none-key bands in different groups

Sampling rate/bpp

Threshold/dB  Groups 0.1 0.2 0.3 0.4 0.5

20 6 0.092 0.194 0.296 0.398 0.500
21 7 0.091 0.193 0.296 0.398 0.500
22 7 0.091 0.193 0.296 0.398 0.500
23 8 0.090 0.192 0.295 0.397 0.500
24 15 0.080 0.185 0.290 0.395 0.500
25 21 0.072 0.179 0.286 0.393 0.500
26 29 0.060 0.170 0.280 0.390 0.500
27 36 0.049 0.162 0.275 0.387 0.500
28 45 0.035 0.151 0.267 0.384 0.500
29 56 0.015 0.136 0.258 0.379 0.500

3.3. Analysis of results of adaptive band grouping reconstruction

According to the sampling rate of the non-key bands calculated in Table 1, experimental results
of reconstructed PSNR of key bands, non-key bands, and all bands are shown as Figure 4, Figure 5
and Figure 6.


http://dx.doi.org/10.20944/preprints201705.0060.v1
http://dx.doi.org/10.3390/s17061322

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 May 2017 d0i:10.20944/preprints201705.0060.v1

6 of 13

30 T T T T T T T T T 1
20 21 22 23 24 25 26 27 28 29

Grouping threshold/dB

Reconstructed PSNR/dB
LS I S B Y I S N WS |
= bhd e s La

Figure 4. Average reconstructed PSNR of key bands for different groups
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Figure 6. Average reconstructed PSNR of all bands for different groups

It can be seen from Figure 4 that the PSNR values of different grouping of key band
reconstruction vary significantly, as the sampling rate of key bands is set to 0.5bpp. To explain this
phenomenon, more experiments are implemented for each band at the sampling rate of 0.5bpp as

shown in Figure 7.
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Figure 7. Reconstructed PSNR of each band at the sampling rate of 0.5bpp

In Figure 7, when the sampling rate is 0.5bpp, the reconstructed PSNR values of different bands
are quite different. According to spectral characteristic curve, the difference of the spectrum with
proximate reconstructed PSNR value is insignificant. The lower PSNR threshold is, more groups will
emerge and the higher average PSNR value of key bands will be, and vice versa.

As can be seen from Figure 5 and Figure 6, when the sampling rate is larger, the reconstructed
PSNR values of non-key bands and all bands are both higher. More groupings indicate less
efficiency of overall reconstruction. In order to obtain good reconstructed PSNR for all sampling rate

from 0.1bpp to 0.5bpp, the grouping PNSR threshold of 25dB is chosen in the following experiments.

4. Data experiment and analysis

In the experiments, the software platform is Matlab R2012a and hardware platform is Lenovo
notebook computer in which CPU is Intel I13-2350M clocked at 2.3GHz and memory is 6G.

4.1. Spatial domain reconstruction analysis

The 25dB was selected as the overall threshold for further analysis using OMP and GPSR
algorithms. The reconstructed results are analyzed using the subjective evaluation and average peak
signal to noise ratio in the spatial domain. To facilitate a visual comparison, 661nm, 553nm, 449nm
are selected respectively as red, green and blue channels to form the synthesize RGB image. Figure 8
illustrates the experimental results for OMP, GPSR and the proposed algorithm under the sampling
rate from 0.1bpp to 0.5bpp. The fidelity of reconstructed images of all algorithms are significantly
related with sampling rate at low sampling rate especially. The increasing of sampling rate can
significantly improve the subjective quality of reconstructed image. Better subjective quality can be
obtained using the proposed algorithm comparing with the other algorithms. The reconstructed
subjective quality of the proposed algorithm is very close to that of GPSR and significantly better
than that of OMP at high sampling rate (great than or equal to 0.4bpp). Experimental results show
that the side information assists of key bands can improve the quality of reconstruction at the low

sampling rate.
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(1) OMP (2) GPSR (3) the proposed algorithm

(a) reconstruction results for different algorithm at the sampling rate of 0.1bpp

(1) OMP (2) GPSR (3) the proposed algorithm

(b) reconstruction results for different algorithm at the sampling rate of 0.2bpp

(1) omMP (2) GPSR (3) the proposed algorithm

(c) reconstruction results for different algorithm at the sampling rate of 0.3bpp

(1) omMP (2) GPSR (3) the proposed algorithm

(d) reconstruction results for different algorithm at the sampling rate of 0.4bpp

(1) omMP (2) GPSR (3) the proposed algorithm
(e) reconstruction results for different algorithm at the sampling rate of 0.5bpp

Figure 8. Comparison of reconstruction results for different algorithm at different sampling rates
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Figure 9. Comparison of reconstructed PSNR with different reconstruction methods

As can be seen from Figure 9 that the reconstructed PSNRs of the proposed method and GPSR
are significantly higher than that of OMP under sampling rate from 0.1bpp to 0.5bpp. At low
sampling rate from 0.1bpp to 0.3bpp, the reconstructed PSNR of the proposed algorithm is
significantly higher than that of GPSR. At high sampling rate (greater than or equal to 0.4bpp), the
reconstructed PSNR of the proposed algorithm approaches to that of GPSR. It is shown that the joint
sparse model improves the reconstructed PSNR in the spatial domain, especially at low sampling

rate.

