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UAY remote sensing image extraction of single tree crown of Chinese fir based on
Mask R-CNN and transfer learning

Xie Yunhong Sun Zhao Ding Zhidan LuoMi LiYun Sun Yujun
(National Forestry and Grassland Administration Key Laboratory of Forest Resources & Environmental Management, Beijing

Forestry University, Beijing 100083, China)

Abstract: [Objective] The UAV image automatically extracts canopy for precise information. [Method] In
this study, single tree crown extraction method from UAV images based on Mask R-CNN and transfer
learning was proposed. Firstly, the optimized Mask R-CNN instance segmentation model based on faster R-
CNN was selected, and the optimal feature extraction network was chosen between ResNet50 and
ResNet101. Secondly, transfer learning was introduced to train with Mask R-CNN together, combined with
the guiding role of transfer learning to reduce training time and improve training accuracy. [Result] The
results showed that the overall accuracy of the Mask R-CNN model was 93.59%, the user accuracy, F1 score

and mean average precision were 65.46%, 76.05% and 0.31, respectively. After adding transfer learning, the
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user accuracy of Mask R-CNN model was increased by 29.53%, the F1 score was increased by 19.63%, and
the average accuracy was increased by 0.21. In the Mask R-CNN model with ResNet50 and ResNet101 as
feature extraction networks, the average values of overall accuracy, user accuracy, F1 score and mean
average precision of the ResNet50 + Mask R-CNN model were 96.94%, 95.57%, 96.17% and 0.54,
respectively. The average values of overall accuracy, user accuracy, F1 score and mean average precision of
the ResNetl01 + Mask R-CNN model were 96.20%, 94.41%, 95.19% and 0.49, respectively. The R? of
ResNet50 + Mask R-CNN model loaded with transfer learning in predicting east-west crown width, north-

south crown width, crown area and quadrat canopy density were 0.87, 0.84, 0.93 and 0.83, respectively.

[Conclusion] The method based on Mask R-CNN and transfer learning proposed in this study obtains more

accurate results of tree crown parameters, which provides a fast and efficient solution for tree resource

assessment in UAV images.

Key words: UAV; remote sensing image; deep learning; Mask R-CNN; transfer learning; crown extraction
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Tab. 1 Stand parameter statistics of test dataset
ZH R/AME RRAE FHME ez
Parameter Min. value Max. value Mean Standard deviation
AV IE East-west crown width/m 0.29 2.34 1.15 0.37
b7 South-north crown width/m 0.38 241 1.18 0.38
BRI AR Crown area/m’ 0.18 3.19 1.01 0.57
4L Plant number 21.00 77.00 40.86 14.42
Al Canopy density 0.45 0.75 0.61 0.09
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(175 2] 2 0.001 AR B3R BY, n] U 2 e Ui S50
o AR A E N 80, B —ANFe A i 1k AR
BN 200, AR BCEYIGE BN 1, AEE
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gER BRI S IIE RS AT 4 NP IERAE 3).
IR 1R A N BRI IO, FE Ik
K H MS COCO #4552 AL A, 15 2AH BT ZRFE
A UG T REAE B, 0 KR AE B 3R 15 2 AN i ROL
IR 2: BT FI% %k ROT #3% N RPN HEAT 43 25 T
A FEAE LA, JH B 56 7 ik ROL, H A2 1) ROI I

FEEHIR B H

Feature extraction module 4
ERRE AT 12 FRER ) "
Bottom up layer Top down layer Feature map_‘ |

It (2) -
' | Maxpooling (2) |

C5 3232 conv(256,1,1) “ b5 32032 Iconv(256,3,3)+| M5 32%32 ||

) EREE(22)
R 2% i
| ReNet Upsampling (2,2)

£

| 3x3 conv

L

Region proposal network

Softmax i AL

Softmax actiNtios

1x1 conv

1T ROT X 5545 A5 30047 K v e B, S 5% i B0 R 118 P
T30 FE (BT AT 3 28 TR0 AL IO ) Tl . A R 3
HELR 2 F 80 ¥, I 80 ¢, Hi%EAX 16 000
U WERTERTA FEARTS BIEE 1 20228 80 FR AL EH L
i o SRR 42 X043 AL SO IR FH 36 IR A 45 %oF B
PR 568 70 BIASE AU B0 AT B0 0E , PRAF AN 5 i 22 18 ] 2
BT FH T )5 B2 1 B AR B 07 148

DAL LRI (O 1eeiz 143 A AU 2 2

Represents the fusion method of point-to-point
addition pixel by pixel
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. Best model
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FC layer

R
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Preprocessing

i A PSR 1024x1 024
Input image 1 024x1 02
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| 34k |
L Three branches O

