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EARBNEAE 0 4 BIMERR A 2 R & o RS R A4E UG R E R R G T, B T 2R E R Z M R R 5
FVEE DRI (8 T BT 45 44 11 1) 24 A8 ) R 03 B VA AT B AR T T

KRR L P 22 2% 5 18 IR 5 1 L0381 s TR 4548 s DeepLab V3 +

Semantic segmentation of urban remote sensing image based on

optimized tree structure convolutional neural network

Hu Wei, Gao Bochuan, Huang Zhenhang, Li Ruirui
College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China

Abstract: Objective High-resolution remote sensing image segmentation refers to the task of assigning a semantic label to
each pixel in an image. Recently, with the rapid development of remote sensing technology, we have been able to easily
obtain very-high resolution remote sensing images with a ground sampling distance of 5 ¢m to 10 em. However, the very
heterogeneous appearance of objects, such as buildings, streets, trees, and cars, in very-high-resolution data makes this
task challenging, leading to high intraclass variance while the inter-class variance is low. A research hotspot is on detailed
2D semantic segmentation that assigns labels to multiple object categories. Traditional image processing methods depend on
the extraction technique of the vectorization model, for example, based on region segmentation, line analysis, and shadow
analysis. Another mainstream study relies on supervised classifiers with manually designed features. These models were not
generalized when dealing with high-resolution remote sensing images. Recently, deep learning-based technology has helped
explore the high-level semantic information in imaged and provide an end-to-end approach for semantic segmentation.
Method Based on DeepLab V3 +, we proposed an adaptive constructed neural network, which contains two connected

modules, namely, the segmentation module and the tree module. When segmenting remote-sensing images, which contain
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multiscale objects, understanding the context is important. To handle the problem of segmenting objects at multiple scales,
Deeplab V3 + employs atrous convolution in cascade or in parallel captures multiscale context by adopting multiple atrous
rates. We adopted a similar idea in designing the segmentation module. This module uses an encoder-decoder architecture.
The encoder is composed of four structures; EntryFlow, MiddleFlow, ExitFlow, and atrous spatial pyramid pooling ( AS-
PP) . In addition, the decoder is composed of two layers of SeparableConv blocks. The middle flow has two Xception
blocks, which are linear stacks of depth-separable convolutional layers with residual connections. The segmentation module
could capture well the multiscale features in the context. However, these features pay less attention to the easily confused
classes. The other core contribution of the proposed method is the tree module. This module is constructed adaptively dur-
ing the training. In each round, the method computes the confusion matrix on the evaluation data and calculates the confu-
sion degrees between every two classes. A graph could be constructed according to the confusion matrix, and we can obtain
a certain tree structure through the minimum cut algorithm. According to the tree structure, we build the tree module, in
which each node is a ResNeXt unit. These nodes are connected by the concatenated connections. The tree module helped
distinguish the pixels between easily confused classes by adding several neural layers to process their features. To imple-
ment the proposed method, the segmentation model is based on the MXNet framework and uses two Nvidia GeForce
GTX1080 Ti graphic cards for accelerated training. The input size of the image block is 640 x 640 pixels due to memory
limitation. We set the momentum ( momentum) to 0.9, the initial learning rate to 0. 01, adjust the learning rate to 0. 001
when the training reaches half, and adjust the learning rate to 0. 000 1 when the training reaches 3/4. We perform data
augmentation before training due to the small amount of data in the ISPRS (International Society for Photogrammetry and
Remote Sensing) remote sensing dataset. For each piece of raw data, we rotate the image center by 10° each time and cut
out the largest square tile. In this way, each training image can obtain 36 sets of pictures after rotation. In addition,
because the original training image is very large in size, to directly place the entire image into the network for training is not
possible. Thus, it needs to be cropped into image blocks of 640 x 640 pixels. We apply an overlap-tile strategy to ensure
no obvious cracks in the segmentation result map after splicing. Result The model in this study performed the best in terms
of overall accuracy (OA), which reached 90.4% and 90.7% on the Vaihingen and Potsdam datasets, respectively. This
result indicates that the model can achieve high segmentation accuracy. In addition, in the performance of easily confused cat-
egories, for example, low shrub vegetation (low_veg) and trees, F, values have greatly improved. In experiments of the
Vaihingen dataset, the F values of the low shrub vegetation and tree species reached 83. 6% and 89. 6% , respectively. In
experiments of the Potsdam dataset, the F, values of the low shrub vegetation and tree species reached 86. 8% and 87.1% .
As for the average F, value, the scores of the model on the Vaihingen and Potsdam datasets are 89.3% and 92.0% , respec-
tively. This number is much higher than the other latest methods, indicating that the model in this study is the best for both
the segmentation of remote sensing images and the average performance of each category. Additionally, compared with the
model without the tree module, the proposed method has higher segmentation accuracy for each category. The OA by using
tree module increased by 1. 1% , and the average F, value increased by 0.6% in the Vaihingen dataset. The OA and the
average I, value increased by 1.3% and 0.9% in the Potsdam dataset. The result shows that the tree module does not only
target a certain category but also improves the overall segmentation accuracy. Conclusion The proposed network can effectively
improve the overall semantic segmentation accuracy of high-resolution remote sensing images. The experimental results show
that the proposed segmentation module with the tree module is greatly improved due to the reduction of the error on easily con-
fused pixels. The proposed method in this study is universal and suitable for a wide range of application scenarios.