4.2. Spectral domain reconstruction results analysis

The spectral analysis on vegetation is an important basis for monitoring of crop growing status
and crop stressors in precision farming. According to regions of interest (ROIs) in Figure 1, the
average reconstructed spectral curves of ROIs using OMP, GPSR and the proposed algorithm are
calculated at different sampling rate from 0.1bpp to 0.5bpp respectively.
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Figure 11. Comparison of reconstructed spectral curves of ROI 2
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Figure 12. Comparison of reconstructed spectral curves of ROI 3

As shown in Figurel0, Figure 11 and Figure 12, different regions have different sensitivity to
compressive sensing reconstruction. There is a significant correlation between the reconstructed
algorithms and the sampling rates, and the reconstructed effect is improved with the increase of the
sampling rate. Besides, the reconstructed spectral curves of the proposed algorithm is significantly
higher than those of the others when sampling rate is less than 0.3bpp, and those of OMP is the
lowest under different sampling rates. The reconstructed effectiveness of various methods is
quantified by introducing the root mean square error, mean absolute error and average relative error
as shown in Table 2. The root mean square error, mean absolute error and average relative error of
the proposed algorithm are better than those of the others when the sampling rate is less than
0.2bpp. The root mean square error, mean absolute error and average relative error of the proposed
algorithm is comparable to those of GPSR at the sampling rate of greater than or equal to 0.3bpp, and
those of OMP is lower than those of the others.

Table 2 Error analysis

) ) . Sampling Rate/bpp
Error analysis of different algorithms 01 02 0.3 0.4 0.5
OMP 09683  0.5158 0.2861  0.2105 0.1598
Mean absolute percentage GPSR 0.1560  0.1006  0.0796  0.0689  0.0617
error the proposed
0.1005  0.0814 0.0728  0.0680  0.0639

algorithm
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OMP 0.4599  0.2408 0.1434  0.1035  0.0787
GPSR 0.0798  0.0529 0.0424  0.0369  0.0329
Mean absolute error
the proposed
. 0.0544 0.0451 0.0401  0.0370  0.0345
algorithm
OMP 0.5722  0.3003 0.1803  0.1303  0.0994
GPSR 0.1065  0.0698  0.0556  0.0481  0.0428
Root mean square error
the proposed
. 0.0710 0.0580  0.0519  0.0479  0.0447
algorithm

The experimental results are shown in Figure 13. The reconstruction efficiency of the OMP
algorithm is positively correlated with the sampling rate, while the reconstruction efficiency of the
GPSR algorithm is negatively correlated with the sampling rate. The average reconstruction time of
the proposed algorithm is relatively stable. The average reconstruction time of GPSR is much higher
than that of the others. As a result, the proposed algorithm exhibited relatively high reconstructed

efficiency.

5 - ——OMP
——GPSR
—— the proposed algorithm

Single band average reconstruction
o timels
1

0 T T T T
0.1 0.2 0.3 0.4 0.5
Sampling rate

Figure 13. Comparison of average reconstructed time of all bands for different algorithms

5. Conclusions

There is a high spectral correlation for plant hyperspectral data. The joint sparse model based
on spectral characteristics can not only improve the fidelity of reconstructed plant hyperspectral
images, but also effectively reduce the reconstructed error in spectral domain more efficiently.
Under a relatively low sampling rate (less than 0.2bpp), the PSNR of the proposed algorithm is
13.72dB higher than that of OMP algorithm, and is 1.66dB higher than that of GPSR algorithm. For
the errors in the spectral domain, the average normalized root mean square error, the mean absolute
percentage error and the mean absolute error of the proposed algorithm decrease by 35.38%, 31.83%
and 33.33% than those of GPSR algorithm respectively. Besides, the proposed algorithm can achieve
relatively high reconstructed efficiency.

More extensive research can be studied in the future. For example, new compressive sensing
algorithm can be involved in denosing the plant hyperspectral data. High performance
reconstructed method should be proposed to improve the reconstructed efficiency.
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