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Semantic Segmentation of Multispectral Remote Sensing Images Based on
Band-Location Adaptive Selection

Liang Zhengyin, Wang Xili’

School of Computer Science, Shaanxi Normal University, Xi’an 710000, Shaanxi, China

Abstract Multispectral remote sensing images (MSIs) provide a substantial amount of ground object information
spread over various spectral bands of the image. The quantity of information contained in different bands or different
spatial locations within the same band varies significantly. How to capture useful information from MSIs is a challenging
task in semantic segmentation of remote sensing images. An end-to-end semantic segmentation network (BLLASeNet)
based on band-location adaptive selection is proposed here. The proposed network adopts an encoder-decoder structure.
In the coding phase, a band-location adaptive selection mechanism is proposed to adaptively learn the weights of
different bands and different spatial locations within the same band, enhancing the effective features expression. The
spectral-spatial features of 3D residual block-coded images are further proposed to make use of the band correlation of
MSIs. During the decoding phase, an adaptive feature fusion module is proposed to adaptively adjust the fusion ratio of
low-level detail features and high-level semantic features via network learning, as well as investigate the impact of three
fusion strategies, namely, addition (BLLASeNet-A), element multiplication (BLLASeNet-M), and concatenation
(BLLASeNet-C), on the model’s performance gain. Furthermore, channel attention is extended to 3D data, and the
fused feature map is recalibrated on the channel dimension to produce a more accurate multi-level interactive feature
map. The effectiveness of BLASeNet has been demonstrated by experimental results on ISPRS Potsdam, Qinghai and
Tibet Plateau datasets.
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Table 1  Structure comparison of different methods
Method Backbone (layer) Convolution type Attention Feature fusion ~ Band selection
U-Net!” 14 layers 2D Conv NG
ResNet34" ResNet-34(34 layers) 2D Conv N
MAResU-Net' " ResNet-34(34 layers) 2D Cony N NG
DeepLabv3+ ResNet-101(101 layers) 2D Conv NG
BLASeNet-A 20 layers 3D Cony N N/ N
BLASeNet-M 20 layers 3D Conv N NG NG
BLASeNet-C 20 layers 3D Conv N NG NG

4.4 KIWHERMSW
2 2 WA 7 B AE Potsdam B 42 b 14 52 36 45

4 R TR i o #45 E . ResNet34 (9 A 4
e U-Net# 5 17 0. 734N E 40 s, Ui A 5% 22 R g /> 5
Uk B b i (5 Bk, B2 B A o FIORS
MAResU-Net 7£ Bk BRE 5| A= P, 555 T 47
FNZE S R AL N BE S AT AR R SO
KA X MSTs & 7% 37 543 #] . BLASeNet A [6] il &
W R ERS THIIM LR R, B EE,
BLASeNet-A (45 R E . 5 MAResU-Net # L, Ao, .
mean Sy Ry 78 9328 7 1. 33N 40 5.2, 0241 4
H1.80N H 4 ., W BLASeNet A fig 143k MSIs i
B oA AR Bt i B IR B RE 08 $E R 2L AT 48 )

BY G % - 25 8] 7 Ak o X F clutter/background 2
BLASeNet-A #8453 T 39. 77 % 1 Sp,, % T U-Net 42 5
T 12.84 A H . i — B &K B, clutter/
background 2 i % ] 43 41 ¢ > 43 i H. 52 5 RO 80/ (i
[ 5 7 ), E B T BLASeNet BB 43 2053 #1/N B #5 .
HT HE— R 5T B BLAS HL ) B9 A Sohe 3
BLASeNet-A A [a] J2 FEAF & E 47 o] WAL RF 58 . Ry {6
UL B A BLAS 2 2Z /0 B FRAE B 405358 4 layer 1.
layer 2. layer_3 Fll layer_4, Z J& B9 4 1F & 43 51 ic A
BLAS_1.BLAS 2 .BLAS 3MIBLAS 4( 1), Kf#
F W %%, ¥ layer 4/BLAS 4. layer_3/BLAS_3 #i
layer_2/BLAS 2% ik & 73 0 b R FE 84 4 A% F0 2 4%,
55 5 h R AR R A ) 25 8] 0 R . T Ak g SR an &l 6
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Table 2 Segmentation results on Potsdam dataset unit: %
clutter/ impervious o low
Class name building . tree car Ao mean Sy, Ry
background surfaces vegetation
U-Net"” 26.93 81.82 84.81 76. 26 74.81  79.72 75.71 70.73 57.68
ResNet34" 24.94 82.28 86. 90 76.73 74.25  79.63 76.44 70.79 58.07
MAResU-Net*"! 32.82 83.43 87.79 78.82 76.96  82.07 78.31 73.45 61.10
DeepLabv3+ " 38.98 82.56 87.47 77.44 76.53  81.23 78.23 74.03 60.96
BLASeNet-A 39.77 84.16 88. 40 79.33 79.50 81.64 79. 64 75. 47 62. 90
BLASeNet-M 38.81 83.96 88.19 79.76 79.46  82.21 79.70 75.40 62.89
BLASeNet-C 38. 84 84.17 88.17 79.44 77.92  82.00 79.35 75.09 62.47

impervious surfaces

n _ clutter/background
BLASeNet-A BLASeNet-M BLASeNet-C

El 4 Potsdam Fds 4 LA [R5 i 3 A5 1) 43 #1025 S 1

Fig. 4 Segmentation result maps obtained by different methods on the Potsdam dataset

