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Residual dense spatial pyramid network for urbanremote

sensing image segmentation

Han Binbin'*, Zhang Yueting'”, Pan Zongxu'”, Tai Xianqing', Li Fangfang'’
1. Aerospace Information Research Institute, Chinese Academy of Sciences, Beijing 100190, China;
2. Key Laboratory of Technology in Geo-Spatial Information Processing and Application Systems, Beijing 100190, China;
3. University of Chinese Academy of Sciences, Beijing 100049, China

Abstract: Objective Remote sensing image semantic segmentation, in which each pixel in an image is classified according
to the land cover type, presents an important research direction in the field of remote sensing image processing. However,
accurately segmenting and extracting features from remote sensing images is difficult due to the wide coverage of these ima-
ges and the large-scale difference and complex boundaries among these features. Meanwhile, the traditional remote sensing

image processing methods are inefficient, inaccurate, and require much expertise. Convolutional neural networks are deep
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learning networks that are suitable for processing data with grid structures, such as 1D data with time series features (e. g. ,
speech) and image data with 2D pixel matrix grids. Given its multi-layer structure, a convolutional neural network can au-
tomatically learn features at different levels. This network also has two features that facilitate image processing. First, a
convolutional neural network uses the 2D characteristics of an image in feature extraction. Given the high correlation among
adjacent pixels in an image, the neuron nodes in the network do not need to connect all pixels; only a local connection is
required to extract features. Second, convolution kernel parameters are shared when the convolutional neural network per-
forms convolution operations, and features at different positions of an image use the same convolution kernel to calculate
their values, there by greatly reducing the model parameters. In this paper, a full convolutional neural network based on a
residual dense spatial pyramid is applied in urban remote sensing image segmentation to achieve an accurate semantic seg-
mentation of high-resolution remote sensing images. Method To improve the semantic segmentation precision of high-resolu-
tion urban remote sensing images, we first take a 101-layer residual convolutional network as our backbone in extracting
remote sensing image feature maps. When extracting features by using classic convolutional neural networks, the repeated
concatenation of max-pooling and striding at consecutive layers significantly reduces the spatial resolution of the feature
maps, typically by a factor of 32 across each direction in general deep convolutional neural networks (DCNNs), thereby
leading to spatial information loss. Semantic segmentation is a pixel-to-pixel mapping task whose class intensity reaches the
pixel level. Reducing the spatial resolution of feature maps can lead to spatial information loss, which is not conducive to the
semantic segmentation of remote sensing images. To avoid such loss, the proposed model introduces atrous convolution into
the residual convolutional neural network. Compared with ordinary convolution, atrous convolution uses the parameter r to
control the receptive field of the convolution kernel during the calculation. The convolutional neural network with atrous
convolution can expand the receptive field of the feature map while keeping the feature map size unchanged, thereby signifi-
cantly improving the remote sensing image semantic segmentation performance of the proposed model. Objects in remote
sensing images often demonstrate large-scale variations and complex texture features, both of which challenge the accurate
encoding of multi-scale advanced features. To accurately extract multi-scale features in these images, the proposed model
cascades each branch of aspatial pyramid structure based on a dense connection mechanism, which allows each branch to
output highly dense receptive field information. In these mantic segmentation of remote sensing images, not only the high-
level semantic features extracted by the convolutional neural network are required to correctly determine the category of each
pixel; low-level texture features are also required to determine the edges of the target. Low-level texture features can benefit
the reconstruction of object edges during semantic segmentation. Our proposed model uses a simple encoder to effectively
use high-level semantic features and low-level texture features in a network. A decoder also uses skip connection to fuse
cross-layer network information and to combine high-level semantic features with the underlying texture features. After
fusing high- and low-level information, we use two 3 x 3 convolutions to integrate the information among channels and to
recover spatial information. We eventually input the extracted feature map to a softmax classifier for pixel-level classification
and obtain the remote sensing image semantic segmentation results. Result Full experiments are performed by using the ISPRS
(International Society for Phtogrammetry and Remote Sensing) remote sensing dataset of the Vaihingen area. WE use inter-
section over union (IoU) and F, as our indicators for evaluating the segmentation performance of the proposed model. We
also build and train our models based on the NVIDIA Tesla P100 platform and the Tensorflow deep learning framework. The
complexity of tasks in the experiment increases at each stage. Experimental results show that the proposed model obtains
mean ToU (MIoU) and F,values of 69. 88% and 81.39% over six types of surface features, respectively, thereby demon-
strating vast improvements compared with a residual convolutional network without atrous convolution. Our proposed method
also outperforms SegNet, Res-shuffling-Net and SDFCN ( symmetrical dense-shortcut fully convolutional network) in terms
of mathematics and outperforms pix2pix in terms of visual effects, thereby cementing its validity. We then apply this model
on the remote sensing image data of Potsdam area and obtain MIoU and F, values of 74. 02% and 83. 86% , respectively,
thereby proving the robustness of our model. Conclusion We build an end-to-end deep learning model for the semantic seg-
mentation of remote sensing images of high-resolution urban areas. By applying an improved spatial pyramid pooling network
based on atrous convolution and dense connections, our proposed model effectively extracts multi-scale features from remote

sensing images and fuse high-level semantic information and low-level texture information of the network, which in turn can
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improve the accuracy of the model in the remote sensing image segmentation of urban areas. Experimental results prove that

the proposed model achieves an excellent performance in terms of mathematical and visual effects and has high application

value in the semantic segmentation of high-resolution remote sensing images.

