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Abstract: Identifying the types and distribution of tree species is the foundation for monitoring tree diversity, and is cru-
cial for forest protection and management and sustainable development of forests. Forest plot-scale hyperspectral images
and LiDAR point cloud data scanned by unmanned aerial vehicle (UAV) were used as the data source, and based on the
individual tree-scale hyperspectral and point cloud data obtained by the canopy height model, a convolutional neural net-
work (CNN-EGNet) model combined with the attention mechanism of efficient channel attention (ECA) was proposed in
this study, aiming at achieve precise tree species identification in mixed coniferous and broadleaf forests in the Maoer-
shan area of Shangzhi City, Then, CNN-EGNet with three traditional CNN models VGG16, VGG19, and GoogleNet in
identification accuracy. Finally, on the basis of the results of the tree species identification, tree species diversity indi-
ces (Shannon-Wiener, Simpson, Pielou, Species richness) in the study area were calculated with the 40 m x 40 m win-
dow. Results showed that the proposed CNN-EGNet model achieved an overall accuracy (OA) of 89. 58% and a Kappa
coefficient of 0. 8661. Compared with conventional models, the overall accuracy for species identification improved by
9.37%, 5.20%, and 14.58%, and the Kappa coefficients increased by 0. 1175, 0. 0652, and 0. 1896, respectively.
The Shannon-Wiener index primarily ranged from 0. 8 to 1. 4, while the Simpson index predominantly clustered between
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0.5 and 0. 7. The Pielou index generally fell within the range of 0. 7 to 0. 95, and the species richness index mostly var-

ied between 3 and 5 species. The tree species diversity indices indicated that the distribution of tree species was uneven,

with certain species being dominant while others were relatively scarce. The results of the study can provide technical

and data references for the identification of tree species and the protection and management of tree species diversity in

the mixed coniferous and broadleaf forests in the Northeast of China, and validate the possibility of identification, moni-

toring and evaluating the diversity of tree species by combining hyperspectral and LiDAR data from UAVs with convolu-

tional neural networks.
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Fig. 5 Results of individual tree segmentation based on point cloud

3.1.2 Eti ORISR

ST SREUA 5525 B AR AR 7t 0 B0 52 5% R ST
%o e G AT 3 8L T SRAS BR = i 4
i, W 6 Ffin e HIE 6(c) AT AN, R SRR SERE
FLHE AR AR B = 6T G, HE T ] DASEEIN /e il
Pl (5 1 B R 43 81 {EL ] BB 77 A2 T B 6 (b) Al 7 (R 1
T, R SRS A R B = e
3.2 RESBETGLER
3.2.1  AN[FAIBEEIHRA R

B 7 AR A 2 [l FE I G SR AN 36 A 5 s £
R R B T B (LA, Train_Loss ARSI ZRibi ok,
Val_Loss JJ4RUEHRAR ) o IR 7 I KN, & 1AL 25 (0
BT BT ISR R SR sR B BB T IR B N B L X 5RAH

AT 90 M GR s 7 T 218 A R RFE . CNN-
EGNet BRI FEYIZRIRE] 120 1 epoch BT, YII 2R E S 71
565 VI £S04 R R O R A T MG, VI R SR AT S0 E £ )
MBS e, IR BR8] THIERE,
BUS T REFATIIZRER . 281, VGG16H1 VGG19 AR
R BAEN LRI R 3L T R ZUA 5T, i GoogLeNet
MIHRA BREL T PR 2 0. 5 /A5 I B N T 59, DR et et
AKHFFE, VGG16.VGG19. GooglLeNet FAI ZE M A5 15 B
BoRe:, s gk s Rt — 2.
3.2.2 AEIEBIRFH ARG

CNN-EGNet #5715 H At 3 flt CNN #2278 (] 3 FfrH
BlgEEE R, W 1, WAL Precision Recall 1 F1-
score &% , CNN-EGNet fEATE fabr ¥R M (E , H



E1H8 #HEIF KELANBHIE ST EBIERI R IR

17

(b) AL R

(b) The individual tree segmentation results

* g , (0) ARSI R
Y (a) BRAA HILE R (c) The individual tree segmentation results

(a) Overall individual tree
segmentation results

Be6 BAEERBEASINER

Fig. 6 Results of individual tree segmentation based on hyperspectral image
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Fig. 7 Loss function of different models
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of different models
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GoogLeNet 0.77 0.75 0.75 93.75
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9 &AM B SRHS FE (OA) F1 Kappa 2 #0o
H1 P& 9 A1, CNN-EGNet &8 SR 81 Hy R 47 B MEGE ,
OA 0. 895 8, LRI VGG16.VGG19F] GoogLeNet f]
OA 435179 0. 802 1.0. 843 8 F10. 750 0, CNN-EGNet [
OA I T 25 AL (VGG 16, VGG19 F GoogLeNet)
53 AERTE9. 37%.5. 20% F14. 58% . ItHh, CNN-EGNet
LY ] Kappa 22 500 0. 866 1, #HE: T 1% S5 2 AL (1)
Kappa 25053 BIF2 7% 7 0. 117 5.0. 065 2.0. 189 6, X
FHH CNN-EGNet 81 73 K45 5 5 LR B A — 2
B, T 45 SR B ] AE
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Fig. 8 Confusion matrices of different models
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Fig. 9 OA and Kappa of tree species identified by
different models

3.2.3  HRLAR:

NEEAREL (B RBUR AN R T I RS
TEMER AT 53 BV ZRAS TR B 45 G544, A4 (SR
T G E T IHLHI R AL (ECA-Net) (SO IN 42 5 3
Bl Z A (GAP) , R A ARG 1 B2 (precision) &

[ (recall) Fl F1 $E43 (F1-score) {E 7 E BIEA 87
TR R 2, xS FuaR 1 /15% 2 Y3645
EA] 1, CNN-EGNet 7£ Precision« Recall {1 F1-score
IR E. HEEZ T, R GAP IR AL th 3%
P S = B M BE |, Precision. Recall #1 Fl1—score 43 71~
0. 87.0. 86 F10. 86, 7 B GAP fEHext 1AL 68 1 $2 7+
R EE . MR I ECA-Net fEER YA FT VGG 16
AP RERAR , 2 T ECA-Net it , 3B ECA-Net
BT B AL M BEHO DR AN T GAP BLERBA R . AT
7, I 45 RIS MR, [FRINA T GAP AT ECA-
Net 2 Jexf 2 AR AU M g H A S ZEH , ifi ECA-Net
S RINEE T E P LS EE

x2 HEARER
Tab. 2 Results of ablation experiments
Fr IR B B2 INAL A [E R B F143 %2
Weighted Weighted Weighted
Methods L.
precision recall Fl-score
XN GAP
Add GAP only 0.87 0.86 0.86
7y _
{NF N ECA-Net 08l 0.79 077

Add ECA-Net only
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Tab. 3 5-fold cross—validation results of CNN-EGNet

tree species classification model

Eiid BHREE RIAFREL
Fold number Overall accuracy Kappa
lilld 1 0.833 3 0.789 7
?led 2 0.8958 0.865 7
jlzzlsd 3 0.906 2 0.878 5
ifd 4 0.8229 0.782 8
ifa 5 0.781 2 0.727 9
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Fig. 10 Classification and distribution of tree species in the study area
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Fig. 11 Tree species diversity index of the sample plots in the study area
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