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Transfer Learning Based Mixture of Experts Classification Model for
High-Resolution Remote Sensing Scene Classification
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Abstract To tackle the low classification accuracy caused by the diversity and distribution complexity of surface
objects in small-sample datasets of remote sensing image scenes, this paper proposes a transfer learning based
mixture of experts (TLMoE) classification model. The model can achieve more accurate scene classification by
taking full advantage of the features from the convolution layer containing the local details and the fully-connected
layer containing the global information of scenes through multi-channels. First, a pre-judgment channel based on the
fully-connected layer features is established to preliminarily judge all kinds of scenes with global scene information;
then exclusive expert networks are trained for each kind of scenes via the expert channel, which can mine the key
local details contained in the convolution layer features of all categories of scenes targetedly and extract the local
features used to distinguish the subtle differences between similar scenes to complete fine-grained identification.
Finally, combined with the pre-judged weight, the model realizes the scene classification considering the global and
local differences. Experiments on small-sample datasets show that the proposed method can effectively identify

confusing scenes and achieve good classification results.
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Layer number Feature size Layer number Feature size
1 convl 2 64X 224 X224 1 64 X112X112
2 conv?2 2 128 X112X112 9 256 X 56 X56
3 conv3 4 256 X56X56 12 512X 28X 28
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250 GLDEB J7iEXT ik 2 5 IR 1 T e 0 7 5 Hd
. 2 AT, GLDFB A58 5 i B0k 43 20K 1 ik
97. 6220, HXF X JL Y 5 O BAA B 1 AE
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Fig. 5 Classification confusion matrix of TLMoE-VGG19 on UCM dataset
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Table 3 Classification accuracy comparison on the confusing classes of UCM dataset unit: %
Type Road type Building type Other
. o Lense Medium Tennis
Class Freeway  Intersection  Overpass Buildings ] ) ) }
residential residential court
GLDFB(VGG19) 100 100 95 90 95 95 90
TLMoE-VGG19 100 100 100 90 95 100 95

2) SIRI¥#ia4E . & 4 X T 2R 74 7E SIRI
B FAY 28R, Horp . RF B TR K 4028
A2 245 FE AL GE 49, 9096 s 3 T P IR Z HRAE i 37
SR ECEE 2~3 1) i BHEERAZE
60 %6 ~80 Y% 5 MR BE 2% 2 H vk (5 4~9 41) FI T4
SR B R A RRAE AR IR L A 2R B, R4 iR R
BT OL T % VGG19 Fl Resnet50 B #1145 1943 24
K EEATY A 85 % LA | s MCNNP 0 [B14% 22 R B SRR
JaiE A CNN, AR E T 3 R aCR AR 2 HIMY
B AL P AL 2 S R G T~11 AT
KAEARBARENNZR CNN FFHERH BRI 4R 5 B
RGBS TR AT 55 1B 75 oK . #E1R]
SR A TINZRES VGG19 F1 Renset50 $2HX
ViSRRIl i SVM 20 280 511 3R45 1 94, 79 %6 il
96. 25 % 14245 5, TLMOE 5760 0 B 3 — - 35 A~
[77] IO £ 38 3 7243 I TRIZ: CNN PR [R] 28 2 1)
FRIE , i TLMoE-VGG19 Fl TLMoE-Resnet50 #4432
KRS 3 97, 29% 1 97. 50%

F 4 SIRTEURAR LA » NG IE LA
Table 4 Classification accuracy comparison on the

SIRI dataset

No. Method Accuracy /%
1 RF* 49. 90
2 SIFT+BoVW*! 75.63
3 SIFT+SPMK ** 77.69+1.01
4 VGG19 (training from scratch) 86. 13
5 Resnet50 (training from scratch) 89. 26
6 MCNN 93.75+1.13
7 Pre-trained VGG19 features+SVM 94.79

8 Pre-trained Resnet50 features+SVM 96. 25
9 GLDFB" 96. 67

10 TLMoE-VGG19 97.29

11 TLMOoE-ResnetS(0 97.50

F 6 MIRE MM RE/R T TLMoE-VGG19 5 #I
Xf SIRT B4 4 & - S 0L, 12 2K 5
10 25 /9 1R 5 o B R ik &) 95% M UL b, Horp

commercial, industrial, residential %20 W% & 2% . 22
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st 2 il 1 TR 0l v i R AH # GLDFB #82 # 2 7
2.5~5 NHET R BRI T, TLMoE-VGG19 X4
B e TN HERf 2638 5 T 90 %0, AR 4 G B ik
#]97.29%.

agriculture R
commercial 0.025
harbor 0.025
i 0.975 0.025
g idleland -
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E
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g
2 overpsss
5 park 0.025 0.025
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river
water 1.000
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g £ T 2 E 3 7
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Prediction label
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Fig. 6 Classification confusion matrix of TLMoE-VGG19 on SIRI dataset

3) RSSCN7 $#54E. % 5 ¥ T RSSCN7 %«
PEEE B 2Re5 R, 57E UCM Ml SIRT #4iE 4 I
AL, RE B T B o 2R ) 79 53 250G
A, A3k 55. 43 %6, [FIAE A2 BRI 2R AR A 1 A
B EHIZRE) VGG19 Fl Resnet50 R Y 43 25k
FEmS T 80 %, R A HIZ: VGG19 M Resnet50
PRI SRR AE B 2 K B & 91, 9300 M
89.92% ., ®HE — 25 M, >R WU 2k VGG19 F
Resnet50 A TLMoE BRI 43 2K5 BEiA 2 93. 21 %
F193. 29 %0 AETRBE 24 2 I IE G 2~8 A H /i i
AR B VNGREEREA S HOARAHT 58
LR 50 %0 AR 7 BIRIE R, 7 sy
A6 J7 5 U E AR R IR ) 9090 DL b ANA
Industry PTG HLRAXT R .

