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Tab.1 Different CNN Architectures

CNN-Alex

CNN-M

CNN-16

CNN-19

convl 96X 11X 11
pooll
conv2 256 X 5X5

pool2

conv3d 384 X3X3

convd 384X 3X3

conv5 256 X3X 3

convl 96 X7 X7
pooll

convZ 256 X5X5

pool2

conv3d 512X3X3

convd 512X3X3

convb 512X3X3

convl—1 64 X3X3

convl —2 64 X3X3
pooll

conv2—1 128X 3X3

conv2—2 128X 3X3
pool2

conv3—1 256 X3X3
conv3—2 256 X3X3
conv3d—3 256 X3X3

pool3

convd—1 512X 3X3
convd —2 512X 3X3
convd —3 512X 3X3

pool4

conv5—1 512X 3X3
convb—2 512X 3X3
convb—3 512X 3X3

pool5
fc6 4096
fc7 4096
fc8 1000

convl—1 64 X3X3
convl —2 64 X3X3
pooll
conv2—1 128 X3X3
conv2—2 128 X3X3
pool2
conv3—1 256 X3X3
conv3—2 256 X3X3
conv3—3 256 X3X3
conv3—4 256 X3X3
pool3
convd —1 512X 3X3
convd —2 512X 3X3
conv4d —3 512X 3X3
convd—4 512X 3X3
pool4
convb—1 512X 3X3
convb—2 512X 3X3
convd—3 512X 3X3
convd—4 512X 3X3
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Fig.1 Flowchart of Retrieval
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R,
3.2 mAP b

* 2 MK 3 ol n T UC-Merced i
WHU-RS %4 4 b A 5] 57 AE KR KR 19 mAP
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BB mAP {E7E 3 JZ i 4 P45 451
CNN-M,CNN-16 #l CNN-19 #87£ CNN-Alex [
AT HE , = F ) mAP A N A5 2R =

#* 2 UC-Merced A~ ] $5fE 89 mAP/ %

Tab.2 mAPs for Different Features on the
UC-Merced Dataset/ %

il pool5 fc6 fe7
CNN-Alex 45.9 52.4 49.3
CNN-M 50.6 55.8 54.9
CNN-16 53.6 55.3 53.3
CNN-19 52.3 54.6 52.0
BoVW[6] 30.2

F 3 WHU-RS REMHFIER mAP/ %
Tab.3 mAPs for Different Features on the
WHU-RS Dataset/ %

25 pool5 fc6 fc7
CNN-Alex 55.1 62.3 62.2
CNN-M 59.2 65.6 64.6
CNN-16 58.1 64.5 63.3
CNN-19 56.6 62.5 60.8
BoVW [6] 38.9
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CNN FEAE 9 mAP {f &6 bk 4 42 3k, H b CNN-
Alex FHAEF 2 1 BE AH X 48 25 CNN-M R#AIE 78 K
ZHRN R R M RE AR L 4. CNN-16 41
FCNN-19 HRAE R FH T 3 8 BRI, A 2628
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ATLLE A WHU-RS 8048 4 b, X F 48 K25
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Tab.4 Feature Dimensions and ANMRRs

for Different Features

] o ANMRR ANMRR
0 FRAE 450
(UC-Merced)  (WHU-RS)
CNN-Alex 4096 0.405 0.308
CNN-M 4096 0.370 0.278
CNN-16 4096 0.374 0.291
CNN-19 4096 0.380 0.308
BoVW [6] 150 0.601 0.525
BoVW [7] 15 000 0.591 0.492
SCHk[1] 62 0.575 —

53CHR01, 6 1A He, B8R CNN HF 1 2 55055
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HA1E £, 3 it i CNN ERE R R REIL T
CNN-Alex ##1F , H# L CNN-M HRAF #9162 8%
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Fig.5 Precision-Recall Curves for Different Features on the UC-Merced Dataset and WHU-RS Dataset
anced Bitmap Tree for Shape-based Object Retrieval
4 _Q_E iﬁ from Large-Scale Satellite Imagery Databases [ ]].
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Remote Sensing Image Retrieval Using Pre-trained Convolutional
Neural Networks Based on ImageNet

GE Yun'? JIANG Shunliang' YE Famao' XU Qingyong' TANG Yiling'
1 Information Engineering School, Nanchang University, Nanchang 330031, China
2 Software School, Nanchang Hangkong University, Nanchang 330063, China

Abstract: High resolution remote sensing images have complicated content and abundant detail infor-
mation. Large semantic gaps will occur as such images are difficult to describe using traditional shal-
low features. This paper proposes a method using four different CNNs pre-trained on ImageNet to in
remote sensing image retrieval. High-level features are extracted from different layers of the four
CNNs. A Gaussian normalization method is adopted to normalize high-level features, and Euclidean
distance is used as the similarity measurement. A serial of experiments carried on the UC-Merced and
WHU-RS datasets show that CNN-M feature achieves the best retrieval performance with CNN fea-
tures. Compared with the visual bag of words and global morphological texture descriptors, the mean
average precision of CNN features was 15.7 %-25.6 % higher than that of shallow features. The average
normalizedmodified retrieval rank of CNN features was 17%-22.1% lower than that of shallow fea-
tures. Therefore the pre-trained convolutional neural network is effective for high-resolution remote
sensing image retrieval.
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