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Correct flight parameters are critical for obtaining high-quality unmanned aerial vehicle (UAV) remote
sensing images. For the UAV, the Rikola hyperspectral load needs to set the instrument's exposure time,
UAYV flight mode, flight altitude, and other issues when acquiring data. Using the control variable method,
UAV Rikola hyperspectral images were collected under different parameters, and the gray-scale target and
image's quantitative evaluation index was used to obtain the spectral curves of gray-scale targets, ground
features, signal-to-noise ratio (SNR), information entropy, and sharpness of imagery. The results of the
comparative analysis show: the vegetation hyperspectral data quality was better when determining the Riko-
la hyperspectral exposure time using the 64% diffuse plate; UAV hover mode and cruise mode had little im-
pact on data quality; when the flight altitude was within 100 m above ground level, the higher the flying
height, the better the data quality. This study therefore provides evidence for obtaining high-quality data us-
ing UAV hyperspectral load.

Keywords: unmanned aerial vehicle remote sensing, hyperspectral load, exposure time, flight mode,
flight altitude.
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C ucnonvzosanuem mMemooa KOHMPOJIbHBIX NEPEMEHHbIX NOJYUEHbl SUNEPCHEeKMPATbHbLE U300PANCEHUS.
becnunomuwix remamenvuvix annapamos (bJIA) Rikola npu paznuunvix napamempax. /[nst nonyuenus cnek-
MPATbHBIX KPUBLLX HOJIYTNOHOBLIX MUULEHET, HAZEMHBIX 00bEKMO8, OMHOUEHUS CUSHAT/UWYM, UHPOPMAYUOH-
HOU SHMPONUYU U PE3KOCTU U30OPANCEHUL UCNOTIL30BAHBL NOYMOHOBAS. MUULEHb U KOIUYECMECHHASL OYCHKA
Kauecmea uzodpaxcenus. Pe3ynomamvl cpagnumenvHo2o0 aAHAIU3A NOKA3BIBAIOM, YMO KAYECmeo cunep-
CHEeKMPATbHBIX OAHHBIX 0 PACMUMENLHOCIU TyYlie NPU ONpedeieHUU peMeHl 2UnepCneKmpatbHol IKCHO-
suyuu Rikola c ucnonvsosanuem 64% oughgysnotl nracmumsl, a pesxcum 3asucanus u Kpyushvii pexcum bBJIA
noumu He 61uAOM Ha Kauyecmeo Oanuwix. Ilokaszano, umo npu evicome noaema 6 npeoeiax 100 m Hao ypos-
HeM 3eMU Kauecmeo OAHHbIX meM yyile, YeM 8blule 8blCOma nojemd.

Knrwueswvie cnosa: oucmanyuontoe 30HOUpPosanue OECNUIOMHO20 JeMmameibH020 annapama, unep-
CHEeKMPAaNbHAA HASPY3KA, 8PEMsL IKCNOZUYUL, PENCUM NOTemda, blCOmA noema.

“Full text is published in JAS V. 89, No. 1 (http://springer.com/journal/10812) and in electronic version of ZhPS
V. 89, No. 1 (http://www.elibrary.ru/title_about.asp?id=7318; sales@elibrary.ru).
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Introduction. In recent years, unmanned aerial vehicle (UAV) low-altitude remote sensing technolo-
gies have been widely developed in many fields and have become some of the most important technical
means to obtain remote sensing data [1]. UAV flight platforms are low in cost, are easy to maintain, have
few flight restrictions, are flexible in take-off and landing, and fly at low-altitude [2]. UAV hyperspectral
imaging systems can obtain hyperspectral images with high spatial resolution, high spectral resolution, and
high time resolution [3, 4]. However, when the hyperspectral load takes UAV as a platform to obtain data, it
will involve setting some parameters, and these parameters have a significant impact on the quality of the
remote sensing data. Therefore, finding the appropriate and relevant parameters is extremely important for
obtaining high-quality remote sensing data.

