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A Convolutional Neural Network Based on Mobile Application for
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Abstract It is very difficult to identify the image of buildings in natural scenes due to the presence of background noise in
natural scenes and the interference of complex factors such as illumination, rotation, and shooting angle. Aiming at the
dependence of traditional building extraction methods on human design and the improvement of building edge feature
extraction algorithm,the paper uses a convolutional neural network based on the image recognition technology to classify
landmark buildings in natural scenes and the realistic demand to transplant CNN models to mobile terminals for fast identi-
fication of complex scenes,obtains bottleneck layer of MobileNet through Keras,and adds a new classifier for transfer learn-
ing. A large number of data augmentation and test set augmentation are applied to the input image. After three versions of
transfer learning,the accuracy of 98.2% ,95.6% and 97.2% are achieved within 480 iterations in three test set. Compared
with other feature extraction algorithms,CNN has the advantages of non-transformation and automatic extraction of features,
and achieves a higher accuracy in a shorter period of time. At the same time , MobileNet weight only occupies 15.3 MB with
high precision and less calculation,which can be widely transplanted to mobile devices. The system based on model trans-
plantation has the functions of photo recognition, photo album recognition, menu display, etc. Which provides a mobile plat-
form users with a convenient and simple tool to quickly and accurately obtain the information of buildings in natural scenes.

Key words : transfer learning, deep learning, convolutional neural network ,mobile system transplantation
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FEHC BN Qin SV AEERIE I T R T/ N RS A B S U ik, T SLIRUE I T %0 A T AT Al
A5 {6l 9 B0 ) S SR ARG I 5 A X v 43 R TR R S B A SR I, 3R B Tl 95% BRI .
e it [ R e RS AY F BRI BN, Liying 25006 I TR E A 3D BHYRIN L ISPRS
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BN AR AL AR A TSR], 253 T 88.9% 1 ERf 3.
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W25 k)7 I B SR SR B AR . R A AR TR AR SRR A e 4 S R L, 3R
2T SRR f 0 S R i LA B 1 4 R SRR T O Bt s AR B i R 2 1 ) AL R
FAE BT T LI B R R B4 AR IR TIZ 0 ik A k. e g SR AR AE 25 45 T Sobel
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O PER A AL TR IR G il R FE B 2 M 2% SEPL T 93.84% MY T-HR B AER K. Zhao 211
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Fig. 1 The architecture of MobileNet:standard convolution filters
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IO B R AR R EE I ) b AT INASCR AN AT B0 (4 AR A 1] 2, 70 K 4 o 03 6 i [R) I 3R 3 1
A BRI YRR, A MobileNet £815 | AT WA S50 08 B R AL o FNAr HERIREL B, Ta BE e E o 1)
BUETEEIZE[0, 1] 2Z 18], 3 5 BUE A 1.0,0.75,0.5,0.25 45, Fom i BRIZ L 51 4 ok 46 4 190 2% 1) 3 3 250
1.0 MRS G5 i 1 AR A0 I AR AR, 73 B e B B RT LA SO A TRT ) i A RS, DL i g A RO A
128,192,224 45, A SO FHAE B4 FE £ =9 1.0 MobileNet—224 #57.
1.2 #HEIEsT

it Keras HEZLRAT MobileNet HORETZ , b5 i A BN Tx7 DK 1 i BE AL i 25
R Ix1x1 024, JBFF (Flatten ) Ji A5 F—A~ 1 024 25 55 19 43 82)2 , T dropout ™ SR 1Ei RIS, H
TIPSR BE | P 512 45 U A E 2T R AR [F 2401 dropout, 51 1 relu /4305 BR
B, B A 26 DR RIZE R XTSRRI 6 softmax VT R AL SEMALERE T4
HAEZ T AR R T A R S0 22 0 ()L 2 0] AR RS Bl i SE 43 28 (R R O S By
A i FRAE MobileNet 2SR FASMINA T — 222 I T dropout, X/ MEAR VI F
AT LIS b 4 5 2 >) AR I DRSS AL SSGH B PR dropout LA A8 b 22 i 1 /INEEAS - B 9 1o
JEALE IR, Ve A e 45 2 405 U BCh 512 275 I S E iR RN UER A8 — N eh . BV ST AR AT
1. def mobilenet_model () :
2 mobile = MobileNet (include_top =False , weights = ‘ imagenet’ ,input_shape =[ 224,224 ,3])
3 last = mobile.output
4. x = AveragePooling2D ( (7,7) ,strides=(1,1) ,padding= ‘ valid”’ ) (last)
5. x=Flatten( ) (x)
6 x =Dropout(0.5) (x)
7 x=Dense (512, activation= ‘relu’ ) (x)
8 x=Dropout(0.5) (x)
9 x=Dense (26, activation = ‘ softmax”’ ) (x)

