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Abstract: To improve the accuracy of automatic extraction of object information in infrared remote

sensing images while avoiding the inefficiency of manual extraction of remote sensing information, a

remote sensing information extraction algorithm based on the UNet deep learning model is proposed.

The algorithm is used to segment five kinds of object feature information including road, building, tree,

farmland and water in infrared remote sensing images. Firstly, a small number of high resolution training

data are cropped randomly and corresponding data enhancement processing is implemented on them.

Then, a UNet deep learning model is established and is used to extract the feature information in

remote sensing images automatically. The model is trained by using the cross-entropy loss function and

Adam optimization algorithm and is used to extract the object information in five remote sensing images

accurately. Finally, the classification result is evaluated by using the Jaccard index. The experimental r-
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esults show that this method can fully fuse the high resolution infrared remote sensing image information

with the visible remote sensing image information. It has higher accuracy in positioning and classification

for various objects.

Key words: deep learning; UNet; semantic segmentation; multispectral remote sensing

0 st

���	�
�������
�
��

	����
��������������

����	
�	�

����������

�����	����������� Pleiades

��
�����
����
������

�����������	��������

���������������	�
��

����������Æ���������

������

�	
��
������	�����

����� ��	������!����

����"����� �#!$
�%��

�	����
���������"�&�

������������'&��(���

����������	������	��

������� � [1] ����)�� !"

��	����	��! �"�&��Æ!

�(����#���� #���$���	

���"�����������"��##

�%!�"����&�&'�$������

	�����*$(���"�#$�� �

�%%��"$&%��'+()�"���

� [2] �

")��)*+�������	���

��%*��! �� +��$,� UNet &

�&'$(�-�&'&��)����#+

.�������/������	�))Æ!

������

1 uQvwxy

,/'-(.� &�&'���	/*

�0��1��$$( [3] �)�23����

	��	%!4,	+,�5�)�*"-.

$�,/'-(.%��#+&6-� ReLU7

89�-,:*+��0/'-(.�;.�

�	�-1#<./��/�00�1-! �

0�=�)�$&/�'-(.�,/'-(

.��$,//	1�/�123/!���)

,2��Æ)�����.4�*�)(
"

�;.�(.5=�36 FCN [4] 	ResNet [5] 	

Faster RCNN [6] 	SSD [7] � GAN [8] --�2��

��	2'�����4�,/'-(.�3

3��>��	�7#���5(���/6

)/&'"&/6�2'� 48	54�76

-0/2'!$9
�8:�"�!$2'�

)0�Æ!����

1.1 *+,-.R/

� +�� UNet $($ Ronneberger O -

Æ [9] �*�%����7&�	�+,�5�

'$(��$1,/'-(.�)2���,

/'-(.0�����9���3?123

/�"$1,/'-(.%#%���+,�

5/*���	��	
8
8
�$(+�

"$5=�1,/'-(.1�)'��3?

123/�(.5=�����)5
���

63�@�7
�+,�5! 
�)���	

8 1 9:AB;C

Infrared (monthly)/Vol.38, No.8, Aug 2017 http://journal.sitp.ac.cn/hw



� 38 ��� 8 � � � 39

��%�	�:�)��
;)<�*"�	

2<92���"������)���:�

��7;�)�5�0� 1��#(;=�<�

,�+,�5�>D�

Jonathan -Æ�*�1,/'-(.��

:5=%��#��=#��#=#����

AlexNet [10] �>���)�	�>?�2'�?

?�2'�)���#?�E@��
�E=#

� 2 AlexNet ��3#"��1,/'-(.