FFAESR IR HL ] conv (256,1,1) A1 conv (256,3,3) 3 HIARR K 111 256 x 1 x 1 BRUZAIL KA 1 256 x 3 x 3 FE AU ; Upsampling
(2,2) & 2 fi5 L RAER AR Maxpooling (2) RS K 181 2 < 2 BIIEEE AR K BCRIL R C1 ~ C5. P1 ~P5 A1 M2 ~ M6 BARHEI; P14
AiF B R ST i KO8 & 4 4 77 The conv (256,1,1) and conv (256,3,3) in the feature extraction module respectively represent 256 x 1 x 1 convolution

kernel (stride = 1) and 256 x 3 x 3 convolution kernel (stride = 1);

represents maxpooling operation with 2 x 2 filter (stride = 1); C1-C5,

because its size is too large.

upsampling (2,2) represents 2 times upsampling operation; maxpooling (2)
P1-P5 and M2-M6 are feature maps; P1 feature map is usually discarded,
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Fig.3 Model of Mask
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R-CNN with transfer learning
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v nxl )
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LKA PR, m; m(mask == True) A K £ 4H
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5T True Moz B n N SRUEREUMREL 1 AFETT
AL E
1.2.5 #EIFMIEAR

AW TR FHAZFR L T Y8 R0 1 a8 24 (E
B E S5 oy BB Y B MR RE, RS SRS BE L H PR
B BT RRAR ZE L F1 4 BRI 4k 5 5 B0 B 7 1)
SRR AT I

%X Lt (intersection over union, loU) >N 2 %5 Hif
FEAR ZR DI T A e AR 2R X IR 52 56 5 2 2 W el
A8 ZR DX AN TR R 7o A5 2R DX I B 1 U AR

IoU M 0.5 FF 45, L 0.05 M5 K% ToU HIMH,
E—> ToU BIMEXT N — MG FEAE, FTA3 10 A5 FEIY
Y8 RN AP #4086 B (average precision, AP).

V-2 K% B ¥ 8 (average precision mean, mAP) K
JIr 25 B X I8 AP (I 25ME . AP RIIHEIR
AN Be AT & R 2 FI B B, & ] DLSEAY B AR 2 E
Jeiwm, 18 HARE AT 55 &8 VE N EN f4a be, HAE
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NG o AIREARBE Now N m DA
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i@ it Tensorflow H] A4k T. B Tensorboard Flf %
] P 45 2% ek £ (P 4D, 4993 4 B MRCNINSO-T Al
MRCNNI101-T 7 1 i 5050, e 50 B0 LRI AL
SO AR SO . (H AR 2 B s 56 45
AN E MRS REES T AT HEMS,
BRI SIS IR BN R R, LG Bk
B 43 %1 [ Y5 [V A 1 . mAP A1 RMSE 45 7 R
20k e R TR R EOORR B P v P, AR A P ) i
BB E SO . MRCNNSO-T 57 ) 45 25 {2 it 56 %
BAGE TR 4a Frow, IS —H I aa B2 40 R A R
B, TR EZE DN, 70 mRE N
0.209 Hita TR (i 4a b B SALE FR), ik
AT T . #5E MRCNNSO-T #5571 £ & 56
#0570 MRCNNI101-T #5843 2% {8 B %6 £ 1k

(12)

[ b MRCNN101-T

0 10 20 30 40 50 60 70 80
4% Epoch

BTk TR ERRZE T 1 e 85620 The epoch under the asterisk represents the final epoch of model.

4 MRCNNS50-T H54F1 MRCNN101-T BEA 451 2 b 14
Fig. 4 Loss function graphs of MRCNNS50-T model and MRCNN101-T model
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AR & 4b Frax, MRCNNI101-T A5 7Y i e 28 58 55
N 65, HIX 2 MR AR RS FLET S LR I mAP
A1 RMSE #E47 ELER, &5 403 2 ffr7x, MRCNNS5O-T
PR ) 25 67 #6 DL mAP {8 (0.54 D% ¢ HE 51 56 3,
RMSE {8 (2.34D) F+ 7 HEFI 5 2, %50 IR BERL (1) 5
L %8 ¥k s MRCNN101-T 5 4 (1] 56 61 %& DL mAP {8
(0.54D)[%FHEF %5 2, RMSE 18 (2.344) 7 FF HE51) 5
1, MRCNN101-T B2 [P AREC UCHER 61 F6.
22 RSEASREEFIREHEERIEN

