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Abstract Tree species investigation has been faced with problems such as high cost, low efficiency, and low
precision. The use of remote sense can greatly increase the work efficiency of tree species investigation and save
cost. Although convolutional neural network (CNN) has made many breakthroughs in natural image classification
area, few people have used CNN model to carry out individual tree species classification. Based on the above
considerations, this paper builds CNN models, and integrates them with high-resolution remote sensing imagery to
classify individual tree species. In the course of semi-automatically constructing the sample set of remote sensing
imagery of individual tree species with high-resolution imagery, the crown slices from imagery (CSI) delineation,
manual annotation, and data augmentation are used. Meanwhile, in order to train the sample set of remote sensing
imagery of individual tree species, five CNN models are adapted. Through comparative analysis, it is found that
LeNet5_relu and AlexNet_mini cannot achieve the best classification effect. Googl.eNet_mini56, ResNet_mini56,

and DenseNet_BC_mini56 have the best classification effect for different species respectively. DenseNet_BC_mini56
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has the highest overall accuracy (94. 14%) and the highest Kappa coefficient (0. 90), making it the best

classification model from all aspects. The research proves the effectiveness of CNN in the classification of individual

tree species, which can provide a critical solution for forest resource investigation.
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remote sensing imagery; deep learning
OCIS codes 100.2000; 100.4996; 280.4788
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Fig. 1 Location of the research area. (a) Huangshan City, Anhui Province; (b) true color schematic of WorldView3,

the box indicates the location of Huangshan Mountain
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Fig. 2 Construction steps of sample set of remote sensing imagery of individual tree species. (a) Remote sensing imagery
of research area; (b) distribution diagram of tree species; (c) delineation diagram of tree crown; (d) labeling
diagram of tree crown category; (e) remote sensing imagery of individual tree species; (f) sample set of remote

sensing imagery of individual tree species
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Table 1

Classification labeling result of sample set of remote sensing imagery of individual tree species

Classification

Field sampling Remote sensing

Tree species Species merged Shorthand ) labeled )
points imagery
sample set
Phyllostachys heterocycla Phyllostachys heterocycla Ph. h 18 112 .
Da phni phyllum oldhamii/
Da phniphyllum macropodum /
Osmanthus fragrans/
Evergreen arbor E.a 113 444
Manglietia sp. /Ilex chinensis/
Camellia japonica/
Rhododendron sp.
Tsuga chinensis/
Cunninghamia lanceolata C.1 67 139
Abies fabri/Taxus sp.
Pinus hwangshanensis Pinus hwangshanensis Pi.h 245 2001 .
Cyclobalano psis glauca/
Emmenopterys henryi/
Tilia japonica/ Deciduous arbor D.a 327 617 .
Castanea seguinii/
Acer sp. /Sorbus sp.
Total - — 703 3313 —
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Table 2 Results of sample set division before and after data augmentation

Training sample set

Validation sample set

Tree species

Test sample set

Before After Before After
Ph. h 66 396 23 138 23
E.a 266 1596 89 534 89
C.1 83 498 28 168 28
Pi. h 1199 7194 401 2406 401
D.a 369 2214 124 744 124
Total 1983 11898 665 3990 665
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Table 3 LeNet5_relu model parameter

Layer Output size Parameter
Input 32X32X8 —

Convolutional C1 28X 28X6 Kernel 5X5, filter 6, stride 1, RelLU
Pooling S1 14 X14X6 Average_pooling 2X2, stride 2
Convolutional C2 10X10X16 Kernel 5X5, filter 16, stride 1, RelLU
Pooling S2 5X5X16 Average_pooling 2X2, stride 2
Convolutional C3 1X1X120 Kernel 5 X5, filter 120, stride 1, ReLU
Fully-connected F1 84 Node 84, FC, Rel.LU

Classification 5 Node 5, FC, Softmax
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Table 4 AlexNet_mini model parameter