Key words: semantic segmentation; remote sensing images; multiscale; residual convolutional network ; dense connection
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BB 7 2O 2 RHE B RO 4/ 2 46 5 i 2P KOR
N B ZEPRE (conv2_x—conv4_x) i FAFFLAE R, 75 )
55 ResNet-101 AH [\]. 140, 4 i th 26 Ky 4 0,
conv2_x ~ convd_x [TEX T A B 3 x 3 B
EORRAER N 2 LB, W Ko 8 i,
conv3_x.convd_x [ Bt 3 x 3 HBAHNIKE MW ILE
o 24 RNA 9% i 26Ky 4 I, i T GPU NAFERY
BRI, RS ECE S 1,600 i Y11 2534 A 100 000,
S A8 ) 1Y S 3 38 3 b ( mean  intersection over
union, MIoU) 5 B 4n% 2 Ao, H13E 2 A] 401, RNA
ATERE S D R ARG, S AP K/ 2 4
I, SRV REBOA B WG , (S R RIS n . A
TR EREFN Y i 7SS 2L S I R LR Y
ARG —WEN 8,
2.3.2  ASPP BE(iEE

oL 3 AL O TR BGE R IE B P 2 RE
FRAE A SO ] ASPP 2544, O T #R 5% ASPP Z5 4y
o FLAG B 0 SORFE N R I S, AR R T
T3 AR EESEE R ASPP rpald fLAS B SR A R O
A EHNR,,, = 2.4.68;R,, = 61218 24 FI
R,,,= 61218, SCEAERANK 3 Fis, 4k 3 ]
MR R BE N (6,12,18) I, A5 5143
ROR B, 1RG22 505 v, ASPP SR FE 40 W E
H(6,12,18), LL#H O A AL AT DL 3% B i £
TERE .

F2 FEHEPHK RNA §) MIoU 8
Table 2 MIoU of RNA with defferent S,
/%

S atio MIoU
4 67.47
8 67.24
16 66.27
32 62.12

*3 FEILLZER RNA + ASPP j MloU %53
Table 3 MIoU of RNA + ASPP with different rates
/%

R MIoU
(6,12, 18, 24) 67.53
(2,4,6,8) 67.32
(6,12, 18) 67. 67

2.3.3 Dense ASPP FlIf#S 4%

TEATT SR, 4 fif 15 2% 1 Dense ASPP ( Yang
45,2018 %3 RNA b 7efiftddsrh, b 1 VA fi
1t 00 245 b g SRR B R AE A, 5% fuf ) i 1 4
J48 By 1 x 1 BRI/ N RER) T 1B KL, TERE
B AR T SCRFAE I, {55 P A 32 22 1) 18 T8 400
256 13 x 3 BAEG SPUE UE B AR SOHE
B N T RUER S S ROVE T TE 2. 3.2 TR LA |
BN T f s, EOR N AR S XS L, 2.3 A
B Bl Rt AL 7E ISPRS U4 E A TR0 2B 25 21
W4 FRS Frm. 4 TR S A, A SR
TE F, A ToU WA 46 b5 b X 7 B 42 7, A i 4% 0
Dense ASPP B — &R,

2.4 RBIHRSW

AR SCIH A SR 45 R AR 6 Fz, LA RNA AR %)
FEBEME , A SCRERL MToU {E 42T T 2. 64, UEH] 1 i %Y
A Rk o

T AT A6 G, AR SO T Vaihingen 045 42
|45 SegNet ( Badrinarayanan 4%, 2017 ) Fl pix2pix
(Tsola 5%,2017) , 35t 11 Res-shuffling-Net ( Chen £,
2018b) \SDFCN ( Chen %5 ,2018a) % As ¢4 4 2%
AR DL 7, W13 7 TR, A SCREALEY MIoU A1
F SegNet ,Res-shuffling-Net #1 SDFCN, % 7 K& |
pix2pix (024 52 5P 2 pix2pix JB T2k LA 10 4
(generative adversarial network , GAN) , GAN Ay#/L
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®4 TEHREAIZE ISPRS Uik & _F#Y ToU 3ttt
Table 4 Comparison of IoU by different models on ISPRS test set