1% F 124X H 2H 21 (iterative self-organization, ISO)
RBANBME T J At e 3 BIRLAY, 0T LG 5 R FE
S IR A 5 2 B 45 S, ] 5b ISO FEEP IR 5 43
) 2 B b BRI R AL, AR AR R 2 (8] TR AR I
73 F: B Sc METERE IR e 7 E) 25 5 % FROR B
SR AT ISO R4 BRI eAL, (a3 A 2
ARGy, A4 et #E A4 4) B34k s MRCNNS0 1 MRCNN101
PI3%AL 16 000 ¥, a0 5d FE 5e fis, —#
RSB LG 1SO T 535S if, W e il M HG
1, AELJE A7 76 ™ 5 1R 23 #1554 ek $2 HE S 11 )

. MRCNNS50-T 1 MRCNN101-T AR AR f £
A VB L 1R 53 B ROR, X MR 1 25 1) B A
KA BT 15> B8R, w1 B A K B (E SR
5¢). XTHEF 5b ~ g, Mask R-CNN &3 = 2 &
R AE H 9 28 s At b Al 4 1) T PR e S T S R
NP A N S

& SRR 5 % 5 2 STASRL (VRS P 56 b n 56 3
7N, FEGEIT 1SO BRI E B (F A4 RS FE F P
K5 B2 F1 42 809 BN 70.02%- 67.67%. 68.82% Al
65.89%- 75.45% 70.35%, 4 55 2 SRR A4
K EE P VRS BE L FL 230 $0) 7 3548 43 5 4 95.08%-
80.22%- 85.87%. 4 RFW]: RE ¥ 2] 5 ISO REA
BIE IR AR LU RE 2 BB R R IR, IR &
KR R H A L AR S84 B HR B 3 B 2 1
5, T 2 EUEAE B RS S HER I A R
2 > MRCNN BB () SRR FE . B RS FE S F1 23 48
ST 358G FE ¥ 1P 39 4E 5 N 93.59% 65.46%-
76.05%- 0.31, XFEL 5340 2 /> MRCNN-T A58 [ 2 44
FEEE F RS BE F122 8 P20k B M40 10 P 484 4>

% 2 MRCNNSO-T #2050 MRCNN101-T #HE N EXFSH ST
Tab.2 Weight selection parameter statistics of MRCNN50-T model and MRCNN101-T model

MRCNNS50-T MRCNNI101-T

Lite FEIRE I HoimiR 2 Lt FRIRE I HoitiR 2z

Epoch Average precision mean RMSE Epoch Average precision mean RMSE
79 0.534 2.345 74 0.465 4.745
78 0.533 2.451 73 0.472 4.631
77 0.526 2.456 72 0.479 4.579
76 0.536 2.356 71 0.473 4.448
75 0.533 2.523 70 0.472 4.814
74 0.532 2.626 69 0.479 4.691
73 0.520 2.564 68 0.466 4.662
72 0.530 2.658 67 0.478 4.568
71 0.530 2.554 66 0.472 4.562
70 0.539 2.334 65 0.475 4.766
69 0.529 2.414 64 0.480 4.552
68 0.540 2.988 63 0.483 3.624
67* 0.541 2.344 62 0.483 5.397
66 0.542 4.156 61* 0.490 3.096
65 0.532 2.822 60 0.484 4.552
64 0.543 3.595 59 0.490 3.591
63 0.541 2.626 58 0.481 4.000
62 0.526 3.978 57 0.482 3.648
61 0.538 2.760 56 0.491 3.737
60 0.534 3.464 55 0.489 3.619

VE: IR IR = A e B A B (1) B AL EE #8 41. Note: the epoch in bold with * characters represents the optimal epoch of model weight.
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b ISO %
ISO clustering

o ¥R
Mean shift

d MRCNN50 f74
MRCNNS50 model

£ MRCNNS50-T 457
MRCNNS50-T model

¢ MRCNN101 ##41
MRCNN101 model

¢ MRCNNI101-T #&7
MRCNN101-T model

a TR LR RN I0IA % b T IEE B4 S ORI (0, G (X i s ¢ T MBS N2 38, BT KRR TE d~ e Rl £~ g 7
PR 7 B3 € 1) X SR R AN [ B AR T8, 11 ZRAR R T X S5 K I HE LR . The yellow line in figure a is the edge of each canopy; the image in figure b

is divided into gray and green, and the green area is the canopy; the image in figure e is divided into multiple categories, and the light-colored area

represents the canopy; the areas of different colors in figure c—d and figure f—g represent different single tree canopy, and the white lines represent the

border lines of the canopy area.

