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 E: BN ROREREGKERT, B REELET R RGN E G B AT ARG
2 25 ( convolutional neural networks , CNN) %% ] S 8Ok £ 55 28 B R W RFAE A , & 1 — Rl oBE T4 1 AH 5 0 A
HIJ7 LR G AN TE] CNN B 2R ik KRR EAE AR ik 00 5 BUZ FRIE AR B, O 1 S 4 Ml £ B AR R D 0
23 (5 B 7E BUR M IR 465 ARG T SR BOR 5] 5 JZRRAE , 75X 5 SRR AT SRR AL SR SR AT 10 2 R AE 5 1158 8 2
R P 2AS ) HECAT LR | 4545 S A DG 23 BT S 4 i [F) R AR AE A R R, I 28 AN [R) SR AAE =2 [R] 19 22 5, DT 4 3 RPAE 1 1
T )3 5 B FR I S AP A T R X AN R AR AE R AT Bl FI P A B S R IE R R PR g iR KR, B8R 1
UC-Merced \RSSCN7 Fl WHU-RS19 ¥4k FRSEIGRAT, 5 80— m ZRHEAR LL , 26 R 250005 FRAIE A5 28 TR 25 711
KR I ()RS B A et . Horp 78 3 DN 4R B XS i 28 24 (B (mean average precision, mAP) 73 Sl §2 5 1
10.4% ~14. 1% 5.7% ~9.9% F1 5. 9% ~ 17.6% . LUK & B8 J) 33 i FRAE FE A7 Rl & i, PERE SR THE I B, 72
UC-Merced $U4E4E I, Rl &R 1 - 15 10— AR08 UK R 25 2 (average normalized modified retrieval rank , ANMRR) FiI
mAP GEF] 13.21% 1 84.06% , 5 JLFPHOH 8 IR R I EM A — @, 858 A SCR iy 38 745 4
RO RRHAE R 7 ARG & T AR CNN 5 2 RAE Y 2 25 5 5L TE R A IE TCARYE R I 427 T R AE Y 5
REJT, T i 1 B I R R R M

KRR R R GALE s BB ZE 4 5 2R AE RS s FUH AR OGS T s de Kt Ak

Remote sensing image retrieval combining discriminant

correlation analysis and feature fusion

Ge Yun, Ma Lin, Chu Jun
School of Sofiware, Nanchang Hangkong University, Nanchang 330063, China

Abstract: Objective With the rapid development of remote sensing technology, numerous high-resolution remote sensing
images have become available. As a result, the effective retrieval of remote sensing images has become a challenging
research topic. Feature extraction is key to determining the retrieval performance of high-resolution remote sensing image
retrieval tasks. Traditional feature extraction methods are mainly based on handcrafted features, whereas such shallow fea-
tures are easily affected by artificial intervention. Convolutional neural networks (CNNs) can learn feature representations
automatically,, and thus are suitable to deal with high-resolution remote sensing images with complex content. However, the

parameters of CNNs are difficult to train fully due to the small scale of currently available public remote sensing datasets. In

U5 B 8 :2020-01-08 ; & [@] H #§ :2020-02-19 ; Fi EN Z< B #A :2020-02-26

HEE&WH: HE ARPAR 4T H (41801288 ,61663031,41261091 ,61762067 ,61866028 ) ; YL VG 44 [ #A Rl K4 101 H (20202BAB212011 ) ;
9 B s K L RHIT A 345 H (EA201920276)

Supported by : National Natural Science Foundation of China(41801288, 61663031, 41261091, 61762067, 61866028 )

