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Fig. 1 The distribution of the aerial survey area in the
Saihanba mechanized forest farm and its corresponding

date collection flightlines
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Fig. 2 Distribution map of forest age groups and ground survey
locations in the aerial survey area of Saihanba mechanized

forest farm
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Fig. 3 The methodological workflow for tree species
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Fig.4 The spatial distribution of tree species type samples
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BHE, EEUS AR A BRADG RS R Y 30 S F
RS BOE WL 1 (Jia Fl Pang, 2023; Furniss
G, 2022) 0 [FEE, ST OREE SR R BRI B A3
IEMM#}? H, X CHM B b A7 25 [ R FE A2 2 m,
W HAE Sy S e AR AR B A B R B SRR IE . AR BT
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Table 1 Vegetation indices

RS ERS

£} AN

HACE TR g
Anthocyanin Reflectance Index 1
TR SRR
Anthocyanin Reflectance Index 2
RABHBTH L
Atmospherically Resistant Vegetation Index
WM B L AR R
Blue Ratio

1 1
Psso P00

1 1
ARI2 — -
psoo(ﬂsso) (9700)

Psoo ~ (Pﬁso - (P450 - Paxo))
Psoo T (Pﬁso - (P450 - Pexo))

=
Pasi )\ Pasgi J\ Pas1 |\ Pas

ARVI
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UERI SR K] A
KW MRRIHEEO CRIL (L) (L)
Carotenoid Reflectance Index 1 Psio Psso
ESUE N VR E G CRD (L) (L)
Carotenoid Reflectance Index 2 Psio Poo
ZE(A MBI
DVI 297 = P150) = (Peas = P
Difference Vegetation Index (2e0m = P1s0) = (Poss = Psc)
PIEE R .
P =P
Difference Index 77 003
SRR AR B TE AL EVI 2 5( Pse1 ~ Peas )
Enhanced Vegetation Index N pssr * (60613) = (7:5pu66) + 1
GRS BB B CARVI psn = (Peso = (Paso = Po))
Green Atmospherically Resistant Vegetation Index Psoo T (p650 = (puso — peso))
SO — AR %L GNDVI Pseo ~ Pess
Green Normalized Difference Vegetation Index Pseo t Poss
GREER AR pen
GR —
Green Ratio Pec3
IH— AL 4R ET 25 AR AL GRDI Psso — Prso
Green—Red Difference Index P50 T Psso
B — 2% A o= p
kNDVI tanh [ NE_——ed
Kernel Normalized Difference Vegetation Index POnir T Pred
(ENRU S TR S 7 CARI (( ) 0.2( ))(Pmo)
m Proo — Pero) = 0.2(Pr0p = Psso) )| 2
Modified Chlorophyll Absorption Ratio Index e e 0T g
WO TE G I M 1.5(25(Paw = Pen) = 25(Psr = Psso)
mCARII
Modified Chlorophyll Absorption Ratio Index—Improved N/(Zpsoo + 1)2 - (6p300 =5Ps0 ~ 0~5)
s R 5 L - prs = P
Modified Simple Ratio Index P05 T Pass
1 TE AL 01— {12 SR WA o P
Modified Normalized Difference Vegetation Index Paso T Pros = 2Pass
T IE R = A AR HL _— 12(12( )= o )
m 2(12(pso0 = Psso) = 2(Pe0 = P
Modified Triangular Vegetation Index e o
L2022 S A - .
Normalized Difference Red-Edge Index Prir t Pre
L1317 — L2 SRS R (705 nm) o P
Red Edge Normalized Difference Vegetation Index (705 nm) 705 Paso T Pros
Al A .- (1+ 0.16)(Pro ~ P
Optimized Soil Adjusted Vegetation Index Psoo T Pero + 0.16
DI (A= IE L PRI Ps31 ~ Psmo
Photochemical Reflectance Index Psyt T Psyo
R 2 T B . P
Plant Senescence Reflectance Index Piso
el A 8 . P
Ratio Vegetation Index Pego
SRR 6 E A - P~ P
Structure Insensitive Pigment Index Psoo ~ Peso
LN w .
Simple Ratio Index . PRed
_ b
SELEE S E TVI 120( P50 = Psso) = 200(Pero = Peso)
Triangular Vegetation Index 2
EARVIE e VoG P
Vogelmann Red-Edge Index P20
KAk . P
Water Band Index P70