10. model = Model (inputs =mobile.input, outputs =x )

11.  return model
1.3 EBZFINEHAT
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Fig. 2 MobileNet process in transfer learning
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ARCHHT Keras 14 ImageDataGenerator 11 fit_generator #1717 153855 A B, EAK ImageDataGenerator
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1. train_datagen = ImageDataGenerator(

width_shift_range=0.2,
height_shift_range=0.2,
zoom_range =0.3,
rescale=1./255,

fill_mode = ‘ nearest’ ,

N s e

horizontal _flip="True,

8. )

T ImageDataGenerator HOXTYIZREEM 1 40 A0 B . BEHLZK - #5058 22 Ry 0.2, BEAIL % B 0w 3% 1 B2
0.2, FEHLAG IR 0.3, FF b AT K- BHEL. S5 AMEITA - R iR R EIH — A2 [0,1] Z 18] (rescale = 1./
255) , AT LAA 0 gt e B i A R 5720 (back propagation , BP 303 ) H B G 1 ) BB, 3600 T 2% 2 S
PR UG A3 A v LA AR T 4 by SR 4 SRy e UL A . Fh T2 1 81 S o b ) e S FON AR D A AE A8 5T 7Y
0L, BT AT ARR 3 H B B R oK.

AT ImageDataGenerator H1AY flow_from _directory () J5 72 M SCHF B4R A A0 5 K0 | SR FH £
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(d)
B3 ErEiEMETERES 4 BRBES TR E S
Fig. 3 Images before and after Gaussian blur Fig. 4 Display images captured in the video
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(2) processBitmap pREL K5 FHUHL AT R A1 bitmap 40 E RT ARG JFUR S 546 fa R
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(3) normalizeBitmap : H5 #fE fL 38 1E , 445 A B4R bitmap MR R EH B IX ][0, 1] S EN, th T
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val_acc fRFIEAFAEMERNZR. WEIH AT LUE ), i FRS5 0 2% )2 B 2 HAG AR5 I RRAF SR ERRE 7, Bir LAZE Al
50 YaEACH Pk pR A s R D i — 2P UL T RS A ) Y .



B RIVE R =4 ( TR R 219 55 3 (2019 4F)

EM%E§ RANEEXS RAMEE {
i ) !

BB sromn
| B manm
ﬂ" = stmsmasono
\ LEQ a e
il REE
.. EB su

i v

._-TL NSRBI

° g REESAE

i 7 O 0 swmess
(a) Iﬁﬁ (b) FEHARYLEAIMIIRE (o) JE/RSEHINRE, BFEN (D) l”zh*”ﬁai@ﬁ%):
SR R R TR0 45 2R PRI — s R AR R KIE DUB A K
5 BIERET
Fig. 5 Mobile display

Loss on training and validation data _ Accuracy on training and validation data

40F 1.0

351

30t 0.8 train_acc val_acc

25 % 0.6 H
2 s
S 2.0 §

1.5 < 04

LOF train_loss val_loss 0.2

05F

~ — 4 | 1 1 1 1 |
0 50 100 150 200 250 0 50 100 150 200 250
LY AU
(a) B UEAE R pRAL (b) B uELE iR R

6 TRFEINGHETE—
Fig. 6 Training process in transfer learning version 1
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Table 1 Training details in different transfer learning

LAY R/ % Al (W) 2] R
TR — 240 90.9 Adam 0.000 1
EE = 120 95.0 SGD+Momentum 0.010 0
EB ] = 120 97.2 SGD+Momentum 0.010 0