K5 ZHERER 6 MR $145 R

Fig. 5 Reference crowns and crown segmentation results of 6 models

R3 REEBESREFIREBESLL

Tab.3 Comparison of accuracy between traditional models and deep learning models

it SR RS F157 44

Model Overall accuracy/% User accuracy/% F1 score/% mAP
ISO%E 2% ISO clustering 70.02 67.67 68.82
{5 Mean shift 65.89 75.45 70.35
MRCNNS50 94.02 69.51 79.28 0.36
MRCNNI101 93.15 61.40 72.82 0.25
MRCNNS50-T 96.94 95.57 96.17 0.54
MRCNNI101-T 96.20 94.41 95.19 0.49

T mAPR IR IR B 5 2] H BRI VA R AR, RIISOZR ZEASME RS AMIIZ H . Notes: mAP represents the unique evaluation index of deep

learning target detection, so ISO clustering and mean shift are not calculated.

AN 96.57%-~ 94.99%- 95.68%- 0.52, INEENITF4 2
>J ) Mask R-CNN #5 B0k B 3K T8N IT 5 T 1
Mask R-CNN #58Y, {856 25 3% B 7 45 Il 2 26 1R
IR 5 S AE — oE 72 B Re B OB B A 1 R
MRCNNS50 F1 MRCNN101 ENER 2 3] 5 AR
P RS FEL FL 2330 P39 KE BE 35 ME 4 A48 5 70 il 32
T+HT 2.92% 26.06%- 16.28%- 0.18 F12.18%- 33.01%-
22.37%- 0.24. ITF5 )RR FORS 2L FL 733
5P ¥R FE A O AR R bR Lo A KR SR T, Ui
1 F MS COCO 1T ZiAL E SCAFIEAT 3N 2 ST 5%
Mask R-CNN #5254 ek /b g o Wl 2245 56t 3 52 ), [ I
WA 7 IR %A, A /NRE AR S A 43 31 vl e
MRCNNI101-T £ A IR Z W 28 180 % 0P FR bR 35K
F MRCNNS50-T, St mAP HEHAK 0.05. ResNet101
REMEIBHIRECE 2, HSH L ResNet50 L H#
2%, WIZM 2 S HELLAL, 580 MRCNN101 ()%
fit Ek MRCNN50 %,

2.3 BARKEITESHEITMN

AW FCHG 29 A A 5] bk B0 BE B T ®e AR
N E 4 AR 2 SRR AT DA, 15 31 25 3 )5 1 B
F S REUREL, o Els R 5 N T T AHLE K
1B JGIR1FH 225 W ek B BEAT 150 7 ToU [ 11 50240
J& 13 BB AN FE 7 B IR B 4> BB (R A ToU =
0.5 I A0 o N IRAEIE RS 5 > X AR AL (14
Rk, % MRCNN50. MRCNN50-T. MRCNN101.
MRCNNI101-T X 4 MR EARKREOT R R, 1F
=45 RS bR BN T4 i g5 A 108 e A
O\ PRBRE B 25 B A R e A0 FIE R 7 )
Fk%. B & 6a. ¢ 7] % MRCNN50 5 MRCNN101
(12 % bR ELTE 29 AHE 5 P #0IA A 21 42 BURR 20 2L
B, MRCNNS50 58 (13056 45 b S5 vk B 5 $R L
FRELH 2235 BN [35 291, MRCNN101 A5 7 (13856
g5 R 2 bR A SR IR B E (B VG LM (1, 410,
TR MBS HE R T 35 B, S EUS FEIURSL
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M2 S B WIE RS, ZEH KR 41, 4558
F$H] MRCNN50 5 MRCNN101 55 () f2 52 P BE &
FEJTRRBI I 0 52 BB ss o RRAE DU AR A 251
SRR AESERECRT 35 BIHAAE AR AE
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PRGN 2 ~ 4 DNESHIRE IR 1AM, 35
fERE AT AR B 2= /D T S 50k, i FLEE A S 50k
K MRS, W ESNEERE, B IR
K, Wik 2 (B A 2 ik Ak, S80S H RS TR AU
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g5 B 2 2B pR S 1R IO B0 2 B S L R [0, 7],
2 AR (1 ZE 4B B AR AR SR8 ) T RS2 YE R Y o &
2] MRCNN50 5 MRCNN101 H5 R 76 A 5] £ %
PIFETT M B — e it #—L oK 6
[ 45 5 2 3] : MRCNNS50-T 5 MRCNN101-T ] 2
Wk H00OFN IE 43 1 bk 2022 {8 A B MRCNNSO &5
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BT R? 73514 0.85. 0.81 A1 0.88, %48 & Hh £& 1)
R 35104 0.80. 0.75 F1 0.89. 2 /> 7Y 7E T i A%
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MRCNNS0-T A0 2R Pt M m AL et i 4 s 1 AR
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Fig. 6 Comparison of the number of trees in 4 deep learning models
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Fig. 7 Scatter plots of MRCNN50-T and MRCNN101-T crown width prediction
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