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ABSTRACT

Background & Aims: The species diversity of canopy trees is important for the function and service of natural forest
ecosystems. To be able to formulate reasonable biodiversity conservation strategies, it is important to understand
patterns of forest canopy diversity through time. However, the development of high-precision forest canopy diversity
monitoring at a regional scale is slow due to a limitation in diversity information collection methods. A lot of
biodiversity patterns may substantially change due to climate change and human disturbance. However, updating these
changes in biodiversity cannot be done in a timely manner. In recent years, the development of canopy hyperspectral
image collection based on unmanned aerial vehicle (UAV) and analysis technology has provided an opportunity for the
development of new tools for canopy diversity monitoring.

Progresses: Here, we propose using the hyperspectral image of forest canopy for biodiversity monitoring and
conservation, development of UAV aerial photography and spatial positioning technology, and the development of
hyperspectral image processing technology with deep learning. We use the existing literature to discuss the research
status, feasibility, advantages, and disadvantages of using UAV hyperspectral imaging for monitoring of species
diversity of forest canopy trees. We believe that canopy hyperspectral images provide indispensable and abundant
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information for forest biodiversity monitoring. The combination of UAVs and hyperspectral cameras makes it possible
to automate the collection of canopy diversity information with both high frequency (e.g., weekly) and high precision
(e.g., decimeter- or centimeter-level) at the regional scale. At the same time, the leap in image processing technology
made possible through deep learning enables the extraction of individual and species information from canopy
hyperspectral images with extremely high precision.

Prospects: Hyperspectral images have rich spectral and spatial information, which greatly improves the identification
accuracy of plant species. The combination of UAVs and hyperspectral cameras greatly reduces the difficulty and cost
for acquisition of this data. Applying deep learning methods to hyperspectral image processing can effectively collect
species diversity information contained in hyperspectral images, and accelerate the research on forest canopy diversity
monitoring on a large-scale. However, due to an insufficient sample size of hyperspectral data for species and a
limitation in common deep learning models not being fully optimized for hyperspectral images remains a challenge.
Future challenges for research include: how to build the hyperspectral species database, how to combine the

characteristics of hyperspectral data, and how to optimize the automatic species recognition algorithm.
Key words: canopy diversity; diversity monitoring; hyperspectral image; UAV remote sensing; deep learning
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Fig. 1 RGB image and hyperspectral image of typical forest canopy of the subtropical evergreen broad-leaved forest in Tiantong,
Zhejiang Province. (A) Ordinary RGB images only contain three layers of information: red (620-760 nm), green (500-560 nm) and
blue (430-470 nm). Therefore, the canopy of most evergreen tree species is almost the same green in RGB images, which makes it
very difficult to identify the canopy species; (B) Three dimensional display of canopy hyperspectral image, x-axis is the scanning
length, y-axis is the scanning width, z-axis is the spectral axis; (C) The spectral reflection curve of selected pixel, abscissa represents
the wavelength, ordinate represents the band reflectance value, the pixel shows different reflectance values in different bands,
forming a nearly continuous spectral curve.

0.45 A
0.40 |
035
0.30 |
025 |
0.20 |
0.15 |
0.10 |
0.05 |

dth
|

5% Reflectance value O

AR FEE Scanning wi

https://www.biodiversity-science.net



650 4 ¥ £ £+ ¥ Biodiversity Science

DA 218 56 J2 = 61 s A5 e, 163 IERGBE
B ELVPRIEX AR IS EE S . @i
£ %57 4 T (principal component analysis, PCA)#z HX
b2 IS AR N R EE B R, BAEE BN R A
(IR TR 2B H A [R] AR B (R 2) o 3K il R R 5 1 3
RGBFAZ L# 2R Y, TEARFI e ik b
FAEN XA Bt 2 7, W EDBiE B R &0
W71, Refis it AN [E R TR B A2

A [ 4 ok R0 AS 5] B A A 4[] A7 £E R &2 1)
WS, SRR TR mOB I AR Y 2 R
f2Eah . BARTT S, 2OKPHEE S 2L EYE, TThRe
PR TR s AL . BT R R A BRI S
HHE A RSy, B AR K EER.
VERD . WEAHARSE R T, WORRERMA4ER . W
F 90 53 28 () v D't 1l 5 B 36 [ 79 400-2,500 nm,
HA R WEE 5 (VIS, 400-700 nm). T £ 4N
43 (NIR, 700-1,000 nm) Al Ji 3% 21 41 356 4 (SWIR,
1,000-2,500 nm) (Adam et al, 2010). fE&¢H o, Jeé
3K (M-S 2R afl -4 2 b) A4l B 66 32 76 7] L ol B
YOI N R IR B R RO K WIAE T 2L Ah A
W B R B H W SRR AE (Rivard et al, 2008); 7E%H 214+
BB, HA S M i o A% 1S T LRI 2
KIFE AHR. EAHRERBCFIES S (Clark &
Roberts, 2012). FRib2E4LRsl, S0 60E 1 K &8
ELFEHAD AN E R T ) 454, X et 1
(R EBURT R AR i o RO ) e A A R 25 4 AR 1 T DA
AR AT IR TSR P, T e e T AL S 3 ] DAAR
DB IX L5 184S 57 1 (Adam et al, 2010). HAETCA
HRER 2 IUEAR R B, AN [F R P A BT B R Ry
It B R AIE BE B ot 1 A B 2% BT BRI (Asner et al,
2009). KEBJER T ANAFEF (L5 5 AFIAE)
PG RRAE T 2, A a] LATE I A 2, 1X L84 f
PO BB E 2, B —WFh AN [F AR ] A A
ek ZE S, X BRI T m OGS R o KR T
Pk, (R AP a5 Rl P 2 R R B A T
=& A A