2665



PEERERFIE

JOURNAL OF IMAGE AND GRAPHICS

this case, the transfer learning of CNNs has attracted much attention. CNNs pretrained on large-scale datasets have good
generalization ability, and parameters can be transferred to small-scale data effectively. Therefore, extracting CNN features
on the basis of transfer learning has become an effective method in the field of remote sensing image retrieval. Given the
abundant and complex visual content of high-resolution remote sensing images, it is difficult to accurately express the content
of remote sensing images using a single feature. Thus, feature fusion is a useful method to improve the feature representa-
tion of remote sensing images. To maximize the learning parameters of different CNNs to represent the content of remote
sensing images, a method based on discriminant correlation analysis ( DCA) is proposed to fuse the high-level features of
different CNNs. Method First, CNN parameters from VGGM ( visual geometry group medium), VGG ( visual geometry
group) 16, GoogleNet, and ResNet50 are transferred for high-resolution remote sensing images, and the high-level fea-
tures are adopted as special convolutional features. To preserve the original spatial information of the image, the high-level
features are extracted under the original input image size, and the output form of three-dimensional tensor is retained.
Then, max pooling is adopted on the high-level features to extract salient features. Second, DCA is adopted to enhance the
feature representation. The DCA is the first to incorporate the class structure into the feature level fusion and has low com-
putational complexity. To maximize the correlation of corresponding features across the two feature sets and in the same time
decorrelates features that belong to different classes within each feature set, the between-class scatter matrices of the two
sets of high-level features are calculated, and matrix diagonalization and singular value decomposition are adopted to trans-
form the features. The transformed matrix contains the important eigenvectors of the between-class scatter matrix, and the
dimension of the transformed matrix is reduced accordingly. Thus, the transformed feature vectors have strong discrimina-
tive power and low dimension. Lastly, two methods of concatenation and summation are selected to perform the fusion of
transformed feature vectors, and the fused features are normalized via Gaussian normalization. The similarities between the
query and dataset features are calculated using the Euclidean distance method, and the retrieval results are returned in
accordance with the sort of similarities. Result Experiment results on the UC-Merced, RSSCN7, and WHU-RS19 datasets
show that the retrieval accuracy and retrieval time of most fusion features are effectively improved in comparison with a sin-
gle high-level feature; the mean average precision (mAP) of the fusion feature is improved by 10. 4% ~14. 1% , 5. 7% ~
9.9% , and 5.9% ~ 17. 6% , respectively. The retrieval results of the fused features using the concatenation method are
better than that using the summation method. Multifeature fusion experiments show that the best result on the UC-Merced
dataset is obtained from the fusion of four features, whereas the best results on the RSSCN7 and WHU-RS19 datasets are
obtained from the fusion of three features. This finding indicates that a larger number of fused features does not translate
into better performance; selecting the appropriate features is crucial for feature fusion. Especially, when the different fea-
tures have good representation and similar retrieval capabilities, the fusion of these features can achieve good retrieval per-
formance. Compared with other state-of-the-art approaches, the average normalized modified retrieval rank ( ANMRR) and
mAP of the proposed fused feature on the UC-Merced dataset reach 0. 132 1 and 84. 06% , respectively. Experimental results
demonstrate that our method outperforms state-of-the-art approaches. Conclusion The feature fusion method based on dis-
criminant correlation analysis combines the salient information of different high-level features. This method reduces feature
redundancy while improving feature discrimination. Features with equivalent retrieval capabilities can be fused by the pro-
posed method well, thus effectively improving the retrieval performance of high-resolution remote sensing images.

Key words: remote sensing image retrieval ; convolutional neural network (CNN) ; high-level feature fusion; discriminant

correlation analysis (DCA) ; max pooling
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T 3t A TR SRR, T 2 1 17 28 SR LR 1) 43 2 45
Ho T34, ANIE] CNN RRAE RGO 6 LU B9 op , AN
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1 AR IR RS I RCR , R EA R
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FRE S B ORRIERE G, 1155 1 2 AR R
Li 58 A (2017) JE T CCA 1 VR 27 > UG AR o
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Table 1 Retrieval results of different fusion methods on different datasets

