36 £4 6 W] 953 ~963 T
2018 =12 H

i o # R
MOUNTAIN RESEARCH

Vol. 36,No. 6 pp 953 ~963
Dec. ,2018

NEHS: 1008 —2786 — (2018)6 -953 - 11
DOI;10. 16089/]. cnki. 1008 —2786. 000390

ix 18 X 5 BRI Tt AL ERE #5083

1,2,3 j,;l =+ g2 yog ]l va 1,4
& REE EEM,TER X4 H
(L. AR AR H AL S5 2E B FEEE 8 350002 ; 2. fREEAMR K iR, fa MR 350002
3. MREAAMA R eE LS sl R A8 350002 ;4. 1R EA S AR SRRSO R A K, fmE RN 350002)

W OE: AR S N, iRy SR X b T A RS SRR . A SCR TG AL
ARBUR RO 7R 8, FIFITRBETE Lo B AR AR R R ISR, Sy R 522 1 20 25 s 00 2 A3 o 1 ) L 2K 135
o BIG ST LB BT VB b DX SRAE R AR 20 m L H1 55 BE 19 TC ML AR, # % FCN-VGG19 A8 U
B A AR E A 25 F % FCN-VGGL9 YU RE A REM , 50 HH A5 R ) 288 o T AR 5 L, B3R B 5 — JBURE A
IITEAMUEZ B Rk , 734 FON-VGG19 piE A8~ BE 1, B bR R i . 45 2R 35 W0 (1) 2T 20 m @Y
FTMLRE & 57 (1 FCN-VGG19-8s 5 71 U1 IE 6 4 f i, Jy 86. 30% 5 (2) FCN-VGG19-8s 5 4 [ i T
FCN-VGG19-32s 3 I I IAE r AL IR — 5K P10 032 00 el i 5 P A8 7 o 1 Ly 78. 38 m”, 1 8 3 17 L

12.77 m® e AR 0.89 m? 5 (3) FERE L (3RS 5 > g 1 il g 40 M o, 219 A B4R o5 VIR AR 10 LU 1) T
I XA B A S R AN K 5 2 B R 4R i Rl Bl D e FR RS BER AT T e, 0 F 84. 5% o ARSUHET

TNHDCF AR A5G TR L3 BB A TR , LA 22 18 L A ) B e A T A e, A7 28 7 00 B A

st AR ARE A, B A A R S AT R %

KERE: EX0E; RERMN%; TAEG: HPER

hESEE. S719 XERPRAERD: A

HEBE A B2 25 RS0 0 T BELRAR 4 L Sk
25 RGO TG S RERMENAY R, 76K 475 K
R B R et R b R % AR 2017 4 it
FURCRILIRAR RS 1 i, 17 AR IR B T 4 4
KT 80% B £y HUBOW A K B 236 T B 1Y
PR (EBEE R 2 2 5 1 SR T S
AT e K IS T RO ) K TR BR , 7
SRR, AR 500 IR B 5 485
TR R REBES 80 15 5011 e T AL 15k
SEARMERE RS (5 0 RS B A B e
TREBEA A (3 A 20 3 T B A
SRR, MO A R ROGR B B

TEJEBE

P GE R 2 2R FH S i £, e 5 32 ml
IERE RS AR ZAN T RS 5 AR
AR BB o (9 AR R o B TS LRI S A 1
J G BT, HE T B SR (R B R AU 1A T B R
) F-B $5 P R e/ NERLIT R 00 AR R G 26
WA R I BRRBD ISR B R E
AR RN JE T, R KRBk, W SRy 1)
BILPRSREARS S N7 2R, RO R 1l 2 AR, A4
F ARG TR RGN A R A
TG BATAE " R ) 53, RS 5™ B g, A&
RN FENALREM S H G (5 AR 70 JEReAIE,

W5 B A ( Received date) ;2018 —04 —24 ;8] H 1] ( Accepted date) ;2018 —11 - 13
E & TH (Foundation item ) ; ¥ W W 1 )5 28 3 9% By - %5 ob B 4 J5 BF 2 55 & 1l B30 H (2018M632565 ) ; i 4 AR Bl 2% 3L 4 Tl H
(2016J01718) , [ Channel Postdoctoral Exchange Funding Scheme ; China Postdoctoral Science Foundation (2018 M632565 ) ; Natural Science