Layer Qutput size Parameter
Input 32X32X8 —

Convolutional C1 32X32X12 Kernel 7 X7, filter 12, stride 1, RelLU
Pooling S1 15X 15X 12 Average_pooling 3X3, stride 2
Convolutional C2 15X15X 36 Kernel 5X5, filter 36, stride 1, RelLU
Pooling S2 TXTX36 Average_pooling 3X3, stride 2
Convolutional C3 TXTX54 Kernel 3X3, filter 54, stride 1, ReLU
Convolutional C4 TXTX54 Kernel 3X3, filter 54, stride 1, RelLU
Convolutional C5 3X3X36 Kernel 3X3, filter 36, stride 1, ReLU
Pooling S3 3X3X 36 Average_pooling 3X3, stride 2
Fully-connected F1 320 Node 320, FC, ReLU
Fully-connected F2 100 Node 100, FC, RelLU

Classification 5 Node 5, FC, Softmax
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# 5 GoogLeNet mini56 15 % 24§

Table 5 Googl.eNet_mini56 model parameter

Layer Output size Parameter
Input 32X32X38 -
Convolutional C1 32X32X12 Kernel 7X7, filter 12, stride 1
Inception V1 block (1a) 32X32X32 -
Inception V1 block (1b) 32X 32X60 -
Pooling S1 15X 15X 60 Max_pooling 3X 3, stride 2

Inception V1 block (2a) 15X 15X 64 -
Inception V1 block (2b) 15X 15X 64 -
Inception V1 block (2¢) 15X 15X 64 -
Inception V1 block (2d) 15X15X66 -

Inception V1 block (2e) 15X 15X 104

Pooling S2 7X7X104
Inception V1 block (3a) 7X7X104
Inception V1 block (3b) 7TX7X128

Pooling S3 1X1X128

Classification 5

Max_pooling 3X 3, stride 2

Average_pooling 7X 7, stride 1
Node 5, FC, Softmax

X} F Inception V1 Bl , & J& i PUEB 4 I 16 1
B, AR A N RN 1X T BB B D B 5
FB A FH RN LX) 45 R I8 A4 1 A O 35 )28 L AR
R 32X 3 A BRI AR A R A 5 2 = 40 R RE A

TSR AR 55 5 BRI 4% 22 A A 4 2 5 25 1
R TSR AR RN 3 X3 R 1
i KM R Z 5 AR 4E . Inception V1 F kb 4
FRUE A% 09 BAR RO IE RAER 6 .

% 6 Inception V1 #i S #
Table 6 Inception V1 block parameter

Inception V1 block

1 1 I v
Layer

Convolutional Bottleneck Convolutional Bottleneck Convolutional Pooling Bottleneck

kernel 1 X1 kernel 1X1 kernel 3X3 kernel 1X1 kernel 5X5 3X3 kernel 1 X1
la Filter 8 Filter 12 Filter 16 Filter 2 Filter 4 Stride 1 Filter 4
1b Filter 16 Filter 16 Filter 24 Filter 4 Filter 12 Stride 1 Filter 8
2a Filter 24 Filter 12 Filter 26 Filter 2 Filter 6 Stride 1 Filter 8
2b Filter 20 Filter 14 Filter 28 Filter 3 Filter 8 Stride 1 Filter 8
2¢ Filter 16 Filter 16 Filter 32 Filter 3 Filter 8 Stride 1 Filter 8
2d Filter 14 Filter 18 Filter 36 Filter 4 Filter 8 Stride 1 Filter 8
2e Filter 32 Filter 20 Filter 40 Filter 4 Filter 16 Stride 1 Filter 16
3a Filter 32 Filter 20 Filter 40 Filter 4 Filter 16 Stride 1 Filter 16
3b Filter 48 Filter 24 Filter 48 Filter 6 Filter 16 Stride 1 Filter 16

4.4 ResNet &5
ResNet" B 2 Hy 2015 4F ILSVRC 424 %
ARG H He Fixit. BAEIE T T Residual f&%

He, o 72 M2 R 1) 8T, ResNet 8571 1%
FT 224 X 224 X 3 ) TmageNet {54 1918 51, 7]
R B 4 B B B R S S A R TR
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Table 7 ResNet_mini56 model parameter