Domestic and foreign scholars have already conducted research of the related parameter settings when
using UAV as a platform to obtain remote sensing data. X. L. Hou et al. [5] used a method centered on the
image's maximum local information entropy to obtain the best exposure value of the image. J. Y. Ning [6]
discovered the optimal automatic exposure algorithm by studying the image information entropy and using
the principle of instrument exposure. P. Walczykowski et al. [7] used a push-broom Headwa 11 MicroHy-
perspec A series' hyperspectral imager as the research object and compared UAV and other aviation systems
to obtain the best sensor and flight parameters of the aerial remote sensing image data. This led them to de-
termine the best exposure parameters of the hyperspectral scanning sensor. Y. Huang et al. [8] discussed the
spectral characteristics and classification of hyperspectral data at different flight altitudes by rapidly identify-
ing and studying high-spectral remote sensing images acquired by the UAV hyperspectral load at different
altitudes. B. Liu [9] also analyzed the influence of image resolution on crop classification accuracy and clas-
sification efficiency at different flight altitudes. J. Lee et al. [10] used a SONY NEX-5N visible light camera
as the research object and proposed a simple method for analyzing UAV image spatial resolution, evaluating
the UAV image quality at different heights. Lastly, K. He [11] studied the influence of the attitude error of
small UAV on the spatial spectral feature extraction by obtaining the attitude information of UAV. It can be
seen that in previous researches, the majority scholars have studied the influence of unilateral factors on ex-
perimental results according to a specific application. These studies lack holistic consideration and compre-
hensive experimental verification analysis. Secondly, there is no relevant UAV hyperspectral experiment for
comprehensive analysis of the imaging quality of the UAV frame-type hyperspectral imager.

We used a DJI M600 Pro UAV flight platform with a frame-type Rikola hyperspectral load, and con-
sidered the main setting parameters (exposure time, flight mode and flight altitude of the UAV) during data
collection. By setting up contrast experiments, we analyzed the effects of these three main parameters on im-
age quality. Additionally, using image quality evaluation indicators (SNR, information entropy, and sharp-
ness) [12—14] we comprehensively analyzed the image quality under different parameters. Finally, this led us
to discover the optimal flight parameters for obtaining the best image quality.

Materials and methods. The Rikola hyperspectral imager is a frame-type hyperspectral imager that
can be used for both hand-held measurement and UAV. The performance parameters are shown in Table 1.

TABLE 1. Rikola Hyperspectral Performance Parameters

Parameter Value
Field of view 36.5°
Focal length 9 mm
Wavelength ~500-910 nm
The number of Waveband ~0-380
The exposure time ~0.06-3000 ms
Spatial pixels 1010x1010

Figure 1 is a schematic diagram of the imaging principle of the Rikola hyperspectral instrument. The
Rikola camera is a lightweight spectral camera based on the Fabry-Perot interferometer. It was developed by
Finland's National Technology Research Center (VTT) [15]. The Rikola hyperspectral imager continuously
captures images of different wavelengths, and these images of each frame are combined into a spectral data
cube.
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Fig. 1. Schematic diagram of the imaging principle of the Rikola hyperspectral instrument.
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The Rikola hyperspectral imager uses a snapshot exposure method in which each waveband is continu-
ously imaged at high speed in accordance with the exposure sequence. Image acquisition consists of expo-
sure and reading, and the length of each data cube is equal to the sum of the exposure time and the storage
time. The exposure time is to set according to the actual lighting conditions by using the diffuse plate before
the hyperspectral imager/camera is set up on the UAV to perform the aerial photography task. The specific
setting method is as follows.

The Rikola hyperspectral imager/camera was fixed on a camera tripod of about 1.5 m high. The diffuse
plate was set up directly under the hyperspectral camera by moving the tripod.

The live imaging module of the Rikola Hyperspectral Imager software observes the gray histogram of
the diffuse plate images obtained at this time. When the gray value was mainly distributed in the middle of
the Gray histogram display panel, we recorded the exposure time displayed by the software. We assumed
that this time recorded was the appropriate exposure time.

Data acquisition. The test area is located in a farmland within the 145th Regiment of Shihezi City, Xin-
jiang, China. The longitude and latitude are 85.957965 and 44.365951, respectively. Winter wheat is the
main crop of the test area.

We used a DJI Matrice 600 Pro UAV (DJI, Shenzhen, China) flight platform. The Rikola hyperspectral
instrument was carried on the UAV using a DJI Ronin-MX Pan-Tilt. In order to meet the requirements of
image mosaic, all hyperspectral data were captured with an 80% along-track overlap and 75% side lap. The
corresponding speeds of different flight altitudes and different flight modes are shown in Table 2.

TABLE 2. UAV Flight Speed at Different Flight Altitudes in Two Flight Modes

. Flight speed, m/s
Flight mode 30mAGL | 50mAGL | 80mAGL | 100 m AGL
Cruise mode 4 4 4 4
Hover mode 2.4 4.1 6.5

Data pre-processing. Firstly, we used the K-Type processing module in the Hyperspectral Imager soft-
ware of the Rikola hyperspectral instrument to perform data format conversion and dark current correction
on all original data. This allowed us to obtain the ENVI 5.3 general format and transform the data from the
DN value (12bit: 0-4096) without physical units to the radiance value (the physical unit is W/[m?-sr-nm]).

