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Abstract: To achieve the effective monitoring of plateau forests in the Sanjiangyuan National Nature
Reserve in Qinghai, a fusing multi-scale features remote sensing image segmentation algorithm based on
deep learning technology was proposed. First, the first 2 m spatial resolution plateau forest dataset in the
region was constructed. Second, to solve the problem of insufficient ground-truth label of remote sensing
images which affects the training of network models, a data augmentation method of shuffling and
reorganizing images was proposed according to the characteristics of forest remote sensing image
segmentation, and the training data was expanded to 1 600 images. To address the problem of mainstream
segmentation networks that cannot focus on details in processing large-scale remote sensing images, a

fusing multi-scale features high-resolution forest remote sensing image segmentation network model based
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on encoding and decoding structures was proposed. The model incorporated the designed convolution

block,, multi-scale feature fusion block and feature amplification extraction block. Results show that the

data augmentation algorithm proposed improves the segmentation accuracy of the model, while the

proposed model trained by the proposed data augmentation achieves an intersection over union (IoU) of

89.64% , and the results are better than that of the current mainstream image segmentation models.

Key words: deep learning; remote sensing; image segmentation; multi-scale features fusion; data

augmentation ; dataset construction
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Fig.1  Visualization of some remote sensing image samples and their ground-truth label

x2 HHEBRBEEHEXER
Table 2 Relevant information of the forest remote

sensing dataset

SRR SHAE R
GBI IR IR = TR
B EA L 38 708
N ARTE AR IR 25 1187
HARFEAR ST /B R 128 x 128
ARPEAH I VU3
N ThRE RS RSB R 128 x 128
PR =R (S TibiE] —jE i
FEARMR R SR /m 2
SAGREAIT ) 4377 2017-01—12
N ARV FARI ) 53 A 2017-05—06

ARSI 8 S 4 ) UG AR R AR E AR AR
ARG T HARMOR S L | M B A o A A2 2
A, R R G s BRI SR i = KT
ThRE EAEARZE 0 (), 25 T CNN A7 ) 4
PR AR SCER A v DR AR A b 35 1 e A B R R 328
UG 0 20 BT 55 0 Re A B2 40— Bl e iR B i 4
SR, % N IR R R B BT SRR LHES 4
G — SRR A SN BELA BT IR . AR
KR 128 x 128 1R R 1Y IEI5 4% 8 x 8 V-2 %]
64 A K/NAF /N IR s /N e B B HE
GG N — KT Y 128 x 128 {2 E AR5, HaT

RN 2 fis

253k P B B AR 4 s O VR R L B R R B I 2
BREAY [R5 BRARB A B 43 A T BE AL, B 9K A 4k
T BRI oy B AP | (H R K M 4R T T B R
JE o AR SC T 4R R 1 0 vk IR R Y
%1600 5K, [R5 Ak T I ZhAss A 45 45 A Jak
HIBE ST, B8N 7 I b 70 ) e i, S A SR R
B, 38 2o A SR A A S0 1 5 1 U ke A AR
PETH 43 B B R R

(a) A B R A

(b) Bpisam 5 R RO HAE
2 HdlEhgsn AL (R

Fig.2  Visualization of data augmentation image



559

BV, A Bile 2 ROERHIE Y = 20 B R A R o ) 1093

2 MIRAE

FH T A RS 27 524853 AT 55 1Y U-Net S5 7E 18
RSB T T Z B . AR T R EUR S R
JE AR SCHET U-Net 45 () i 2t 48, At %o RO
TSR AR AL PR RS 2 ROBERHIE 1Y = 4 BER
FRMIE BGRB8 | SRR T AR ST
P B B | 22 RUBE R A il G A 5 R TR
PEPUREL . B AUEEAE U-Net 19 2 2 3 x3 B
FERE E3EIN 2 2 1 x 1B, s 0 45 BT 40 5 4
M5 BB ICRE 1. 2 RUBE RRAF fill & B e 3t
ASPP it TE 4 RS 45 H0 A IS )2 Rl A ) RUBE LA
gy BN SCEE . RRAE OB IO 17 T 4 i
LA Y B BRIE B oy, WAt 2 x2 5 4 x4 REW
FORFEORPE R EUR T FRAEAE S . A SO M
SRR ) FARGER AR 3 B, HORE . 1 e, 1
S 2838 7 X A (1) 18 SRR RGE SR R S, T —
64x64x64