AW 2 FEAE DN AN R SR MR (1 06 1 A
B, B ERTE BRI R, I T X L R
AR 25 70 A o JX LI 2345 B 75 2 E Bl R Bl i
LT BRI NS . TR, Jo AL i 38

2021, 29 (5): 647-660

ARANWR & 5635 (To AP MO TH 28 % R 5 TAR R
K ILE 1), BA Rgetk. BEE . JEBOA T2
TR R AT S B HT bR o 4 B X OO, R 2 A
PRI SR AL | K H H AR #ER 11115 E.(Adam et al,
2010; JE&EREE, 2018). AHELTAL SISt Ty
1, MHTANBAZR T G BT 76 Z 2 2 B I
AR REN NI, S5 1EE 56 A \bliE
T B LG, T AL b 1 28 2P & B S Rk
LB | I 23 40 2R RIS 2 T S5O0 5 (R A i A
sKfiE, 2018), el ARAT S = o O ET AMULI B o P
I, JTE AN R — M RO B TR, 4RSS
SR T RENS DAL AR A SR AR T 2 R

B & 3 [ b =5 9 2% 110 2 AT T 567 B R
1 N, T AL A 8] E AL RE I A T R R
Tto FETFHIE BN M ZEAE T B 1 X4, To AHLAT LA
SEELJE K 2 S 5 (R] S AL o FRATT AV AT UE
MHLE e 25248, 1 Hn] DR —fr & (R
—AERIAFER AR, IR E A 75 852
RIS LB IR . AL TS 51
izt Ll X, [ AT DA I 5 22 40 BOR R AR K 4 1)
FRALEEE. A, BIT TN IE RGO LR
SR | AT ERE T3 AT). 2ot
FAREL, KSR kAT D R . BN TE AL
AR THATIRATY], CHFEIFRHZ L
BT AN, BEBHINBOLTFIL. — KT E, £
TG EOGIRAE N I Z AL, LRI TT R TG
ABLE B &, B8l 2 227 500 T 7T X5
ZYR . SR A W I 75 SR (hittps://enterprise.dji.com/
cn/surveying/natural-resource-management?site=enter
prise&from=nav); L B A2 2 5] 1 o AL BT
SRR FT IR IR e A, RE T TR Iu
P () 46 36 H B (http://www. feimarobotics.com/zhen/in
dustryAppDetail?newsID=11).

SR, A 6 AU e ol 20 75 225 80
ML RS R R, kb Wridigd, N1 E
wRR X, — R EWE 2% WAT R, XLk
LT BIRAER ). KBHA . RAKMFELER
AN TR R B IR S (R 520 (Fricker et al, 2019), i bA
FE AT I 75 BT — & B AT e T, ik
MHUKATARR T . SO R E, YT R RIS,
PARIE R IS 2R & . AR TRGBAZ, @it
B AAFERCEE R, MK EE A SR

https://www.biodiversity-science.net



B2 BERGBEGSEMNTTH(PCALERHERESN
EGEIEE. (A)BERGBEEL, SHMEEZIHEIEN
%8, B)REPCALEBEMRIZHHNERSIERE T
ERMHOHEENA—HNEE, XERESLIEZGR
BRSWES, BEBRRETENMZBHRRESR.

Fig. 2 Comparison of canopy RGB image and canopy
hyperspectral image processed by principal component analysis
(PCA). (A) The canopy RGB image shows that the canopy of
each tree species is similar in green; (B) Through PCA
processing of the first three axes of the canopy hyperspectral
image, the canopy hyperspectral image of different tree species
shows different colors, which means that the hyperspectral
images have full potential to reflect the subtle differences
between different tree species.
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Fig. 3 Individual canopy spectral characteristic curve. (A) In
the hyperspectral images of forest canopy processed by
principal component analysis (PCA), the numbers @ -®
represent different individuals; (B) Spectral reflectance curves
of five canopy individuals. Different plants show different
spectral reflectance curves because of their different chemical
properties and structures, which is the basis of spectral species
classification.
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Fig. 4 Classification model based on deep learning network.
The model includes input layer, hidden layer and output layer.
Hidden layer is used to extract image features. The higher the
number of layers is, the higher the features can be extracted by
hidden layer.
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Fig. 5 From 2000 to 2019, the statistical results of articles in
the field of ecology using unmanned aerial vehicle (UAV), deep
learning and hyperspectral, respectively
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Fig. 6 The performance of deep learning and non deep
learning algorithms in hyperspectral tree species classification.
The statistical test results show that the deep learning algorithm
has obvious advantages in species classification.
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Appendix 1 Hyperspectral UAV near ground remote sensing system
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Appendix 2 Commonly used one-stop industry aerial survey image analysis software
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Appendix 1 Hyperspectral UAV near ground remote sensing system. In this system, the UAV low altitude flight
platform can be equipped with hyperspectral imaging sensors to monitor the flight status of UAV and sensor
information through the ground control and data transmission system. The information collected by hyperspectral
imaging system can be spliced by image processing system to generate various images and models.
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Appendix 2 Commonly used one-stop industry aerial survey image analysis software
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