Residual blockfilter

Layer Output size Parameter I I I
Bottleneck  Convolutional Bottleneck
kernel 1 X1 kernel 3X3  kernel 1 X1
Input 32X32X8 —
Convolutional C1 16 X16X12  Kernel 7X7, filter 12, stride 2 -
Pooling S1 §X8X12 Max_pooling 3X 3, stride 2 -
Residual block Bottleneck §X8X12 12 - -
&9 Convolutional ~ 8X8X 12 X 3 - 12 -
Bottleneck 8 X 8X 48 - - 48
Bottleneck 4X4X24 24 - -
Residual block
= Convolutional 4X4X24 X 4 - 24 -
Bottleneck 4 X 4X96 — - 96
Bottleneck 2X2X48 48 - -
Residual block
) Convolutional 2X2X48 X8 - 48 -
Bottleneck 2X2X192 - - 192
Bottleneck 1X1X96 96 - -
Residual block
4 Convolutional 1X1X96 X 3 - 96 -
Bottleneck 1X1X384 - - 384
384 Global_average_pooling
Classification _
5 Node 5, FC,Softmax

%t F Residual #EHe, B T % shorteut /)% 3 5
ORI P A S AT T S L DL AN R AR
RN 32X 3 A4 FRUE U a2 B0l L 2502 64T 1 B
4t A2 JE R SR R 4. Residual B8
B PR P A 1 BRIl SR E R 7
4.5 DenseNet !

DenseNet B 2y 2017 45 CVPR & f£18 X AHE
# Huang 51T, BT T Dense £ 5 Al &

45 )2 Dense 1555 i3 ¢ fiF 76 38 18 b 1Y) %% 45 % #5250
PURRAE S o 30— 20 il e 1 T )28 50 4 B B8 9 2% Y )
L 40 2 58 2 B AR R AR B RN S O
B LAAE [ RE AT LLAE Dense #5851 AR 312 1
DEFOTR R, A E SR A Dense BRI R4 &
BUNT 1 MRS )2 4 A B FR 8 DenseNet_BC
A, AL EJE R DenseNet BC &8I 7 1 2 (4% )2
B —Dense B EL — 1) /(2 X Dense B H %) = #%
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%0, DenseNet #7I BE 7 ImageNet FIG 4 361715
R, AE 32X 32X 3 iy CIFAR-10 {4 % A1 SVHN
I 1T

AR SCRERIRE A R0 . DA A R O IS &
ZHETEARI 32X 32X 8;2)C1 J2 45 FUE I % K &
F 16 187> R 12, Dense Bk PN 4 J2 35 B8 % 2% 14 3
KA 12 w2k 6, By 1k ok 80455 3) SR HI 391 )2 4b
FEMY Dense B B EE SHOR R 5: 0 K42 &R
BN 0.5, #5585 MBIy 44 4 DenseNet_BC_

mini56 .,

DenseNet BC_mini56 B & A JZ .1 &
BUZ .5 4> Dense B 4 NESR)Z 422, Hrp
B2ERRERECLEE 12 MK/ IX3ERKR
2 WY A5 FLOE B A% BTG R BN RelUs $2F R
Dense #H (1) ~ (5) 54 )2 (1) ~ () i F &N ;
oy RJZ S 99 A Bl 28 0T Y SURY 42 JR) T 2 3
4 3 2 B 5 R AT Softmax 43 28 % 73
5K, Wk S PR,