RGB

impervious surfaces building low vegetation tree car clutter/background

E'5  Potsdam s 45 35 51 2 [a] 4315 &

Fig. 5 Category space distribution map of Potsdam dataset

impervious surfaces
I
low vegetation
image layer_1 tree
car

Iy

BLAS_1 BLAS 2 BLAS 3 BLAS_4

GT
K 6  Potsdam G 4E A 6] 2 FRAE B A9 ] 914k 45 5

Fig. 6 Visualisation results of different layer feature maps on the Potsdam dataset
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Jr7s Al LB UL g€ 3 Al 1 BLAS BLI i 09 45 1E 151 534
S B I B L6 HE . BLAS 2 BB A% ME B il 4K A 1
ffi low vegetation Fll impervious surfaces i i1 5t 45 1iF .
M T car ERFAEAR B T Hofh 32545 5 W1 0 19 IX 4 B, A
AR R GRS AR 25 ) B BB i 3525 car RO ARRAIE 1B ] AR
By T R 2R SRR R E2E Y 4R AE o B A0, layer 3 B
SRARAF 3R B T car RAFAE (B AFAE B 3L F 7, ik
A REIX 4y Hofth 326, BLAS 348 BUH] car JEH5E AE 19 [H]
I, 4 35 F) T impervious surfaces ZE R AIE , 336 B BLAS
ML 38 2ok A O B - R o7 B ACEE SR B A% OCVE T
PRIXE SIS, 55 30 TR X 2 A i ) 2 BB

TE Qinghai £ 4 5 09 L g0 45 F a3 3w, B 7 J@oR
TR B 45 3K . 7E cloud 25 I+, BLASeNet-A

RAGT 77.08% WY Sey, 5B ML B T 7.53 40 H
53 15, 22 BLASeNet 38 i3 [7] B X605 15 30 2 [a] 38 1)
R SCE B AT AR T — S 4 A A HUAY /N AR A
REAE BN HERR UM o Ryuoo AT R DA AR 7Y fil 75 o 1 751
T H FR PR BT AR , TI , Ry BE B L 45 750 o4
Ay B WK B E 77 . BLASeNet-A ¥ Ry 58 A 5] T
77.71% , M# T MAResU-Net #2557 3. 42 M H 43 A
MIEL 7 B 3 E) 25 RSk B, KT BLASeNet 72 4= (143 1 [4]
R ECEANE W . 5] 8/ T BLASeNet-A 1 ADF #itk
B AT I S 2 BUBRRE W, AW, 0 S 5UE AR L1 0 R 2 {E
FeoR), AT LA Bl A R B 3, I 4 B i )
A3 L 45 = PR AIE [ — S B R I ACER , 156 B 5 SR AIE [
A1 B & X T o EUT 55 T S B E UE B

# 3 Qinghai #5419 43 H 45 4

Table 3 Segmentation results on the Qinghai dataset unit: %
Class name grass water cloud bare soil Ao mean Sg, Ryo
U-Net"” 82. 37 96.71 64.91 86.05 14 82.51 71.80
ResNet34 ™ 82.99 97.41 69.55 86. 69 89 84.16 73.92
MAResU-Net"" 84.06 96.91 69.39 87. 34 47 84.43 74.29
DeepLabv3+ 84.09 97.02 67.68 86. 98 29 83. 94 73.72
BLASeNet-A 85.37 97.57 77.08 87.89 39 86. 98 77.71
BLASeNet-M 86. 18 97.44 73.28 88. 17 67 86. 27 76.85
BLASeNet-C 85. 89 97.37 72.45 88. 35 63 86. 02 76.52

b
. 0 W 0 0 0 W X
® ® 0 N N > >

ResNet34  MaResU-Net DeepLabv3+ BLASeNet-A BLASeNet-M BLASeNet-C

K7 Qinghai B4R B AN s 4045 () 23 1 45 51
Fig. 7 Segmentation result maps obtained by different methods on the Qinghai dataset
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1
0 10 20 30 40 50 60 0 10 20 30 40 50 60
Epoch Epoch

B8  ADF FI ADF A5 8 v m] Yl 5 2 508 M 1) 2 80U 22 L6 58 - (a) ADF 5 (b) ADF,
Fig. 8 Variation of parameter values of the trainable parameter matrix in the ADF, and ADF, modules. (a) ADF; (b) ADF,