Key words: convolutional neural networks (CNN) ; remote sensing images; semantic segmentation; tree like structure;
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R LAKT AR A
2.2 Potsdam EIEE

Potsdam % 4f 82 40, 2 38 WRHIRATI i 23 W38 1 Ik
KI5, IEHERST1178 6 000 x 6 000 23, %5 (0] 73 3
H95 em, XHEHEA RGB A% DSM #4 2 . TIRRG
MBI R . B TR A — IR R AAAER
HERRPAE (5 7_10) , KA ZH S50 K Bl B3t
17 WG ERAE MR S g EUGAE D SiiE 5/ 15 i
EGAE 4

3 EZWWEMERE

RS0 LR AHE T R (OA) VR 9 PRAN A i
Xt — BRI 0 BRI, M FOEET I, B
Je AT (P) R ] 3R (R) AR A . o FH 20
B35 F (R PP B R 0 B B, 2 T3
AR RS 3% T AN -7 0 A (89 K00 10 A 9 A UK

SR A F BT
0A:w+£i;+ﬁ 2)
F1:2x§j§ (3)
P=t (4)
R=5%ﬁ (5)

U, p FRE IR BN O IE BN B IE R in R
A ST A 5 BRI B R fp R K AT
T TSR IE 2 i 25708 TE 2 0 2 6.2
IR

4 SLIGINE R HIETALIE

ARGy BRI RL T MXNet HEZLSCBL, fdi ] 2 Bk
Nvidia GeForce GTX1080 Ti it <747 h# I Zk.
T RAFRIFRA , I 25 b i A B R B R /Ny 640 x
640 B R MmN 4. 2 80 A-E 4 (epoch ) ,
WCE B i (momentum ) 2 0.9, WG 5% > I E N
0. 01, I ZRF k2 I 4 2% 2] A %y 0. 001,24
YIZREN I 3/4 I FRK27 ] 235y 0. 000 1,

ISPRS & J8A5 45 46 rh Jlai B 50/, T SR T 4K
PRI R FEINGREE o T B G Eidhs , DL EHR
HhC B UCTE B 10°, - RIBC H d5c R 1 1k 5 BT B

R, BRI R BoT AR RS Jn 1531 36 MR IE15R.

T3A0 AR IR IER I RO AR R, AN BE ELAHs
REME PR W 28 AT I 25, 77 22 BT Oy 640 x
640 BRI/ O T AR IEAE PR S 14 7351
SEREIR A B B 2R, & B R E &
e (overlap-tile strategy) o FARE B MEAE R
AR NI B i e AT B, 1R IR AR 2
IR AT BN AMIE , ANIEL S B, A SRR I 2R
IG5, 2040 X SR D) RN Y RIS i 8
DX IR S PR 23 A X RN