Foundation of Fujian (2016J01718) ]

1EE & ( Corresponding author) : AR Hi (1981 ), 5, i, PRI, FZEWFFE Ty 1)« IR AL BE, KB U3, Bl %~ o [LIN Zhiwei (1981 - ),

male, Ph. D., lecturer, research on image processing, pattern recognition and machine learning] E-mail; cwlin@ fafu. edu. cn



954 W

1 36 &

MELIA B M R B 20 o 1 1) X5 G 0 e L —
SE THTAR AR 2 AN I X 3 DAy 23 26 BT, ml 23
FRARNDEHE JEIR SRR R fE—E K L AE
SO RIS TR S " i T A R L T
TSR XRTT ik A e 2 FUERIEOR,
K1 G ARy 22 A A U BEBL , LABESR Sy 70 28 .
T, FEBOHEIE SO LA KB AR 73 2R AL, 2R 2326
SRR ER ST R RIS I 1 R 1 43
T xR, FARE B U R AE A
(HI IR NG RE 32 20 FI BRI, X T AN R G 3t X, 0
eI R — AN TR, 3 18 73 0 RO 2 v LA
E o L5 EFTIAR SR BGAR IEA TR U, AT AR
BRI SR L (A R 2 TR P JE I 1T 1]
XRIPIIIFAE—E MR IRIE . HIEFEEEA S
SRAEFR R, T ICAHLEA ARG PO
i G T LA L2 32 KR MR/ NS035 A EE T 288 JX
PR A5 RG9S, B2 0 T 2R Mo
HUE W g R SR F . BT A
HLEEBOLAAIRL, 45 S Pl g T SR BUL B RGB {5 8

oA RAEREA TR R ), RS A8 2 T I &
BRI AL

TR I 25 W28 R BT 4 WL 2 20 O v, Al i
BRI SRARAE S I0L 5 B 038 RS A
PRk BB AL BRI 100262 g
VB S EN AR5, VGG B R R B Y
VRS M 22 W 45 , 7 TmageNet K HILARE R 3 5 51 4k %
(ILSVRC) 45 % W B (U 80, - A 16 2%
BUZF3 22, Z 2 ETUZ 808 0 i iR
WG A 405 135 8., o TR St e i 2, A 13
BELLRIRG $ VGG A7 AR 31 7T A4 I
FRE 4045 15 8, B A R Ay RS . % B F
VGG19 55 78 T ik 0 5 A8 0 1 780 =5 T B, TR, 6 T
VGG19 7t 7 4> 45 FH W 4% 4% AU ( Fully Convolutional
Networks , FCN) M EF A BB S T BUIN L. 2870
R RS TR A S A3 v i A3, B 42
R BE 5 A S IRR IR 5 (B I T B
TEURASL AT LR B SR R 1 2K 780, S g ) A G
SRR 28 1) 40 A o [ A3t [ s A Sk, R R A
BR8P TE AR S 1900 AT 22 550R BRI B
WA SR T TANDG 1%, 8 R BT E L5
SH A AR 457 ) 5 BRI e 1 B 3R B R1 4
JEE GG  SORAE , G AR R Sk