128x128x32

128x128x4

128x128x1

32x32x128

JE G 1R BT 48 4 AR B AR, O A8 RSH ol
2 x2 B RMARZ BEAT T RAE KR A5 B ST 4
N E—RE 2, R R — R R o 4
(IR EYSN:URTRIER S €/APNYT M ey P O W N Y QR (T
PR RS 45 A JE S22 0T B i AR I £ B 22 RUBE A
AR, RSN R RUBE LA B4y B R S A
Ko BRIG  TEMRRD 258 43 % 4 B3 A R E A5 . 3 2
RS, BRI 2 x2 R/NBI RO
BOSFFAEAR LSRR R R SH Y RO E— R/
1A% RRAE T BB N o b —E i —, S lE
IR, AR SO BT 318 A 45 A R 418 RO e 7 i fit
RER A ) 322 1230 0 TR B HBOAE 1 2 i 1) 400 5
EAE B, I 55 B &% LSRR B9 TR RO R AE 15 R
FAPRE | B 5 BT 4 2 BB B X D 22 5 19 45 ik
BOREAT B B, B A A i 0 S Y A
fEfR Bt 1 x 1 5 Sigmoid T pR 815 2 i
R RIEER

16x16x256 86x8x512

I e

FAEBCR U
L PHZ

% REHRHIE B SRR

SN

128x128%32 64x64x64

32x32x128

|:| e

16x16x256

K3 LR RS

Fig.3 Main architecture of the network model

2.1 HREHR

TE D SRS A5 14 114 Do 28 v b FRURRAE AR B, DL U-
Net 2 F 3 094 BRI R 2 J2 3 x 3 BT Al
GARHIEAS B PEH 18 B MG 5 Y Bl B
K, FRSE T 3 R B R 5 R A B el B 2 KR
AL T 20010 UE B . BRI, 78 40 3 3 Ja A
B EMESS v, T EEAR TR/ ROBE 46 B A T AR AT
R, AR AR 1 SRR R AN YT Y P R
DI ARSI G RBE el 1 )2 1 x 1 BRI
ANREEARTRAEAR B FEH 2 J2 3 x 3 B RHE
R BRI BRI 1 )2 1 x 1 B — P42
BUNRBEATTRIES B . BARGME 4 fros, H
TN E S 1 x | BRI ESE R E 2

[ R IE RO 55 30 0 AR A B B R A B & 2R TR
B RIG  ESEEAT 2 IR 3 x 3 B AR LU SR BURRAE
FE A IR B UL 1 x 1 B /N FE
MERYFE—2DERI, Hoh R S R AR P Rl 1 ]
Relu W% B, 7R85 — K 3 x 3 &85 o ik b
HIH—1k ( batch normalization ) I X 25 FOICEY
2.2 ZREFHMIEMEERR

2 {1 A BRURT LA 3o 30728 R M 3 42 ol s AU 110
W BT o WSS (] 0 30 8RR R AR AR I 22 RUE
(42 Jmy BT SCAE R, 35 B AL B4 JR) 5 4077 R AR
R E M, JET 4 R FIMERE . A2 DeepLab
WL AL Y ASPP BT &, 13t T 2 RO RHIE
Rl BRI Rl 45 0 265 1) s fife B 285 40 98 2 98 4



1094 d = T Wk Kk % % R

2024 4F

BARZER A 5 s,

!

Ix15:F5, Relu

\

3x34:FH, Relu

!

3x34:FH , Relu

L

1x15E:F4, Relu

|

HEALPRIH 4k

K4 BREDR
Fig.4 Convolution block

3x3EH [
Wik

3x3EFH N
fEMeR2 | L

st |
Wk a4

EILR RS
i

K5 ZRBERHIE RS AR

Fig.5 Multi-scale feature fusion block

Z R RS SRR 5 A7 SO 7 Ak P
ABFFAEE R . s 1 30 1 x 1 B, 534
3 SRR BB R/ 3 % 3, IR 551l
1.2 4 #978 AH AR HOR [R]ROT (9 B BRRAIE . it

2Hx2WxC

Hh B A 3R A R AR RS T4 R B
TE R A A RRE, BEH 5 D3 SR BIA
[6] RUBERAE AR B DFHEAE &, Bmilad 1 x 1 A
R I 5, A 235 2R 5 AR IR T 8 RO DR —
kB TR R LR SUFE R B B, B bk
J Y 22 R PR A 5 AT P AR B
2.3 HFERE KRB R