F 4B T Tibet Plateau U4 £ Y S I 25 5 LR bare ground 28 2 [ #4775 & K it 1Y 1R 53, water ZE AR T
) 75 ¥ B 3 B 45 R a0 &0 9 Biras o B A J7 ¥k b grass il 1M 7 AEHERR I K 2 . DeepLabv3—+ R 25 i & B K
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Fe4  Tibet Plateau B¥s £ () 43 % 4% 3

Table 4 Segmentation results on the Tibet Plateau dataset unit: %
bare . ice/ woodland/
Class name construction land water grass Ao mean Sp, Ryioo
ground clouds shrubs
U-Net"” 46. 20 16.79 42.79 88. 54 78.89 37.97 68.59 51.86 39.07
ResNet34" 44.13 15.43 42.19 88.78 78.59 35.59 67.97 50.78 38. 26
MAResU-Net' ™! 42.29 12. 88 41. 04 89.13 78.50 37.27 68.02 50.19 37.90
DeepLabv3+ 46.62 0.00 32.29 85.35 77.96 39.34 67.57 46.93 35.41
BLASeNet-A 44.47 29.10 44. 06 90. 03 79.07 39. 35 68. 68 54.31 40.91
BLASeNet-M 49. 84 20.62 42.52 88.25 79. 36 43. 80 69. 60 54.06 40.75
BLASeNet-C 49.51 20.50 43.32 88.53 78.79 36.28 68.92 52.82 39.76

construction land

U-Net ResNet 34 MaResU-Net DeepLabv3+ BLASeNet-A BLASeNet-M BLASeNet-C

K9 Tibet Plateau i ds 4 1A [A] J5 1% 3R A5 i) 23 %1 45 R 14

Fig. 9 Segmentation result maps obtained by different methods on the Tibet Plateau dataset

BEZEHRINERTRZHMNEL, FEENDHB FINEZ A REAR R 22 7 BOR A 5 BIR R IE $2 5O
construction land 28 343 T 043 Spo AT BLASeNet SRR A ST AS B T B E R 4
RO 2 ik AR 0 B -2 ) o B A, AR MR B T 4 4.5 HERICIE

TR o ELARSR UE, P AR B 4 E) EE RS 40, FE grass 1E Potsdam % 4 # b #F 17 4 @b 5L K%,
5 construction land 2& 2 [8] () #¥ 51] 145 2] 1 AR K ol 3% BLASeNet-A 4 4], fﬁﬁ’l‘ﬁ?%*&%ﬁ%ﬂ?%ﬂ’] 7 fig

TEPR BE X S5l Bt AT 25 W etk . 4 ﬁEJ%EExH% o %%SEIJtHTW{;@HHKH&E&EE@%Q@M%&M
B U-Net HF 2R b 3R 15 T B0 1 20 #0245 3 X IR A o fd ] ResNet34 fF fy %k £k #5 &1 ¥ 3DRB .
Al BE & T B S AR B A7 A A 2 I AN 38 A ] AT, Rk BLAS ADF F1 CAM # He A0 4k i A A A v

25  Potsdam FUHE 4 1 04 18 fl 52 56

Table 5 Ablation experiments on the Potsdam dataset

clutter/ impervious o low Test time /
Class name building . tree car A,y mean Sy Ry .

background surfaces vegetation min
Baseline 24.94 82.28 86. 90 76.73 74.25 79.63 76.44  70.79 58.07 2.05
+3DRB 35.47 83.07 87.36 77.87 77.56 81.83 78.26  73.86 61.08 2.74
+BLAS 36.72 84.27 88. 50 78.58 79.04 82.18 79.29  74.88 62.42 2.75
+ADF 39.32 84.04 88.27 79.29 78.94 82.29 79.49  75.36 62.79 2.75
+CAM 39.77 84.16 88.40 79.33 79.50 81.64 79.64  75.47 62.90 2.76

SR, B A HCER 7E % A0 2 = BLASeNet [ 10. 534> H 43 &5, UL BH X F 76 23 (8] 1 52 43 85043 A5 19 /N
B Pk Rl . SO0 25 B R W, T A X A 3K A9 clutter/ H 5, 3DRB BE % 1 A 42 B2 FHAT % 50 M 1 ot i -2 (]
background 2% , JIr 48 #5% B 8 7E £ A0 2 R aX — 2K i o ) FRAE . MA BLAS ZJ5 , Aoy mean Spi Ry #8 A KK
S5 BT I BRI clutter/background 25 4 43 % B0 Ay IR T T 103 AN E 4 A 1. 024N H 4 A
ST T 14,834 41 mi L IEW] BLASeNet A g /) 1. 344 H 40 5, W BLAS B8 % 4/ 3k MSIs A 50t i
AR A/ EAr . R, A U B %) [ B A 2 (] o7 AN, S 78 B O 3 A AL
3DRB J& , clutter/background 2& ) 4 #) X5 E 2 T+ T X {5 B o X T H A28, BLASeNet 76 A 7] F2 B I #5
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