2 T IR T 3 MRS B RERR AR, W] LA TGS T O RO R ad JE A s 1o
AR 4 F 3 e T )35 B 50 SR A AT R B e T R A 4 vl 3 Bl 3 S A% 27 > A [ R JBE 19 E A T
AR BTV UL AR B B i & R SRR I AR ER mT LIk B AR A HER .
®2 ITHREBEIINGER

Table 2 Three versions of traning result on three test set

LR~ — (NI TR (M4 =R ) TR = (AR 4 PR )

TH AR 4 92.1% 98.2% 98.2%
TR S 85.1% 92.1% 95.6%
RO RIS & WA IR 1R 90.9% 95.0% 97.2%

N T RBL R R RS, A SO IR T —[RTIT 9~ 11 J2 A9 R A AR U TIFE 9~ 11 )21
WZEALTE , S 1 S G 1 R B HG A PR3 B T, S B Bl 25 vb i 0 2R AR AR X 5 BT, AT I Hh )= M 45 A
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. AR 3 FR. AT LA H— Rk 2 2 RT LA 8 £ A A i) M B2, TR AT I o )23 I 248 3
FTUIGRIN 2 BN AS i 22 [E] R AP, Fhy T Hp 2 R 28 S8 Y 38 R A2 R A et i e J 2 R A T 28 0, TR
TR DI I S BRI B AT T .
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Table 3 Verification of the coupling of the middle layer network
TR AE ST BE = % (LRI 9~ 11 12) TR BB =/ % (RN 9~ 11 |2)
B R & PUTHEURE R 95.9 95.6

R YR Z AL IR /N A% Bl s R SR A S R, AR SCIE R VGG16, GoogleNetV3 R 28 BILASE AU A= Ay Xof
Lo, IR ARAHSE AL B2 J5 AR [R] B8 3 26 4% (DL 1.2 RS Sr) , 3 Ao I AR 280 28 5 A ) 1Y
240 YGEAUE W L HERR A ALK/ SHE  App JA ZIIEIR  App TRINEEIR 5 WHEHR (AR 4 FiR). AR
BNl or254s , B AT iR R 24 ST B BE— A0 I k. W] L4 2R 8898 2 VGGNet , GoogleNetV3 B3 F T
MobileNet , A5 | T #E4 T /INEEAS St fsf [ (0 W B 2 > | IR B 3RA5 T 46 oo PO B 238 I M 2R 119 22 S ] LU
RZTHARBCA MobileNet JRETZARAT 1 5/ 1S Ei0 | 7 50 B[] P WO SSGH 2 Jre b, A A2 78 dnd SR 7 2 o
ZUGE A REIR B AT WA HERR 2. BIRL A /NS4 RS 2w App AU AEIR SCEARSS SR 1s+HYFF A
FEIR DA K 1.5+ A4 T A2 38 TG 72 15 JE % ol ity () R I 5 K, 117 MobileNet 35T HARIR I 25 4084, 1)/ IV
THA A5 IR R, TR 1 PR R 9 D e

R4 BN AR

Table 4 Mobile identification of model comparisons

WEWIR /% Keras 5% 2 /]\/MB SRR /107 App FFJR HER /s App T AER /s
MobileNet 92.1 19.5 2] 376 270.8 2]0.2
VGG16 80.7 62.2 21 499 271.2 1.5
GoogleNetV3 64.9 100.3 22 286 2118 251.8

5 #hik

AT B BZ RS, (U T I PG ARG SRR AT T 3 DB B iE 2 2 I 4
H TR o) i R AR, AP A AR 5 v ) MR SR S BSR4 B Bl 2 1) %K
axf Ll 2 T — RS 2 > T 3 IR 1 2 A R O P AR o) i R A BB e
AR A 2R 2y S B (8 iy A PR DU R G, AR G SRR XS A AR SR S 4326, 7E 480 UKIE XY
BT, I3 T 3 AR 98.29% .95.6% .97.2% HI LA, R AU (XA 15.3 MB, HA 4545w iRt
2R 4 T o SO AR AR T A R PR A 2 R R
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