Hi U-Net P25 T4 H 0 R BR 3% 45 24 M 2% vh
St PR R VR R 0 T o8 o7 J22 ) AR R A PR 42 O T80 Xk
H i I RAE (5 BAL B . %I R 22 SCHR & X X
— 4y HE AT T Bk, B AN, Oktay 4R
Attention U-Net [ £4 Bk BR 3% 12358 49 2l hy e 12 14 1
T SR Ibtehaz 25 $2 H4 9 MultiResUNet %%
VBRI AR 70 A Pl it i B B e (HLE: B
Xof 1 SR ST T 55 B AL B F T 2R B = Xt ]
A5 B A ERIR X e G 5 AR ARSI ARG
R TIAERTAR FE 27 > X 4% ok 128 SRR A A0 7 ARk 1 Ak 3 g
J3 AT TR ORI, 25 FH T i i
LA HE R BRI HE38 3, Xk B gl a B R AE AR 22
TR FERAE , SRIOAAS TR RUEE R 3O (4 R 4
FRE(E S, BARSSHaE 6 i, HiifE N 1k,
OB 2 x2 5 4 x4 RS0 S AR (8 0 4 A RS
TEEAT LRAE R, 2 % 2 B RBE R BRI
it P A PR 7 20 19 AR A B B4R I B, 43l
i 2 x2 5 4 x4 ROF RS ARJZ 4 il R 4 B3|
FRRRAE 1) RT3 AR KN 3R B 1 x 1
B Relu B0 R A0 D RO 284 S BUW RHIEAR
BERRI, TR R B difdas b 5A f RS
SR 2 B RUBE TR HOR AR BB Y 4 T RRAE S Ok H S
A B AR R AE DR RS ] 3 x 3 B Relu
PO PRACTE S T RO S R O T B AR, i — A0 R I
G . B, A6 FUBT R R i 38 8 25048
i AR B RN | 20 B A HROE B0 40 T R Ak

HxWxC

2x2 FRAE 22 RAE

HxWxC 4Hx4WxC

HxWxC| PHE HxWx3C HxWxC

x4 SRR

|:|» x4 FRRE

Al as &

D BRI D 3RS Relu T B8

IXIEF 5 Relulii p%L

Bl6  HHRBOCHR BUR B

Fig. 6 Feature amplification extraction block



55 9 1] BV, A Bile 2 ROERHIE Y = 20 B R A R o ) 1095

3 KBWESH

3.1 TRMRERHIEE

AR SC Y B2 5 FA 8% O~ Ubuntu 20. 04 & 4, Intel
Xeon Gold 5218R CPU, & K& Nvidia GeForce RTX
3090 24 GB, 73K EE 5 # W 45 A B By Keras
2.7.0 HEZEHAHC CUDA 11.7 F1 CUDNN 8. 2. 4 SE¥f,
FFEE T A Python 3.8, FTA BIRIYIZR i LAk #2518
FHMCSOA X 5 B i) Adam DL %%, 2% > R BN
0.000 1, 5 FH A4 25 pRESCA IR 43 04T 55 B i T Y
TIOCAE SAEREL . BEAIGHR R/NEE N 16, 3
AT 50 5845,

SR ER A R AR SRR I T A VLR
i DX 1 v DR AR AR B AR BR A . e T ERSE
B i (1 FH 408 5 5L AT 0 5% 28 B AH DL i) R s, S0
1187 5% N TAR I EAEREMLATELIGT | 4R J5 e BT L
W J5 fA T 800 5K N TARvE BAEVE I Z4E  HoAy
(1) 387 sk N ThRiE BN . 7EFTRUUT 5
(R P | ZRARISHLR b 50 R 58 43 A A2
(A 530 o] DAAE I 25 rp 3 i 1| 2B 8 (1) 65 e
FE DA 56 TIE A A 0 B A R 52 4k
P, I UEAS ST $ B0 3 9 5 ORI S g
YIRS M FTELIT S A RT 800 5K A TART: EffARSE
LT L 1) B 4 3 ik i CHiE , 36 1 600 8K,
TRAR T FH A 25808 AR S LAy 387 5K N T ARTE FE AR
5 55 Aot BSR4 i 0 S 56 v 0 A T A 4
P RFF—3L,
3.2 iFMERAE

FUG o BIMERR P PPN AR AR 2 F, AR SCfdi
AE % (precision) P A3 [F1 3K (recall ) R . P Fl R B
FPEYEC P, (A 558 IF 0 R, 3X 4 ROk BE $8 A4 R
AL PEREMITEMN AR 1, v DUAE (B8 50 B 45038 0
RTZW R, NEN RS W B8R, THRA
KoK