F 5 RSSCNT7 Fdlnfe Ao IR B LA

Table 5 Classification accuracy comparison on the

RSSCN7 dataset

No. Method Accuracy /%
1 RF™ 55. 43
2 VGG19 (training from scratch) 82. 50
3 Resnet50 (training from scratch) 81.70
4 Deep filter bank™" 90. 04=£0. 6
5 Pre-trained VGG19 features+SVM 91.93
6 Pre-trained Resnet50 features+SVM 89.92
7 TLMoE-VGG19 93.21
8 TLMoE-Resnet50 93.29

Grass 0.05 0.005  0.005 0.005

= Field| 0.035 0.015

£ Industry 0.005 085 002 0.025 0.1
E

" Riverlake| 001 0005 0.005 0.005 0.015
2 Forest| 0.005 0.015 0.01 0.01
3 Resident 0.02 (7 0.01
Parking lot| 0.005 0005 0.05 _ 0.005 0.035 09
2 =] [3) = = =
g2 T B £ & § &
= [ a — 5 =] 0
< 5 B & B §
= 4 Q =
= 2 o=} =
W)

Prediction label

7 TLMOoE-VGG19 7E RSSCN7 ¥4 b 13 25 IR I 1
Fig. 7 Classification confusion matrix of TLMoE-VGG19
on RSSCN7 dataset
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3 ANEHEAE I TLMOoE A5 RH 35 B 11 10 41 36 3 1
LRIMIE , RIS e L 25 5 5 RT3 6 B T8
W B AR Fu () WX () BIEEIERA 58 of
SVM 43225 R G 3 41) nl R B & T
AT IR B 2K T TLMOE (45 58, 5/ 4
BT HE E S5 . B UL AT UL, A7 SR A R AR
HAERG I RE T 0 R PR AR 5 B . A3
ZF, TLMoE BiBR H IR & & K R G451 e il
A RS A AN 7] 38 1B 248 09 55 B R AN [R]
WA PRI ASRT T AR,
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Table 6 Classification accuracy comparison between TLLMoE channels

No.

Channel

Accuracy (pre-trained VGG19) /%

Accuracy (pre-trained Resnet50) /%

UCM SIRI RSSCN7 UCM SIRI RSSCN7
1 Pre-judged channel 94. 60 93.13 87.50 97. 62 96. 25 89.21
2 Expert channel 93. 81 96. 04 92. 14 96. 67 97.08 92.93
3 (Fp(s), X(s))-SVM 94. 29 94.79 91. 93 97. 14 96. 25 89. 92
4 TLMoE 98. 10 97. 29 93.21 98. 33 97.50 93. 29

TLMOoE BRY i iyl 25 CNN FRAE$2 s | 7k
B B OHIE =N . B8 X E TR A
873 K TLMOoE A4 #e 4K (Y Il 2R FE IS BT A7 55 B
batch size ¥J%JH 512, F K epoch XA 150, MK 8
] & B AN R VGG19 182 Resnet50 1E R il
Y1 CNN FEIEFE G , I 2% CNN X7 SRefik iy
PREIGH FE e, R B2k CNN RRAE 25 A XS R
T 5, T 38 AN 5GE T8 I SRR i 1
SAER A S WU ZRAE R Y B /N T 52 PR TLMoE
BEAYEAR I Y ZRAE T, X2 BT TLMOoE #2 #1l| %k
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250
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ZEIN, R VGGL9 By i 8] 22 A 83 30 s, %
Resnet50 (A} 2 A8 T 11 s, Hop VGG19 i F7=
A4 Jr R AE G W R A, [N L
5 W45 iA M TLMOoE AL/ A B , il & BR
& TLMoE AR IIZRIH A /NG I, (H X4 4R
RS BESR TSR 3 B i, H TLMOE Jr ik a4
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B TRIPERE- 55 0 A B T T 80 X 3R 0
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(b)

1 1
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o
(=]
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Fig. 8 Time consumption comparison before and after the combination of channels and pre-trained CNN in TLMoE.
(a) VGG19; (b) Resnet50
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Table 7 Classification accuracy comparison of several kinds of features

Accuracy /%
No. Feature
UCM SIRI RSSCN7
1 HOG 52.14 44,79 35.79
2 SIFT 58. 33 53. 96 54. 14
3 LBP 31.43 46. 25 56. 14
4 X (s)-VGG19 93. 33 94. 38 90. 71
5 Expert channel-VGG19 93. 81 96. 04 92.14
6 X (s)-Resnet50 95. 48 96. 46 92. 14
7 Expert channel-Resnet50 96. 67 97.08 92.93
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Fig. 9 Comparison of different features on the 3 datasets by 2-dimensional feature visualization
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