Secondly, we removed all hyperspectral data captured during the UAV flights’ take off, descent and
turning. We split the multi-band ENVI standard format data into a single-band.tif format data by using the
Slplit HDR module in Coregistering software. Then we used the fast selection function of Agisoft Photoscan
Professional software to eliminate useless data at take-off, landing, and turning points. The remaining, useful
data was registered and mosaicked using Rikola hyperspectral RegMosaic software.
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Finally, the mosaic data (radiance data) was put through ENVI 5.3 software in order to perform reflec-
tance correction and obtain reflectance data. The reflectance data can be used for quantitative remote sensing

research. The calibration model is

S, xS
Reflectance = 2122

) (D
3
where §; is the hyperspectral image radiation energy value; S, is the diffuse plate true reflectance; and S; is
the diffuse plate radiation energy value.
In the experiment, the author used five diffuse plates (G8T Inc, Utah, USA) with reflectance values of

3,22, 48, 64, and 99%; the true values of S, is shown in Fig. 2.
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Fig. 2. Diffuse plates true reflectance curve, reflectance values of 99 (1), 64 (2), 48 (3), 22 (4), and 3% (5).

In order to compare the spectral curve changes of the diffuse plates under the six tests, we utilized the
radiation correction method in Poncet’s research [16], and thus this experiment uses a diffuse reflectance of
48% as a reference to obtain the hyperspectral reflectance data:
xS

S 0
Reflectance = —— 2%

, 2
3,48%
where S .43 is the true reflectance of the 48% diffuse plate; S3 480 is the radiation energy value of the 48%
diffuse plate.

The acquisition of data by UAV Rikola hyperspectral imager/camera mainly involves captures of the
exposure time, UAV flight mode, and flight altitude. First, on Apr. 6, 2018, the contrast test was designed
with the UAV flight altitude and flight mode as variables. Under the same exposure time, hyperspectral data
were collected at different flight altitudes in UAV cruise mode and hover mode so as to achieve a compara-
tive analysis effect.

Next, on May 13, 2020, in cruise mode and at a fixed flight altitude of 80 m AGL, six test experiments
were performed to assess the Rikola hyperspectral exposure time. The exposure times were obtained using
99, 64, 48, 22, and 3% diffuse plates with comprehensive reference to 99 and 64% diffuse plates.

Results and discussion. Analysis of diffuse plates spectral curve to determine the exposure time.
As shown in Table 3, four control tests were established to assess the Rikola hyperspectral exposure time
when using different diffuse reflector plates.

TABLE 3. Exposure Time under Different Parameters

Test Diffuse plate, % Exposrlilrse time,
Test I 99 3

Test 11 99+64 4

Test 111 64 5

Test IV 48 7

Test V 22 10

Test VI 3 15

N o te. Flight amplitude 80 m AGL.
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Fig. 3. The gray-scale target spectral curve of test [-VI: diffuse plate 99 (1), 64 (2), 48 (3), 22 (4), and 3% (5).

The data accuracy was higher when the relationship between the measured reflectance of the diffuse
plates and the true reflectance was stronger [16]. When changing the exposure time, the measured reflec-
tance curves of 3, 22, 64, and 99% diffuse plates were compared with the true reflectance, and all had differ-
ent extent deviation (Fig. 3). In addition, when the exposure time was too long, overexposure occurred. This
is demonstrated, for instance, by the distortion of the measured reflectance curves of 64 and 99% diffuse
plates (test V and VI). Overall, when the exposure time is 5 ms, the deviation of the measured reflectance
curve of the diffuse plates is the smallest, and therefore the measured reflectance of the diffuse plates is clos-
est to the true reflectance (test III). Therefore, it is most accurate to determine the hyperspectral exposure
time using the 64% diffuse plate.

Analysis of SNR results according to image quantitative evaluation index. The SNR of remote sensing
images is a key indicator when evaluating the quality of data obtained by remote sensing sensors. The SNR
of images can reflect the SNR performance of remote sensing instruments to a large extent. The common
methods for evaluating SNR of remote sensing image include LMLSD, GS, EE-LMSD, and SSDC [17],
among others. For hyperspectral images, the signal has a strong correlation between spectra or between
wavebands. As such, linear regression was used to remove signals with hyperspectral correlation in the im-
age, a process called decorrelation. This involves removing the signal with high correlation so that the re-
maining is noise [18]. In this paper, the SNR of the image was obtained using the space/spectral dimension
correlation method (SSDC) which is highly reliable when compared to hyperspectral images.