2% 8 DenseNet_BC_mini56 £ 8 Z 8

Table 8 DenseNet_BC_mini56 model parameter

Dense block filter

Layer Output size Parameter ! Il
Bottleneck Convolutional
kernel 1 X1 kernel 1X1
Input 32X32X8 -
Convolutional C1 32X32X12 Kernel 3X 3, filter 12, stride 2
Dense block Bottleneck 24 -
32X 32X42 X5
(D Convolutional - 6
Compression 32X32X21 Kernel 1 X1
D 16X 16X 21 Average_pooling 2X 2, stride 2
Dense block Bottleneck 24 -
16 X16X51 X5
(2) Convolutional - 6
Compression 16 X16 X 36 Kernel 1 X1
(2 8 X 8X 36 Average_pooling 2X 2, stride 2
Dense block Bottleneck 24 -
88X 8X 66 X5
(3 Convolutional - 6
Compression 8X8X51 Kernel 1 X1
(3) 4 X4 X51 Average_pooling 2 X2, stride 2
Dense block Bottleneck 24 -
4 X4 X81 X5
€Y Convolutional - 6
Compression 4 X4X66 Kernel 1X1
€Y 2X2X66 Average_pooling 2X 2, stride 2
Dense block Bottleneck 24 -
2X2X99 X5
(5 Convolutional - 6
99 Global_average_pooling
Classification
5 Node 5, FC, Softmax

Xt T Dense 8, B 1R 4% 48 i 12 07 085 iy
T T A5 V2 M T2 3 57 O 2R DA i A R R AR/
3X3 W A BB U A% =2 A DR = E AT T RE 4R

Dense #5354 % H 18 18 50 #i A Dense B4 38 18
BORN A 2 46 U8 I 48 10 18 K 503 7] Je %2, A Dense
B (2) M), 5 A Dense BEH (2) @ BB N 21,
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BREERER S KEY 6. 44 5 ZH K,
Dense #EHe iy 4 ol 8 808y 21+6X5=51, K4
JZ B i T8 B0 BT — Dense BEH A5 L E
TE HORN R 40 R B R P DUR4R )2 (2) R Hi A
fi tH Dense B3k (2) /)38 8 5053 5 0 21,51, —# 44
I DL 4 & B 0. 5, K 46 2 09 G TE A
J(214+51)/2=36,
4.6 REZFIINE

A0 K FH AT i keras2. 2. 4+ )5 ¥ TensorFlow
1140 B #E |l 7 W B 2 ) HE B, S FR OB E S

Python3. 6. 8, # fE & 4 4 Windowsl0, & K K
NVIDIA GTX 1060, Jf-3# 3 CUDA1L0. 0 S 3 i £ 1)
IR,
5 SLEGEER ST

RS
BRI SRR B — TR b Rk TR A AR

FREE P T, AR OB A A S B0
F 9 R,

5.1

9 CNN B ZH
Table 9 CNN model parameter

Model name Total parameter

Trainable parameter

Non-trainable parameter Network layer

LeNet5_relu 62331
AlexNet_mini 213537
Googl.eNet_mini56 97251
ResNet_mini56 934025
DenseNet BC_mini56 82979

62331 0 5
213537 0 8
97227 24 56
924401 9624 56
78839 4140 56

MFE 9 R PAFE H:1) LeNets _relu J& % b fij B
(5 2 2 REAY , 12 2 500 D 7Y 5 2) ResNet
mini56 J& i N 4 56 J2 W IR, 0 24U
Z WAL 3 3) GoogleNet_mini56 il DenseNet BC
mini56 MR 56 JZ R 4% . (HH i 45 A 45K (19 25 A
Wit KRBT S8, 5 2% 8 JZ M 24 KA
AlexNet_mini B 1/2 & A3 ;4) ResNet_mini56 {F
MIEFER) 56 2 M AR, H & S ik B T
GooglLeNet mini56 fll DenseNet BC mini56 #J 10
et BN R R AT RS A T A A,

YIZE YN Ziask A8 vl ) B {8 FH 365 91 A A 42 X )11 25 4 19
AR AT RG JE B E . 2833 i AU 2k . LeNet5 _relu
BERIFESS 50 A R 80, YRk JE Ry 95. 16 %0, 1
TERG B2 R 91. 87 % 5 AlexNet_mini BEEIZESS 41 /> &
WIS, VI RAS BE ly 95. 23 % B ENE E hy 92. 77 % 5
GoogleNet_mini56 R 725 71 4> J& AU 84, Il 25
K5 BE N 95. 12 %6 B iibKS B2 94. 59 % ; ResNet_mini56
BERIAE 55 38 A JE I e 84, I 5 kG B ok 98. 2594, 1
WEHG o 94, 49%; DenseNet  BC _ mini56 1% A 7¢
55 42 A RS, YIRS B2 Sl 98. 87 %6 B UE RS B