/%

- +
L : ‘ \ : I
ABEKE Y (X2 B HE 7S B
RNA + ASPP 80. 04 86. 69 66. 27 76. 18 60. 18 36.70 67. 67
RNA + ASPP + decoder 80. 64 87. 62 66. 96 76.24 62. 16 36. 28 68. 31
AR 81.13 87.67 66. 78 76. 25 63.57 43. 86 69. 88
T I TR R IR 25 9 B AR 2R
x5 AEMEETE ISPRS K& ER F, 3Ttk
Table 5 Comparison of F, by different models on ISPRS test set
/%
N + K
o : - - - FE{E
AFEAKE AR AL ] (R AP/
RNA + ASPP 88.91 92.87 79.71 86. 48 75. 14 53.69 79. 47
RNA + ASPP + decoder 89.29 93.40 80. 21 86. 52 76. 66 53.24 79. 89
AR 89. 58 93.42 80. 08 86. 52 77.73 60. 97 81.39

T L P RS S S R A4 2R

x6 HATFEAHRREEMNER

Table 6 Results of models with different components

RNA ASPP  Dense ASPP  decoder  MloU/%
vV 67.24
vV vV 67. 67
VvV vV VvV 68. 31
vV vV VvV 69. 88

T LT AR AT R LA

®7 FEHEELH Vaihingen MK ELE R
Table 7 Results by different models on Vaihingen test set

/%
Tk MIoU

SegNet 44.51

Res-shuffling-Net 60. 48

SDFCN 62.38

AL 69. 88

T L PR R S AT IR A 2R

Jefift A Ay A FUR R RE A (B R 45 SR, I
IabR A e A A, SR M B RS AR R,
{H pix2pix A5 70 GE 4% A 5 U 19 AL e OR 1Bl AE
[ 6 81l T SegNet  pix2pix HIA SCHR 1 i Hi 4]

%o BT FIE 6 R, A SCR YA BE AL T
T 2412 B AL U A PR E
2.5 Potsdam [ XBy3LI8 &R

N T BAEA SCEE R Iz AL RE ), #5 AR SCHSEAY )iy
FHT Potsdam M X 1Y 18 B K5 . £ S 6015 38 1|
HEEGER 24 IR T IIZR 14 5T, BHER R
26 000 x 6 000 &%, 43 #EH K 0.05 m, i [
2.1 79 TR B 7 vk R AT BOE TOAL BRI 2R AR P R4S
25 920 MBS, AR k1S 2 520 IEEIR . 45
8 i, LUK i, 78 Potsdam 4fi4E |-, MIoU
iKF] 74.02% ,F, BI{HIKF] 83. 86% , UEH] T A< UL
XoF 1R 3 BT DX R SEGAR TR o A R

3 & #

DR B TR DX S P B SO RS, AR
SOV T — Pl FH 8 23 3 I i X e R 15
SOOI BB M Ls . AR EZA LR
AR

1) SRFEE T FL G RO 1 5 22 25 4 2 LR
25 A T 25 PR GE IR R AL, T MR BERS
1 3B SR BRI R ) RS, B T
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Fig. 6 Visual effects of the models ( (a) source images; (b) SegNet; (c¢) pix2pix; (d) ours; (e) labels)

% 8 Potsdam ith[X LTG5 R

Table 8 Experimental results on Potsdam area

/%

A K
WA b : T A
REkm  EH A B it O HE
ToU 83.00 90. 89 73. 40 75.78 81. 81 39.23 74.02
F, 90. 71 95.23 84. 66 86. 22 89. 99 56. 35 83. 86
PEIURFAE AT FE v 23 [l 2 2K, REAE HE A A 30 AR R Z AT T, i TR b 2 RUEE

P IO SR R URFAE

2) GIAT BT A LA Y 2 R A
AESR U HR , 2 LA A 1 H 0 Rl 5273 1) T
2P 2 ROBERHE , BERSAT St 73 138 S 1A 5 b A
[F] R H g

AR SCHET Tensorflow HESE 5 4 P 25 5 51, 7E 1S-
PRS Hdli 4k 170 By BURIT 925, L RNA RNA +
ASPP .RNA + ASPP + decoder RNA + Dense AS-
PP+ decoder SRR PEATEE FERESE o [7) IR AR SO
B 5 SegNet , pix2pix , Res-shuffling-Net )l & SDFCN
1) BIBCR AT HEL, S0 45 R 3R B, AR SO AR 2K
SRR AL SCR Iy T 0 T AR S IR A
SRR A B8 o

AR L B e Dy S ok AT R ) T AR R 4
Th R RN SRR 22 oI5 W TR — 22 X A
RABEATAAL , TEASBRARAR R VA 1R O B2 T, ik 1Y
SR AEAE W TS ARG B A3 T2 1) S I vl e P 1%
Rl St
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