Analysis of the noise characteristics of the instrument. First, we needed to analyze the noise characteris-
tics in the Rikola hyperspectral system. The noise was mixed with the signal, and it was necessary to analyze
whether there was correlation between the noise and the signal, and whether the noise itself had correlation.
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(1) Analysis of correlation between noise and signal. The noise in the instrument can be divided into
two main categories: additive noise and multiplicative noise [19]. The magnitude of the additive noise was
not correlated with the signal, while the multiplicative noise was the opposite. The image was divided into
8x8 relatively uniform regions, and the mean and variance in each small region were calculated. As shown
in Fig. 4, there was no obvious trend between the local mean and local variance. Therefore, it can be deter-
mined that the noise presence in the Rikola hyperspectral system is additive noise.
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Fig. 4. Correlation diagram of signal and noise.

(2) Analysis of correlation between noise and noise. By removing the correlation of the signal in the
spectral dimension from the Rikola data, the residual image can be used to determine the correlation of the
noise itself. Figure 5 shows the correlation coefficient of the residual images. It can be seen that the noise in
the Rikola hyperspectral signal was not correlated by itself.

Correlation coefficient
1 -0 b

0.5

100

50 100
50

Column coordinates Row coordinates

Fig. 5. Noise correlation coefficient.

Comparative analysis of image's SNR. The SSDC method uses a multiple linear regression method. The
formula is as follows:

A

X Ak:ax

1y L +bx;

ikl TCX g +d . 3)

i, k=
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The images were divided into many small blocks according to a certain size. x;;« is the image pixel’s
gray value of the k band, the i column, and the ; line in a small block, X;, ;. 1s the linear fitting value of an

image grayscale, and a, b, ¢, and d are the linear regression coefficients used to minimize the sum of the
squares of the residuals, where

Xip ik oi>1,
X .= X g oi=Lj>1, @)
Insignificance i=1,;j=1.
The residual image after SSDC was
Bk = Xijk = Xk (%)
where 7;;x was the residual value; there were

2
s =

~[M1=

h
;rz,-,,-,k (i, 7)=(L1), (6)

in which w and /4 are the width and height of each small image.
The image noise variance is
on? =52 (M—4), (7)
M=wxh—1. )
Using the SSDC method above to get the SNR, the relevant algorithm codes were written in Matlab
2018b, and this obtained the SNR diagram shown in Fig. 6.

SNR a b
70
—+—Test] —m—Test I —&— Test III 320 [ ——Tes Il P Teat IV
60 | —#—Test V —o—Test VI
VAl M 220 |
40 |
120 |
30 I
e ¥
70 } —+—T-100M-data 70 t —+— C-80M-data
H-80M-data 60 C-50M-data
60 1 H-50M-data —m— C-30M-data
50 —m—H-30M-data 50t
40 t 407
30 t 30
20 E e ——————
60 60 L
—m—H-80M-data [ —+—C-50M-data
50 t —+—C-80M-data 50 [ —=—H-50M-data
40 40 r
30 30
20 " " . . 20 . i . A , ; . ;
500 600 700 800 900 500 600 700 800 900 A,nm
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142 ABSTRACTS ENGLISH-LANGUAGE ARTICLES

Figure 6a shows that as the exposure time of the hyperspectral camera increases, the SNR of the hyper-
spectral image becomes larger; but in tests I, II, III, IV, the SNR does not change significantly and is main-
tained at about 40. This result indicates that SNR of the image is maintained at a stable level as long as there
is no overexposure. When the exposure time is too long (tests V, VI), the hyperspectral image is overex-
posed and the SNR of the hyperspectral image increases significantly. This is mainly because as the expo-
sure time increases, the radiance value and the signal value become larger. The noise value remains un-
changed, which leads to an increase in the numerator, a constant denominator, and therefore an increase in
the ratio.

Figure 6b shows that in both hover and cruise modes, the SNR of the UAV hyperspectral images in-
creases with the flight altitude, especially in the near-infrared band (~750-900 nm). At the same flight alti-
tude (Fig. 6¢), the SNR of the remote sensing images obtained by the hyperspectral UAV under the two
flight modes was basically the same.