K5 AEERRREE

Fig.5 Schematic diagram of overlapping tiles

5 LWERKSH

4y HFE Vaihingen £ Potsdam P/~ 35 5 | i
1775250, S g R UL 1 AIEk 20 Hoh BEp A ot
£ (stair vision library, SVL) ( Gerke,2014) 197715
i ISPRS FJp 7 #R BE i FEUESS R, BT Dempster-
Shafer 3 {f ( Dempster-Shafer theory, DST) HJ Jy i
(Sherrah ,2016) 25 FCN fin A &4 B#H11% ( conditional
random field, CRF) FULICHYSE R, 75 B K2 10 Jr vk
( University of Zurich,UZ) ( Volpi #l Tuia,2017 ) I 2
AR 3 F145 8, DL BS54 5] B ISPRS 1
J5 Wi
5.1 KWEBEERSW

T FIR 2 AT LA Y, AR SOREARL 14 7 4 A s
T Rx — I FE I UF, 7E Vaihingen FI Potsdam %
Hate Er s B 1 90. 4% F190. 7% , PLEHIZ A B
HE R ERGRE o 5350 AERRE AR (low _veg)
FIR A (tree ) 3X W AH B 5 1R 1R 19 28 01 1) R 3 |,
AT HA P 5 B8, F(E A 42 T, 7 Vaihin-
gen B4 A2 1 52 30 vp , AR SCOBE AR (18 AR HE A HE Bl R AR
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$25% /550 /2020 F£5 B PIRZ LS BRI M LB AL X B R ESIE X 53 E)

®1 A ERBFE Vaihingen WX EHER LMD BIHER 3L

Table 1 Quantitative comparisons among different models on the ISPRS Vaihingen test set

/%
Wikr imp_surf building low_veg tree car 0A S F
SVL( Gerke, 2014 ) 86.6 91.0 77.0 85.0 55.6 84.8 79.0
DST( Sherrah, 2016) 90.5 93.7 83.4 89.2 72.6 89.1 85.9
UZ( Volpi # Tuia, 2017) 89.2 92.5 81.6 86.9 57.3 87.3 81.5
AR 92.5 9.9 83.6 89.6 85.9 90. 4 89.3
E IO AR BB R 2 2R o
R2 A EIEBEE Potsdam XL EE LS BIZE R 3Ttk
Table 2 Quantitative comparisons among different models on the ISPRS Potsdam test set
/%
WIRFS imp_surf building low_veg tree car 0A T F,
SVL( Gerke, 2014) 83.5 91.7 72.2 63.2 62.2 77.8 74.6
DST( Sherrah, 2016) 92.5 96. 4 86.7 88.0 94.7 90.3 91.7
UZ( Volpi # Tuia, 2017) 89.3 95.4 81.8 80.5 86.5 85.8 86.7
AR 93.1 97.3 86. 8 87.1 95.8 90. 7 92.0

T L AN BB R A2 2R o

ARIEHIE F AL 50 83. 6% F1 89. 6% ; 7E Potsdam X BRACHS S 25 AN 4 iR .

BOHEAE A S2I0 rp AR SOASE TR A R VHE A Al ol g A 2%
W F RS9 86. 8% 1 87. 1% . %t TV F (i
X —FG R, AR A ZE Vaihingen il Potsdam £ 45 42
A ES R 89. 3% F 92. 0% , LI F T A 3
Tl s, R AR SOASS TR Xk 228 JER P 14 11 7 A 4 0 5
BT , I HAEM A Z SN ARG | FeBAR I it
LRl
5.2 BRRIERMERES T

AR SRR — A BT 5 7E TR T —FTE
REBREEFAE R . HEAR T H X 0 4% S 757 A T A
Yk 10 RESE S, SEaa2s R AN 3 s, [ Bt ff
T &I ELR R G5 1 (Ss) FRPIRZEH (Ts) #EAT

HATRITE 25 F4 1) IR 28R e T B AT 1Y
AR, ot BRSS9 70 80 HE Af R 245 B AN ] A
5Tt 7E Vaihingen %ilide b, (& HE L5411 B
PRUERRIETH T 1 1% P2 F 52T T 0.6% 51l
7E Potsdam Bdfad b, BARUER R ANF-2 F (55351
FTHT 1.3% F10.9% o iy U BRI 45 F 3 1 K
2 IPETH AT X T 23— A2, it BURE L Y
EMHRTE o K2 BRI, 7670 FI AR AAE B
(low_veg) FIR A (tree) 3 — Xt 5 R ¥ B SIS, e
R REA B AR T, BeAh, 7222 9)Z (clutter) AR
B A (imp_surl) I GANTY 70 &) LA T
WK STt o