R, 2GRNSR A RES HER U RIS R,
A RS 1] v % A 4 ) 2 i 1 B, D AL 20
A {5 B AR SR AL RO A 2T B, il E A PR3
SR T PRI B R

1 B IX S s

TR BN TR B8 R B VI, SR SN T, Bk
YO M A & 117°36" ~ 118° 17, b 4k 24°50" ~
25°26" , AR PH B 74 km, mdtE 63 km, 53 W AR S
PR, 2 BRI RLIA 3057. 28 km®, S
WA PP TR AR SN R AR TR E 19°C ~
21°C 4 P W9 & 1600 mm; N %2 18 4F 7 1 iR 2 78
16°C ~18C AEFEFI & 1800 mm, HiF [ PiL ) 4
PR, L rh PG b R L A B AR, B BE R 5 R i T e
AERTEEV-52 o DX N 43 AT P S A 2 PR R T Aty
g 3L e o e o i Sl N R A e
TR, ZR ARG B e b A A R far TR A8k, Hidh
A i) 25 R A 2 DX, AR R 0 R <) 4R ok R 52
T AR M X IS TR R o T AR
A BT PR R R I, A R A A e AR
oo PR, 38 3k e AHLAE BOGAE AR, J3 701 %) 2213
S E) A B R SHATAEN, P TR EE = 5
AT AR, SRR TE AL K58 inspire 1
raw , 84558 T60O , PUAH CAT &%, HE % 1 380 3 IRFAT il
h 300°/s, i [ il Ry 150°/s5 O 2= AH HL AL S Ry
zenmuseX5R, 1600 J74 %, F- 3@ A ] B H & B
FUCA R BE S JC AL B M i G I B R . TG
B AT ORI, TS e B CATIER , FAER i 4R
O FIEHATIRE o Ol AR i A, ORE
B A TR I , IBR T B IC T BUR iR IR ER
RS, TESLH P B, B SR B Bl 2 I R 4
A A, A A (B R e X

2 Uik

A3 T M 2 W 45 A5 A ( Fully Convolutional
Networks, FCN) A] DL 23241 8 RS A0 % A KIS , 3857
AR ROST 18y ) 4 2R, 2 T A B 22 0 2% 1) ik A
BB AR R R B MR, ST
VGG19 (1) 44 BUM 4 Z2 # FCN-VGG19 W& 1 fif
7 :FCN-VGG19 feRial 4Ly 8 ASFir B, 26 1 BBt
556 2 B A e ik AT B R 3 (Conv. ) AL



56

LR O3B To ANALEHEAE B 955

512 4096 4096

\\
Class ~

CH TP S50 P 4 A5 — 5 S o S — B B, AR [ BB PO 7 e 2 AR [ B8R4 L 45— B BOJG B9 ST AR R O 32 30 AR AR AE

BIG, SRS BT R A N IR B B S
1

SLAHET BB SR A RHIE R 5K A )
[ 4% 254

Fig. 1 The network architecture

(Each arrow from the original image to the prediction graph is represented as a stage, the arrows of the same color indicate the

same operation, the cubic after each phase are the processed feature images, and the numbers on the cubic are represented as the

result of N stage, the number under the cubic is expressed as the number of features of the feature image. )
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Fig.2 The multi-scale fusion structure
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Tab.1 The recognition result of FCN-VGG19 model at various aerial altitude images

TN /m B E S IERR/ % SRR/ %
Sampling attitude Pixel accuracy Mean accuracy
20 86.30 67.13
30 78.24 59.47

40 76.22 61.51

-2 TU 4550 % T U 4550/ %
Mean intersection over union  Frequency weighted intersection over union
44.43 79.64
28.72 69.99
23.99 67.48
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Fig. 3 The recognition results of FCN-VGG 19 model at various aerial altitude images by visualization

BRI FCN-VGG19 BRI AT L IR A 45 R

(a: 20 m original image; b: 20 m label image; c: 20 m predication image; d: 30 m original image; e: 30 m label image;

f: 30 m predication image; g: 40 m original image; h: 40 m label image; i: 40 m predication image )
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Fig.4 The recognition results of FCN-VGG19 model with different fusion structures by visualization

(a: Original image; b: Label image; c: Predication image of FCN-VGG19-8s; d: Predication image of FCN-VGG19-32s)
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Tab.2 The recognition result of FCN-VGG19 model

with different fusion structures

S A4 L
P FCN-VGG19-8s  FCN-VGG19-32s
Evaluation index

%?)ﬁﬁﬁﬁ$/% 86.30 81.63
Pixel accuracy
PIYE w5 % 67.13 58.32
Mean accuracy
N7 A b K
PEU i % . 44.43 43.11
Mean intersection over union
AL TU 580 %
Frequency weighted intersection 79.64 72.95

over union

FCN-VGG19 #ERYAE S e it 6 — 5K I ABLAT A
PG HAR DI S 19 15 3R 8 PR D T A4 L A 2 )
ST A, 1t — AP H A 2% P B A% A ) i T
o T JC AN HLRZ AR 10 2 6] i A 3, R A4 4K
N2 IR AT AR, SR e s ) A R LI S
L3 mF IR AMUAHAL R Z M fL1E , Jo AL
PR B R e Bt 18 i AN M2 DA i B B X, JE ik
SR M XA A OB T AR G, DO P 5
F BE AL Al EBC— 00 3 R A 000 B8, M A i e B 5