—_ P
P_TP+FP (1)
T
P
TP+F“ (2)
P xR
F1=2><P+R (3)
T
_ P
R " T,+F, +F, (4)

AP H P T, SRR BE A 235 B BRI AR Z 8
i BFAYE F 3R GO UR 50 0 BRI R A

it R BAYE F, RoR B DR 0 AR R AR E R R
3.3 ERERRSW

TESER BT b, AR SO ] 22 3237 64 I 45 051
SVE S AR SO A Bk EAT X L 52 86, N WL
EM 2 ATTHEAT T, SASOIT R AEA A LA
) 3 3 5 15 A 5 FCN ., DeepLab % %1, PSPNet
DANet, SegNet, U-Net LA Jooxb H ek F RS R 4%
MultiResUNet Fi Attention U-Net, FH 51 FCN A& 3 Ff
2Ky £ 45 FCN-8s , FCN-16s . FCN-32s, A SC{fi FH 1Y
JEL R S IR W AR X E T R B UF 1 FCN-
8s, TE DeepLab Z 51| AR SCAd FH A4 2 e fe 8 iU AS
DeeplLab V3 +

HAETER AN I T, A SCLA R, 9 E I
b, RN Z2% P R F, AT REVEREIT Y, AT
W28 1) 73 PR REXS L AN 3 iz, fh R ml . 7EA
SCHTHR S R AR B TN R 2 IR IR B 2 ) R Oy
FN BRI Deeplab V3 + FIT i 1A RCRAR T
7K ARA T Ho A 32 3 M9 2%, U-Net 5 55T U-Net
PHEAY) Attention U-Net 28U ZE 43 B0 T R
i—&ﬁ?,fﬂ%%? U-Net 2t MultiResUNet 135 R
FEAIN U-Net W25 5 A SCHIr i o0 2% A BY 24 0 T 0
Iy EIRERL H R, ik 89.54% , [AINY 455 % P
R 5 F,, B B4R [ A s B e LK F o il (il
FHAS ST i 10 48 5 R 25 5 AR SCRT S 4 1 5 07 ik Il
i, 1 B R R SOCR B — P 5T, R, 15 F)
89. 64% , EARFETHRCRARNT A PR, {H7E 3 3L 14 53 %1
PO 265 Pl AR S i 98 5000 1 i O ek 2k, BR324
AW RIRTE . A SO A BE e 9 J7 vk EE AT
SR 2 0] L A0 1 YRR BE 0, U 43 31 X 48 %
TR IR PER AN B RE ) 22 R THRCR BT, AR 3C
JIT & R 28 AR et o) 8 SR PR 5 s T T, BT
Pt E AR A R RS R BE T o

Nt 2P 7R ARSI G S A B, TN
R UL AR ST Bk 5 32 i R 0 B B s i 201
SERPEATXSHE, Hovh 2 5RARR SR 98 Y Y 1B IR R
SNSRI LN 7 PR o EITh SR« 1SR ]
AR ST SRR 18 07 R 85 89 1 600 KA E I
ZREYEE IR R = 1Y AU AR 800 SR &S 4 Il 25
Mg, SRR T 2 SRIEHR B BRAR T FISE /X L
AL Y, HT FCN-8s SEIEAR 31 73 HI45 R 2 7
WRHBGART S R S, 5 ZAHPIR S,
PSPNet SL7EAH 2N 43145 R b | BIGGL R HEAE TR
AR A5, P A5 R RRAR 4 3t 221 i 12 45 o BR AR A1



1096 dt

U N AN

2024 4F

£3 FREMZKHSEIMEREXT EE

Table 3 Comparison of segmentation performance of different networks %
A M R
EER7S
P R F, Ry P R F, R.u
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U-Net 93.31 93.84 93.30 87.95 92. 60 94. 86 93.41 88.20
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Fig.7 Comparison of forest segmentation results of different networks
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Table 4 Comparison of segmentation performance of different blocks based on U-Net %

I P R F, R,
INEET2Y o 93. 06 94. 29 93.36 88. 11
22 BRI Rl BB B 93. 44 94, 32 93. 66 88. 56
AU KA HE F U e 93. 98 94. 08 93.79 88.75
B FRTHUR 22 RUBERAE Rl G BB 93.42 94. 86 93. 88 88.92
& BB HURT I IR AE S UL 93.51 94. 87 93.93 89. 05
22 FBEFFAITE Rl G B ORI R AR AT £ B B 93. 61 95. 30 94. 06 89.23
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