�� AlexNet �0E</123/=F�,/

/�"A�>*�5D
�����?����

������G?�2'�)��)�
�)�

>*�"�2'��Æ@
�#�@3B
�

��'4)�

�1,/'-(.���=�4(���

������+A��#=#��1,/'-(

.�"�1�/
AC>*�	�@A��%

!�>*5D <���2D�	@A���

�5��%#�)0E�/�)�+A�G�B

E5=�"$5=�%���)3�5D�53

)�#1,/���2'��)�+A%B�

�5D��(>C��BE5= �)��1

�/�5D�)�+A��E5$"�5D)

>�)F1�"A�#"H���55D�D

D������

1.2 UNet 6Æ

UNet $(�%�5=$,/GA#��Æ

,/�D#�!���� 2 %C��,/GA#

��)�;+�,� 2 � 3×3,//� 1 � 2×2

0�1�/�5=�8:�1�/�++A>

D)/��"��/�2'
�Æ,/�D#

����) 2×2 �Æ,/�"2'��?�I

=��E3 2� 3×3,//�8�;"�5=


�>*/�� 1 � 1×1 ,// 2'�HD�

%<����&�7I���1�/�>EEJ

���A�B/�@A�2'��")�(.F

J�<�$8�#C*�F�GK�)���D

� UNet 5=�,2��� �,//�EG�

)D!8�/8+� Adam [11] 3���)>�

))H�-1�>��D!8�/K�IC�L

E#����J/�FHK�1�M���$(

�-1�����$(Æ��

UNet $(�5=GL)1,/'-(.�

%���8)>�))�<�3���#<*�

UNet ��$�I� U ()��5=�#=#�

���-L� VGGNet–16 [12] (.��E=#�

 ���2#=#��Æ��+A#��UNet

0���M����+A#��N�E);9

�MO�N�"(.�P �B ��00/

�O�"�����/�"$5="� UNet �

1,/'-(.�A�����5��P�#:

8 2 UNet JHIQ

http://journal.sitp.ac.cn/hw Infrared (monthly)/Vol.38, No.8, Aug 2017



40 � � 2017  8 !

���	�Q3?)D���B ���">

)C%!�5��"R�>D�

2 z{STU|VW}

2.1 X;<

� +� N [13] �%�S����	�

�.�'��.3? 25 � 1 km×1 km �C� 3

�N� 16 �N���	�"��	QJK��

���#*�>��3 �N���	��.3?

���R:� RGB <�N�	�� 16�N��

�	��. 3? 400 ∼ 1040 nm R:�
��

�	#< 1195 ∼ 2365 nmR:�TR���	


14R:����� 0.31 m �
��R:��

��� 1.24 m���R:����� 7.5 m (��

3) �� �O�%!
� >�� 20 ����

	��LE.�#�	�3?��� (L*	U

=	NK	ML��N-P�) ����%!�

) UNet &�&'$(�)LE�8),O.�

&� 5 ��	%3?����)*"����

8 3 QR [13] �S RGB SV8TPM

2.2 X;Y>?@X;ZA

Q�)DR>E�	�)U98�-#W

T�� )DR�	�))UNXF1 [14] �U

NXF1�>����UFV1,80DRO

4�	����	�O4����E>���

�O4��)�	�)V1�Y;�

�E)���)��98������&

�&'�S�Z[��'�T����#";

.�&�$(-1�./B�PQ$�1���

���0\��B�#
�W�ZX�] 


./��$(�7#03&�-1������

 �O��<���������	�%B�'

/4R(C (�V 1)�!$(LEW
)S��

,�#�D"�Y@�)���	�) 164×164

�	-+A�8��LE�� %��+AA

���>E����>��=3?%!����

�1R� &�#��3?%!���A��

�^R�)LE�"A�
�
��#�6LE

�1^A�4R�)TZ��:�$(-1��

E)+AA��)	-�_C	MO	U�[�

�`��-X��0DB�)���LEA��

[ 1 \]^_`abcdefgh

Y�EU \Va��FSZM

bG 5.39%

[W 3.81%

VW 2.61%

XX 11.74%

YY 30.90%

��.�S)��!Z�!*)!7�L

*	U=	NK	ML��N"P����


7]�8H!�8 >`��� x ∈ [0, 1] �

y ∈ [−1, 0] ���<5(Z (1) ∼ Z (4) �)�

8H!��	H!�CF�

W ′ = W · W

W + 1
(1)

x′ =
x

x
max

· W ′ (2)

H ′ =
H

H + 1
(3)

y′ =
y

y
min

· H ′ (4)

2.3 IiJK
�O%����9�+�,�	�� Soft–

Max ���><,�

p
k
(x) =

exp(a
k
(x))