ER L 4 PR

®3 TAUMAHE G PR
Tab.3 The resolution of UAV aerial image

1% /m Height 20
A4 45154 % S8 Pixel number of A4 paper 1273
A4 ZESZPREIFY em® Actual area of A4 paper 623.70
1 4% 5T T B/ em? The area of 1 pixels 0.49

5 TANAniaE S
Fig.5 The UAV aerial image
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Tab.4 The coverage of vegetation for single test image based on FCN-VGG19-8s model

el BE R
Classification Pixel number
PR 5% Hu T Bare ground 10295
AN Pinus massoniana Lamb. 6535
¥Rk Eucalyptus citriodora Hook. f. 2178
T=H Dicranopteris pedata (Houtt. ) Nakaike 31168

i Ea 23 [a) il 36 1 # om?
Scaling ratio Spatial resolution Coverage area
8.36 0.49 42200
8.36 0.49 783 800
8.36 0.49 8900
8.36 0.49 127700

RS ARBEGEIELR FCN-VCC19-8s HELARIZIR

Tab.5 The recognition results of FCN-VGG19-8s model with different image datasets

¥ U 550 % AL TU 5% %

% RS Btk BEAIERER/ % PHIERE/ % . . " . :
. . . Mean intersection Frequency weighted intersection
Number Training set Data size Pixel accuracy Mean accuracy . .
over union over union
I Al +B1 +B2 3584 86.50 71.56 44.35 79.58
IINLY Al + A2 +Bl +B2 5888 86.21 71.57 42.53 79.24
11 Al + A2 + Bl 5248 84.50 68. 84 40.32 77.21

FEYIZRAER LU B (1) DL AL (B A1 B2 4 A Il 25
45, DL B3 Bds 4 O Bk 4E i 37 FCN-VGG19-8s #%
A5 (1) LA AL A2 Bl 1 B2 Bdli Ml gh4E , DA B3 %k
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Unmanned Aerial Vehicle Vegetation Image Recognition
using Deep Semantic Segmentation
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Abstract; To efficiently monitor and obtain information on vegetation, a vegetation identification technique is
required that yields high classification accuracy and can easily be promoted. To provide precise information on
vegetation types to dynamically monitor changes in vegetation, an unmanned aerial vehicle (UAV) was equipped
with an optical camera to obtain optical images of vegetation, and the deep semantic segmentation technique was
used to construct a model for identifying types of vegetation. First, the FCN-VGG19 vegetation recognition model
was constructed on the basis of optical images of a permanent gully captured in Anxi County in China’s Fujian
Province, to assess the effects of feature fusion with various structures on their performance and calculate the
coverage of each vegetation type. Subsequently, optical images captured at another sampling site were used as a
validation set to analyze the performance of the FCN-VGGI9 model with transfer learning and verify its stability.
The experimental results indicated that; (1) the FCN-VGG19-8s model constructed using UAV images at an aerial
height of 20 m achieved the highest accuracy of 86.30%. (2) The recognition accuracy of the FCN-VGG19-8s
model was higher than that of the FCN-VGG19-32s; an image was randomly extracted from the test dataset, and the
calculated coverage of Pinus massoniana Lamb. , Miscanthus sinensis Anderss. , and Eucalyptus citriodora Hook. f.

was 78.38 m”, 12.77 m”, and 0.89 m’, respectively. (3) In the validation of transfer learning, the performance



56 LR O3B To ANALEHEAE B 963

of the model for identifying dataset B was only slightly affected because the proportion of the training data from
dataset A was decreased. Although the identification accuracy was slightly decreased when the training data from
dataset B were increased, the identification accuracy still reached 84.5% . The optical images obtained from the
UAV were associated with a deep semantic segmentation architecture to identify types of vegetation. In addition,
Anxi County was used as the sampling area to demonstrate the robustness of the architecture and evaluate its
feasibility by calculating the vegetation coverage. Overall, this research aimed to provide an innovative method for

vegetation recognition.

Key words: semantic segmentation; fully convolutional networks; UAV image; vegetation recognition