Analysis of information entropy results according to image quantitative evaluation index. Information
entropy is a random measurement of the amount of information in an image, which reflects the degree of
non-uniformity and complexity of the texture in the image. The large information entropy shows that all el-
ements in the gray level co-occurrence matrix have maximum randomness. The more uniform the distribu-
tion of all element values in the matrix, the richer the image textures [20, 21]. The calculation formula is

ENT =-%'p log, p, . )

i=1

where P is the proportion of pixels with a gray value of x in the image.
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Table 4 shows the results of image information entropy. The image information entropy of test III is
higher than tests I, II, IV, V, VI). When the hyperspectral image is overexposed (tests V, VI), the infor-
mation entropy of the hyperspectral image is greatly reduced. The overall overexposed image is brighter, so
that the detailed texture information is overwhelmed, and the information entropy value is reduced. The in-
formation entropy of the hyperspectral image obtained by the UAV in cruise mode was slightly higher than
that obtained by the UAV in hover mode. In both flight modes it can be seen that as the flight altitude of the
UAYV increases, the information entropy decreases slightly. For the winter wheat in the image, the texture
distribution is uniform. When the flight altitude increases, meaning that the ground resolution of the hyper-
spectral image decreases and the texture complexity decreases, the information entropy decreases too.

Analysis of sharpness results according to image quantitative evaluation index. Sharpness refers to the
degree of sharpness of the detailed shadows and their boundaries of the image, which is an important indica-
tor reflecting the quality of remote sensing images. The sharpness of the image was calculated in this study
using the average gradient method [22]. For the discrete image x, ), the first-order partial derivative can be
expressed by a first-order difference approximation. The horizontal and vertical gradients at (i, j) were ex-
pressed as

8i = X js1) = X))

85 = X1y ~ X (10)
Gradient is a vector with the following value:
1 wel et g 4 g2
grad ) =—————x 3 3, [F 8 (1)
Tow=D(h=1) a = 2

where w and /4 are the width and height of each small image.

The gradient value was calculated for each pixel in the image. Then an average gradient of all the pixels
in an image was taken in order to obtain the average gradient of the image. The Sobel operator used this
method to calculate the sharpness index of each test image in MATLAB 2018b (Fig. 7). As shown in Fig. 7a,
where there is no overexposure of the hyperspectral image (tests I, I, III, IV), when the exposure time of the
hyperspectral camera increases, the sharpness of the hyperspectral image decreases. However, the sharpness
does not change dramatically and remains at a stable level. When the hyperspectral image is overexposed
(tests V, VI), the sharpness of the hyperspectral image is reduced, and large fluctuations occur in some of the
bands, which means that the hyperspectral image is distorted. Figure 7b shows that whether the UAV ac-
quires data in hover mode or cruise mode, its sharpness tends to drop with height. It is obvious that the high-
er the altitude, the lower the ground resolution of the image, which is to a certain extent the image clarity.
However, it can be seen in this experiment that when flying at low altitude (about 100 m AGL), there is
a low degree of change in clarity. Therefore, when acquiring hyperspectral data at low altitude, the main
consideration is ground resolution, and the effect of sharpness on image quality can be ignored. Figure 7c
shows that at the same flight altitude, the image sharpness under the two modes was similar at each height.

TABLE 4. Image Information Entropy

Data name Information entropy
Test I 5.552680967
Test 11 5.572480111
Test 111 5.575306245

Test IV 5.560122301
Test V 2.793663644
Test VI 1.148716143
C-30M-data 5.874677524
C-50M-data 5.873981557
C-80M-data 5.873433867
H-30M-data 5.873278016
H-50M-data 5.870889858
H-80M-data 5.870088135

H-100M-data

5.869170854
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Conclusions. By analyzing the spectral curve, SNR, information entropy, and image sharpness of hy-
perspectral data, we were able to draw several conclusions. Firstly, when conducting the research on objects
such as vegetation, when the exposure value was set with reference to the 99% diffuse plate, the image may
be overly dark. When the exposure value was set with reference to the 22 and 3% diffuse plate, the image
may be overexposed. In contrast, when the exposure value was set with reference to the 64% diffuse plate,
the image quality was relatively good. Secondly, flight mode (taking photos at equal intervals while hover-
ing) had little effect on the image quality when there was a relatively small difference in flight speed be-
tween the two flight modes. Finally, the changes of information entropy and sharpness of hyperspectral im-
ages at different altitudes are on the order of one thousandth, so information entropy and sharpness cannot be
used as a main basis for judging the quality of hyperspectral images of drones at different altitudes. Howev-
er, it is noticed that the SNR of hyperspectral images at different altitudes changes obviously with altitude.
Therefore, the comprehensive analysis of these three indicators shows that the higher the flying altitude, the
better the overall quality of hyperspectral images.
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