e UC-Merced RSSCN7 WHU-RS19

FrE mAP  ANMRR 4%k WfA)/s mAP  ANMRR 4%t WfA)/s  mAP  ANMRR 4%t WfAE)/s
V-M-con 0.8231 0.1511 40 0.0052 0.7388 0.2485 24 0.0003 0.9050 0.0763 36 0.001 4
V-G-con 0.8226 0.1469 40 0.0053 0.7334 0.247 6 24 0.0003 0.8990 0.0820 36 0.001 4
V-R-con 0.8270 0.1432 40 0.0053 0.6121 0.5657 24 0.0002 0.9386 0.0515 36 0.001 3
M-R-con 0.838 8 0.1341 40 0.0052 0.6423 0.5568 24 0.0002 0.940 0 0.049 5 36 0.001 4
M-G-con 0.8150 0.1550 40 0.0052 0.7647 0.213 2 24 0.0002 0.8925 0.086 6 36 0.001 3
R-G-con 0.8406 0.1321 40 0.0054 0.6250 0.5422 24 0.0002 0.9373 0.051 4 36 0.001 3
V-M-sum 0.8134 0.1579 20 0.0053 0.7344 0.2517 12 0.0001 0.9039 0.0773 18 0.001 3
V-G-sum 0.8244 0.1459 20 0.0052 0.736 0 0.2451 12 0.0001 0.9052 0.0772 18 0.001 3
V-R-sum 0.817 1 0.1515 20 0.0052 0.6002 0.5533 12 0.0002 0.9380 0.0516 18 0.001 2
M-R-sum 0.8250 0.147 6 20 0.0053 0.6279 0.5589 12 0.000 1 0.9343 0.054 4 18 0.001 2
M-G-sum 0.8108 0.158 6 20 0.0052 0.7470 0.222 1 12 0.0002 0.8995 0.0810 18 0.001 1
R-G-sum 0.8384 0.1347 20 0.0052 0.6236 0.5379 12 0.0001 0.9348 0.0523 18 0.001 2
v 0.7110 0.2507 409 0.0783 0.6643 0.2503 409 0.0286 0.8401 0.1360 409 0.0359
M 0.7000 0.2582 409 0.0787 0.6822 0.2371 409 0.0286 0.7990 0.1744 409 0.037 1
G 0.6992 0.2566 1024 0.0677 0.6652 0.2436 1024 0.0077 0.7616 0.2034 1024 0.007 3
R 0.7230 0.2386 2048 0.0719 0.3147 0.5712 2048 0.0149 0.8719 0.1086 2048 0.017 3

T LT AN B9 Fre I 2
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Fig.3 Comparison of mAP of images for different sizes on the different datasets

((a)UC-Merced; (b)RSSCN7; (c¢) WHU-RS19)
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Fig.4 Precision-recall curves for different features on the different datasets
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Table 2 Multiple feature fusion results on different datasets

UC-Merced RSSCN7 WHU-RS19
HEAE ‘ ‘ ‘
mAP ANMRR i mAP ANMRR i mAP ANMRR 4%k
V-M-G 0.8416  0.1330 60 0.7647  0.1885 36 0.9095  0.0724 54
V-M-R 0.8461  0.1290 60 0.6928  0.2179 36 0.9415  0.046 5 54
V-G-R 0.8481  0.1260 60 0.7190  0.2400 36 0.9381  0.049 1 54
M-G-R 0.8524  0.1228 60 0.7256  0.208 7 36 0.9406  0.046 7 54
V-G-R-M 0.8540  0.1231 80 0.7414  0.1920 48 0.940 1  0.0472 72

T L A RS I U4 24

PR AEREA TR, T LA G st 48 g i SR 1R

KR PERE
2.6 SHEAMFTELER

WA J7 12 R Z 78 UC-Merced ¥4 45 v ifE 47 5K
By, 4 3 J27E UC-Merced dladE b, A S5 v Hofth
TIE HO AL S At ik 2607 AR B 2 b 80% 1Y
PG T2 Bl S P R AR 1Y 20% B8 T 374l
KR AR o

1E2% 3 7, LBP (local binary pattern ) Fil
BoVW ( bag of visual words ) J& P $LFY it 1 2 HR1E
ReCNN + (Zhou 5§ ,2018) W% 245 % 1 5 kAL
kR IERE, LA b 3 Bl i — R ARG R 71k, HAt 7
TEHRR 2 R IE R 5 R A 2R SR & 5 . DCA-VGG19
(Shelhamer £ ,2017 ) $2H0 T VGG19 #9551 DFIEE 2
AR E AL B X IR IEJETT DCA Bl 5 J5 15
TR GE R . M_V_G I M_V_G_BoVW (Ge
25,2018 ) MR 2 iR Ak 5 B 2 A i) =X il

R3 TRFEMLLER

Table 3 Comparison of different methods

i ANMRR mAP
LBP 0.740 0 0.217 0
BOVW 0.538 0 0.398 0
ReCNN + 0.264 0 0.688 0
DCA-VGG19 0.304 1 0. 646 7
M_V_G 0.203 8 0.762 7
M_V_G_BoVW 0.203 1 0.763 1
V-M-con 0.151 1 0.823 1
A 0.1321 0.840 6

E O AR BB e 2 2R

ST —,M_V_G @4 T VGGM, VGG16 F
GoogleNet X i ) CNN 4§fE, M_V_G_BoVW J&4%
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