K∑

k′=1

exp(a′
k
(x))

(5)

Infrared (monthly)/Vol.38, No.8, Aug 2017 http://journal.sitp.ac.cn/hw



� 38 ��� 8 � � � 41

Z��a
k
(x)�)�\ k��>*�	�	� x9

�&
a′
k
(x) �>[>*�	�	� x 9�&


K �L���")� p
k
(x) ≈ 1 ��a

k
(x) �c

�&�	� x ���5D^
�0\��

����O%��[]M\09��

E =
∑

x∈Ω

w(x) log(p
l(x)(x)) (6)

Z��w(x) �����+&
�#^\ w(x) �

#^\�:���6_�
Ω �%�	��.

$�

�&�&'��A����TZ�_N$

((�-1���� �O�^*�)�I!

 �����	��L*	U=	NK	ML�

�N"P����'/�C(�NX�NK�

L*�'/(T�")�� ��LE��]�

� 6���� (36`4) ���+� 5�G��

����") 5����)���8)��5D

�)^$�

)��� �O��)) 5O[]O#�N

 LE.�� 5 d��6 >� 1 d�*��

,O.�8 >[ 4 d��LE.�"$&��

-�&'��
IC*�#Q$�1���,

:�� 4 �� 5%C�"�LE#��Æ!��

loss &�P3��

2.4 IiQRSTUVW

� 6 %C�U=	ML	�N�NK��O

�55D�$�A�+.�
��#�L:��

8 4 \Vea�]_bSX`8

8 5 \Vea� loss YSX`8

O�55D�^`��O:�Z (7) �Z (8)  

�	H!�D��8H!�0�]�$
�


7]!����5D�80D+� JaccardZ�

���Æ�)�O5D�))Æ�_<�Jaccard

Z����Æ��<,�"�Z (9) �Z (10)�

x = x′ · xmax

W ′ (7)

y = y′ · y
max

H ′ (8)

Jaccard =
|A ∩ B|
|A ∪ B| =

|A ∩ B|
|A| + |B| − |A ∩ B| (9)

Precision =
1!���	�:��

����	�:L��
(10)

Z��A �!Z�\ k ��L
7]#*
B �

�*"�\ k ��L
7]#*�Jaccard Z�

�P5W�VC���1!������V 2�

V 3 �"`*)������ JaccardZ�5D

���Æ�5D�

�  &�&'+,�5$(aE���

�	��������Fc)�
����	

������[+���Æf2'�Æ���

[ 2 jk\]f Jaccard lmno

Y�EU Jaccard \a

bG 0.729

[W 0.593

VW 0.853

XX 0.540

YY 0.844

http://journal.sitp.ac.cn/hw Infrared (monthly)/Vol.38, No.8, Aug 2017



42 � � 2017  8 !

8 6 bbABIC (cdcbGeXXeYYe[W)

[ 3 jk\]fpkqrno

Y�EU AU]b

bG 0.963

[W 0.941

VW 0.960

XX 0.950

YY 0.967

ab 0.956

QR [15] dg 0.905

QR [16] dg 0.857

��d�)#�UNet $(����7&e	�

5���   >������	������

&��� $(��P �����	��	


���	��#<����	��5$9
8

]���LE����&�ef�)"<���

�)�>5$�-�O���� +�� UNet$

()����	���5��(�Æ�����

. [13] ��NT*"Æ!�g-f�) 0.956 �

"4���� [15] <#f�&�&'$( [16] Q

�(��g�

3 |~�

� +� UNet&�&'$(�"��)�

��	�g/2'��/2'�8h�[]M

\09�� Adam 3����))$(LE�

+�'$()���	� 5 ����� (36U

=	NK	L:	ML��N) �))�5��

Infrared (monthly)/Vol.38, No.8, Aug 2017 http://journal.sitp.ac.cn/hw



� 38 ��� 8 � � � 43

�)c\����*">D��O5DV^��

 +�� UNet&�&'$(H�)`]3��

�����55D�0�h��98���	

"�C%!��5! �"���d����

e���#� ���*#B5f�	�&�&

'��	�J�-ig/*������>�

,��	�������98/*���*$

 �8
82�Æ@)�������^ %

�8
8Æ!�

^_@A

[1] Maggiori E, Tarabalka Y, Charpiat G, et al. Con-

volutional Neural Networks for Large-scale Remote-

sensing Image Classification [J]. IEEE Transactions

on Geoscience and Remote Sensing, 2017, 55(2):

645–657.