5.2 IGHRESKRIEEE 97.21%. Kl 3 IHIE EIEERIR T & BB IS SR 1)
I 3. 2 75 T Xa) 43 G ) I 2R AR B2 X A5 Y 3R A 7 IR BE (B EAE B 5 48 )2 40
100 [. training accuracy ‘_56 '§6 08.87 l§6 160
98 | " validation accuracy I ] 9|8.'2.5 | ] I 1’97.21' ] 150
[, network layers I I I | I | | l
< BT o516 95.23 95.12 I = I I I '40“5,
tul B i mosl | Dol | Lol
£ - | o -l : .
R | e gl @& il
NI -4 1B B LI B L B b Py
S ;i @i @il @il |
(B Bm BN R R
ol | = il | HH | HHO R
88
LeNet5_relu AlexNet_mini GoogLeNet_mini56 ResNet_mini56 DenseNet_BC_mini56
CNN model’ s name
13 CNN R S5 I Z0kG 32 L 30 T A J3E 5 I 4% 2 00 08 &
Fig. 3 Histogram of training accuracy, validation accuracy, and network layers when CNN model converges
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3 L PR A (Y YI ZoRs BE L AT LR D A
LeNet5 relu # % , AlexNet_mini 2 B K 2% JZ ¥k i
R 32, 25K B o 32 75 2) 4 B LeNet5 _relu
AT AlexNet_mini £ %, GoogelLeNet_mini56
# B SR E I Inception & HOKE 4% 2 Wk K I IE 21
56 )2 AHJE U 250K B R (81 B L a3k 2 PR o TR U2 IR W
2% B T AR Ak R 3) A HE GoogelLeNet_mini56 45
A, ResNet_mini56 H A A [F] /9 ™ 2% 2 0, Il 2666
FE R MR L+ 3. 1320, 3X J& A 24 Residual 5 B i e
T R Ak [a] @5 4) A ResNet_mini56 5 &1,
DenseNet BC_mini56 [6] £ B A A [6] #) B 4% )2 ¥k,
YA Bt — D4R T B B R & 98. 87 %0, X 2 I
il 3 Dense 158 He i — 25 il te 1 R 2 90 2% 6 B2 TH
I ) IR)

38 b X LA AL 0 5 EAS BE L R DVE Y DT A
7 H, GoogleNet  mini56 % B & I, AlexNet _

mini FERIR Z . LeNet5_relu 158 5 72 , 16 I 45 AU [
26 Z BT, TR B I AL R B 4F 2) M T
Googel.eNet_mini56 # %Y, B #k ResNet_mini56 f&
TR DI 25 K5 J2 1 & T GoogeLeNet  mini56 & %Y
3.13% ,fHJ& ResNet_mini56 5% 8 56 i K BE 5 ifi fi%
0.1% ,3X &K~ ResNet_mini56 8 5t £, 5
HI Gk 25 ok Bl A 3) A L b iy A B A,
DenseNet BC_mini56 & 8 ) 56 3F 45 & 15 3] i &
97.21% ,Bi# DenseNet_BC_mini56 £5% % ff) 45 iF 44
Rtk
5.3 SEBEEMN

R T S U B AR TR X6 A [] AR Ao R A 3 2
IRV W2 N S E R R i = N =5 o N I i
TR VBRI T AR R VB AR BT 08 1 AR = EOR R VL P
R B L EAORS BE I Kappa £ 803 18 AR E AT 0F 4,
10 IR,