JEIC A HLEGE DG S LIDAR BRI 3 S5 BE (14520 K2R 4047 2923

S T AR LA G S AR AR R o S R
58I T Softmax 575 T JE B Gt J2 29 5T 1 R
A7 FEO3 BT o Softmax BRECHS 7] 2 BRI 3 55 —A> [ &
B b e B TR AR T DR, 55
A BERA — XS W R, LA 2 51 A
MR 1 ASCE el T RS F 45 AR U
WE5eE, AR5 MR B R 43 5 el 2 A 24 SR BRI 4R
JCTH A AP ZE AU T Softmax A9 & FELHER  (Zhao

B Er s —>
| EESgi
HERN =
[ i
Crixa
LV STEvEs a5 He AR TTI R ) 2645 R

O R Py ooy

e N
BEFHE R Pury= Sorgirarre —0.012%

8, 2023), 4B, JiZoE)E LA BN P A 1R
JUIK T i FE R R B MR TR 1, RO = e R
AR IZM AN R Gl A K 4R E, HEMR
DI SE BT A ARy EIE 2, Al RIAG 25 T AT )=
RN W R EEE R (C,,,.) . MNTMTER T R —
Tl J2 Xt AR T B 22 RS R A TR, R TR
WIE 5. FIANRGHERE . SRR . PR . 2k
FEERTIE | Kappa REORPFO 0 SRE R IR

Zeurn=101%70
Zzp=1B7T

Zpep=1180
Zyguw=2180

Softmax(Z)= ez €(0,1)
Yk

1
elO

Frarareosm Y

FEAL B Pl mwmz%
AR 7 LU AR Piorp™ m =0.033% Cerown
7S AR o EERER A LY SEV AL N
RIES RN

5 T Softmax B AT Z T AR E

Fig. 5 Illustration of tree species classification results based on Softmax algorithm for individual tree crowns
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Fig. 8 The individual tree segmentation results in the flight area of the Saihanba mechanized forest farm are dlsplayed using discrete colors
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Analysis of factors influencing tree species classification accuracy using
Airborne Hyperspectral and LiDAR data
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Abstract: This research aims to examine the key factors influencing the accuracy of tree species classification using airborne hyperspectral
data combined with Light Detection And Ranging (LiDAR) data in forest environments. Accurate identification of individual tree species is
essential for effective forest resource monitoring, management, ecosystem assessment, and biodiversity conservation. While many small-
scale studies have explored tree species classification in forests with diverse species compositions and complex age structures, achieving this
over larger areas remains a significant challenge. This study focuses on evaluating the effects of spectral consistency correction, canopy
height information, and individual tree canopy segmentation on classification accuracy. Saihanba Mechanical Forest Farm, a large-scale
artificial plantation, was selected as the study site to explore these factors.

To assess the effect of different factors on tree species classification accuracy, this research utilized a random forest classification
algorithm and developed four distinct classification strategies. The first strategy used vegetation indices derived from multiflightline images
without applying Bidirectional Reflectance Distribution Function (BRDF) correction. The second strategy incorporated BRDF correction
into the multiflightline images before deriving vegetation indices. The third strategy integrated canopy height information, specifically the
Canopy Height Model (CHM), with the BRDF-corrected vegetation indices. The fourth and final strategy combined BRDF-corrected
vegetation indices, CHM, and individual tree canopy segmentation data. The classification accuracy of each strategy was systematically
compared to quantify the contribution of each factor toward improving tree species classification precision.

Results indicated that individual tree canopy segmentation significantly reduced misclassification errors arising from the mixing of
multiple species within a single canopy, leading to a notable 10.74% improvement in classification accuracy. Using the random forest model’s
feature importance ranking, individual tree segmentation emerged as the most critical factor, followed by BRDF correction, then CHM.
Although BRDF correction reduced spectral reflectance variability caused by differing Sun observation geometries across flight strips, it
only led to a modest improvement in classification accuracy of 3.48%. The introduction of CHM yielded minimal gains in accuracy,
contributing just 0.67%, particularly in areas with uniform vertical forest structures or species spanning multiple age cohorts.

This study demonstrates that integrating airborne hyperspectral data with LIDAR data holds substantial promise for enhancing tree
species classification in large-scale artificial plantations. Among the factors analyzed, individual tree segmentation proved to be the most
impactful in improving accuracy. By contrast, the relatively minor influence of BRDF correction and canopy height features underscores the
need for further refinement and optimization. Overall, the findings emphasize the importance of considering multiple factors in remote
sensing workflows to enhance the efficiency and accuracy of forest resource monitoring, management, and other forestry-related applications,
especially in expansive forest environments. These insights provide a valuable theoretical foundation and practical recommendations for
future forest management and ecological monitoring efforts.

Key words: tree species classification, airborne hyperspectral data, BRDF correction, LIDAR data, individual tree segmentation, random
forest, vegetation indices, Saihanba mechanized forest farm
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