[2] h`�aji�jik�jkSPOT–7 SV8Tl

h��iZ�� [J]. bcsdefgtu, 2017,

40(1): 75–78.

[3] lhh�i�m�jkn�jkjkokJHhlA

SVlTAU�Smn [J]. bciv, 2016, 41(9):

170–175.

[4] Long J, Shelhamer E, Darrell T. Fully Convolutional

Net-works for Semantic Segmentation [C]. Boston:

2015 IEEE Conference on Computer Vision and Pat-

tern Recognition, 2015.

[5] He K, Zhang X, Ren S, et al. Deep Residual Learn-

ing for Image Recognition [C]. Las Vegas: 2016 IEEE

Conference on Computer Vision and Pattern Recog-

nition, 2016.

[6] Ren S, He K, Girshick R, et al. Faster R-CNN: To-

wards Real-time Object Detection with Region Pro-

posal Networks [C]. Montreal: The Twenty-ninth

Annual Conference on Neural Information Process-

ing System, 2015.

[7] Liu W, Anguelov D, Erhan D, et al. SSD: Single

Shot Multibox Detector [C]. Amsterdam: The 14th

European Conference on Computer Vision, 2016.

[8] Zhao J, Mathieu M, LeCun Y. Energy-based Gen-

erative Adversarial Network [J]. arXiv: 1609.03126,

2016.

[9] Ronneberger O, Fischer P, Brox T. U-Net: Convolu-

tional Networks for Biomedical Image Segmentation

[C]. Munich: The 18th International Conference on

Medical Image Computing and Computer Assisted

Intervention, 2015.

[10] Krizhevsky A, Sutskever I, Hinton G E. Imagenet

Classi-fication with Deep Convolutional Neural net-

works [C]. Lake Tahoe: The Twenty-sixth Annual

Conference on Neural Information Processing Sys-

tems, 2012.

[11] Kingma D, Ba J. Adam: A Method for Stochastic

Optimization [J]. arXiv: 1412.6980, 2014.

[12] Simonyan K, Zisserman A. Very Deep Convolu-

tional Networks for Large-scale Image Recognition

[J]. arXiv: 1409.1556, 2014.

[13] Kemker R, Kanan C. Deep Neural Networks for Se-

mantic Segmentation of Multispectral Remote Sens-

ing Imagery [J]. arXiv: 1703.06452, 2017.

[14] Hung S B, Kandhadai A, Chiu A C. Automatic

White Balance Method and Apparatus: US7728880

[P]. 2010–06–01.

[15] jbp�jlm�omk9:JHpmSSV8T

AU [J]. wktu, 2016, 31(1): 38–42.

[16] amm�qrsknnnqtJHlhon�r

QSlAoSV8TAU [J]. lxmnosiv,

2011, 33(1): 70–76.

pyz{ 7 |q

[12] jsi�qtpkqirupqopvwuSaY

qd�� [J]. rdstvu, 2000, 19(5): 366–369.

[13] rbx�ls�jvkpvvyiwzstS{t

rsAÆ [J]. wxsy}, 2013, 43(11): 1243–1247.

[14] |uvkst}xpvw~wu�� [D]. yuÆy

vxz���2005.

[15] wtkwzst}xpv{tyz���� [D].

xyÆz{�����2016.

[16] z{akpvu|8Tbv�yz [D]. yuÆyv

xz���2001.

[17] q{mks|wpvw~w|{|}t~xyz}

}{�� [D]. |}Æ|}~o~����2015.

[18] }~�k�~qoi|}tu�l�Sbb��

[J]. ~~��, 1997, 18(4): 58–61.

http://journal.sitp.ac.cn/hw Infrared (monthly)/Vol.38, No.8, Aug 2017