# 10 CNN B 5 2085 B2 PFA 48 41

Table 10  Classification accuracy evaluation index of CNN model

Model name Evaluation index

Tree species

Ph. h E.a C. 1 Pi. h D. a
Producer accuracy /% 86. 96 67.42 75.00 98. 00 87.90
User accuracy /% 90. 91 76.92 87.50 93.57 90.08
LeNet5 relu
Overall accuracy /% 90. 68
Kappa coefficient 0. 84
Producer accuracy /% 86. 96 71.91 64. 29 97.76 92.74
User accuracy /% 90.91 79.01 78. 26 94. 00 94. 26
AlexNet_mini
Overall accuracy /% 91.58
Kappa coefficient 0.85
Producer accuracy /% 95. 65 74.16 75.00 97.76 97.58
User accuracy /% 100. 00 84.62 95. 45 94.92 93.08
Googl.eNet_mini56
Overall accuracy /% 93.53
Kappa coefficient 0. 89
Producer accuracy /% 95. 65 76. 40 78.57 97.51 92.74
User accuracy /% 100. 00 80. 95 100. 00 94. 90 92.00
ResNet_mini56
Overall accuracy /% 92.93
Kappa coefficient 0. 88
Producer accuracy /% 95. 65 75.28 85.71 98. 25 95.97
User accuracy /% 100. 00 87.01 100. 00 94. 71 94. 44
DenseNet_BC_mini56
Overall accuracy /% 94. 14
Kappa coefficient 0.90
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MF 10 AT LUFE e 1) XHE — R R 2 Ak 3
LeNet5_relu fil AlexNet mini 1 J 1% )= P 45 & 7
HB A IO F R 09 3 SR BE AR B o R RCR A A 2
A SRR TE 56 EMg T rEg;2) X E
3k 1, GoogLeNet mini56, ResNet mini56 Al
DenseNet_BC_mini56 1145 7 % 4 B2 FI 7RG B2 e
ey HAHTR] #0 BAT B A 1 23 2R BOR 5 3) X8 S I AROR
. ResNet_mini56 B4 = F K B &, BA /DN W
IR 72, DenseNet BC_mini56 W PR & &, H
A /N SR 25 O XAZ AR SE 1, ResNet_mini56 1Y
FH P HS B d i, BOA B/ 19 5 43 1% 25, DenseNet _
BC_mini56 F4E 7 25 K 5 T P8 AR de i BAT
A 43 S ROR, 5 5) % B 1L FA K 13 DenseNet _BC_
mini56 FY AR ™ R B e . BA dR /b T o IR 22
GoogleNet_mini56 i FH FORE B B & B AT 5/ 4l
IR ZE 5 6) X 7% M FF K SR U . GoogLeNet_mini56
A7 NS I R, B B/ I 43 1R 25, DenseNet _
BC_mini56 #Y FH F RS BE d5c o BT S /Nl 0 18 2% 5
7Nt i A5 A AU S 1, DenseNet  BC_mini56 ) B &
KiEE 94.14% Al Kappa Z& %L 0.90 & &, I ik,
DenseNet_BC_mini56 J& S A B {4 ZEpE A
5.4 BEURSRHMSXKE

3 F DenseNet BC_mini56 5 &Y 19 17 U] 25 5=,
AR SO0 L R XA Rl AT TR R aniEl 4
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B2 W B NRE W RR A 7R R A ONN B R A0 J
KA SRl I 38 ek ) BT X e S R e L RS 5
CNN BRI T BOR R Fh43 28, &0t 2 aE AR 25
J P EAT T, CNIN B S8 1 2 L XU X B R AR
b KGR 28, S B 25 R 3K B, DenseNet _ BC _
mini56 () Yl 2k A5 B b 98, 87%, & WE A5 JE N
97.21% . AKEHE N 94.14% . Kappa 25K 0. 90,
B e A U0 SRR AR 2 SR

AR SCHE ST H I S HE AT B AR o 43 28 T BRL A AR
T, 5 9 5 T 0 S, — R RUBE b B AR, R e
K E BRI, R T CNN B A B (0 15 32 R 1 32
B 3 A1 L AR ST B 55 J7 1% 3K A5 50 K5 B B R g o 43
FEMWANIEH DR TR TX 20525, M3
FARE M43 3 T X B 0 4 2 A T DA SR A 47
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