R3 EREMANEEHEITRIEER

Table 3 Controlled experimental result with and without the tree-like block

/0(]
BimE WIEZER)  imp_surf building low_veg tree car clutter 0A SEHF,
X 91.5 9.1 82.7 89.3 85.5 47.1 89.3 88.7
Vaihingen
vV 92.5 94.9 83.6 89.6 85.9 52.0 90. 4 89.3
X 92.8 97.4 84.5 85.5 95.1 44.7 89.4 91.1
Potsdam
vV 93.1 97.3 86.8 87.1 95.8 53.0 90.7 92.0

TR A R IR AR A 5 b x AREAIMARI 451 , VAR T TR 4544 .
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Table 4 Control experiment results with different additional modules

/%

e FiEhnAside  imp_surf building low_veg tree car clutter 0A S F
Ss 91.1 91.4 78.9 85.8 80. 4 47.1 84.3 85.5
Vaihingen
Ts 92.5 94.9 83.6 89.6 85.9 52.0 90. 4 89.3
Ss 89.1 91.7 80. 8 80.0 93.2 39.1 85.2 87.0
Potsdam
Ts 93.1 97.3 86. 8 87.1 95. 8 53.0 90.7 92.0

LT A B9 e L4 24

O TR B S 6 9 — SR, o FH A ) 45 A
ResNeXt SO @B, [H o B di £ 70 6 4~
B, A T — 6 J2 B BRI B I A Sy X6f
MRS

WTE A5 F R AR B T 22 S ) B2 B A5 R R
TEBFS I 7 T ER A A HEH W2 3R T, 1E
Vaihingen gl b, BTE A58 AR 45 Hy 1 B 1A
HERG AR AR TE T 6. 1% , P33 F fHERTE T 3.8% 5 1k
Potsdam iidl I, B R AET) R ANF- 3 F B2 532

[ ] dssEn
e

Nl -

Jay sy

THT 5.5% FIS5% o M Z S5 1 fl R TR 7 B 1A
(7 F R R _E AR T B USRI 2 4 1 B
R PEHIAS SO O RE A AR T2 i LR
TULE Ky T3 5 A7 15 5 10 W 28 ) 114 2 S AL 18 )
155

ST AR AREE A 14 X HE 52 36 245 SR /s ] A 4 6
Bk IEIHRT AR Hy, AR SCHRERUIA T BB 254
Jei, 0 RN BE W AR T, O L2380 30 2 S
BEA AR

P g 2

B )z
, 4
Y

/ -
./ .
(R
‘ - —

0 e - .

g P
”, y %

(0) TERIELEHIRARY (d) BB LERE
BI6 MR R A 2 Jm AR o0 4

Fig.6  Global and local detailed segmentation results of test dataset

(a) AR

(b) HLSEbRIE

((a)original images; (b) ground truth; (¢) network without tree-like block; (d) network with tree-like block)

TRIB AL 2 B 28 R R0 | bR T 1)
6 4 it AT R A3 A R M X R R R S 4 ]
Wi, 7 ISPRS [ 5 43 W2 OO SR |, AR 15

A DeepLab V3 + Bl &by, 2 1 7 —FhE A9 B 0 o 00 o o R B L fE S5 2R A 10.3% A
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17. 4% W4 TT, X L SVL DST H UZ 45 ZFh S5 it J5
A BT FERR B, AR 15 5
TR A FIHERG R R T S IR R S B
e PR R 285 1 AT A 30) B SR ) 0 11 45 2

IR 50 ) T3 SR IEUR b 2 1R VR 2 R
P oy EIRG A — B R AR T B AR R AT A e 2
iR DR A, < 1) BRTE 45 4 2 75 3 T T I 1 23 51 1Y
ZEAEAY 9 AN T I 1Y T 40 2R A
SRR A Y AT DAAE SR AL b 3 — o 1R R A 4R
Th AR T2 & S 1 B ik 5 2 ) S R T R
BT 0T B AH 2 M 2SRRI ZR g Bl =T A L 2
58] LL3d 33 A2 1 % Pi 2% ( generative adversarial net-
work , GAN) it JELREL B8 R Bl o, i — 2D 4R T AL
RALER , AZRAT B e ) 0 BOREB BE i o R AOR A
STAEDT I8
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