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1 2 BREBAFEHEER FWELHBWF 3500
2IMNBBIERITENMZE TR-FKR 7 M 510540
3SAT L RFIHENFEE )M 510006

M E REFIRKREHZFRNABRAALA LRGN, 83 REFIRRAHEAZRNEHER,E A REGREDHHLERR
[ &9 A A s AL R wk, sF MINIST 5 B R B E R AT A M E SRR, BABEFPORF AU BEZTOEFGELERDHEE
BA.FNRERSAXRGE R FIE @S5 E R HBO S NIRRT R A AP E TRAE BERNLEMN, FH
VBV 2 B A S it B A R UM B AR XT AL A B AT S iE Ae ) L 3T o B 6 o R 45 R AT 3 — F 547, B Sigmoid 8 #F & 2
wodk 2,8t K REARS AL Z . REKNN S ER S —FRGT o LM s E, MNISTHEE LW ZBRLERE TR
A EHR 96.2% 4k BN K &4 A % KNN(K-Nearst Neighbors) 25 445 %4 % 42 4F 2 ® % (Convolutional Neural Net-
work,CNN) #) A i 5 & 5 softmax &, %2 X X IIE/F 3] 99. 6 % a9 42 5] F

KR MK FRANK REAR LR REFI AR ZEMEL; LR

REESES TP391

Handwritten Numeral Recognition Based on Improved Sigmoid Convolutional Neural Network

FAN Ji-hui'*? , TENG Shao-Hua® and JIN Hong-Lin®
1 Graduate School, St. Paul University Philippines, Tuguegarao,Cagayan 3500, Philippines
2 School of Computer Science and Engineering, Guangzhou Institute of Science and Technology, Guangzhou 510540, China

3 School of Computer Science and Engineering, Guangdong University of Technology,Guangzhou 510006, China

Abstract Deep learning technology is widely used in the field of number recognition. It constructs neural network model through
deep learning technology.nonlinear transformation activation function in neurons.different activation functions with different pa-
rameter initialization strategies,trains MINIST handwritten data set, constructs analysis model and recognizes numbers in ima-
ges,reduce the dimension of a large amount of data into a small amount of data,and ensure the effective retention of image fea-
tures. Through the analysis of image data.adding the feature conversion process.using the gradient descent optimizer to build a
network structure and reduce the dimension of data,which can effectively avoid over fitting. Cross-entropy verification is used to
compile and train the model,and the output classification results are further analyzed. Through the K-nearest neighbor classifica-
tion algorithm, KNN classifier is set to further improve the accuracy of classification and prediction. Through MNIST data set ex-
periment, the recognition rate is about 96. 2%. The K-nearest neighbor algorithm(KNN) is introduced into the output layer,com-
bined with the full connection layer and softmax layer of traditional convolutional neural network(CNN). After cross verification,
the recognition rate is 99. 6 %.

Keywords Digital identification, K nearest neighbor algorithm.,Deep learning,Convolutional neural network.Cross entropy
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[ I B At 232l o — i I e A T

B T 5 PRI AR X ke 0 H5 A TR, b T A BR A 2
(0~9 3 10 M HF) A Bl T8 A 45 1 F 35 IE — 26 38, P )it
BCA T AR B T 5 U 55 . AR SCLL MNIST #4846k
BIHEAT AT A 58 . MINIST 0408 42 90 S i 805 ik 70, (A 2
KRR eskE s S ST EREE T 270, AU B
B4 X S SRR AE  7F S B A9 A 0 Hh s o 005 4 O i SR R
T X ECTF AT AR — S B 1 ARAT IR P B IE A O E B
A G DRIt X o A 3 A SR S s 2 P A SR m ke T 5
BERNEREENZE, A¥ERITIFLAT —FET
Zynq FEWEBEME ML T, F ] Zyng F & I FPGA i
AT AT 5 A e o o B Al 4 ) 5 o 14 3 B 0 AT ek Ak
iz 5 2 R 45 4 (High-Level Synthesis, HLS) #4745 2
VLR Ak 2 TP i i 5 S, 2 T — e T R R A
ST AR & L F 5B 0 m .

ZHI A A R 2R 4 TS B IR . R Y
il 22 1 245 2 oy G )2 0 4% 2 L 5 — 2 R 2R 2 L 3l 10 i
B LN 784 % 10=7840 MALE A WL, b T 4544 LB R 50, 9F R
B HOR BRB T S TR softmax J2 B S BERR R LA
91.2% . FATHEAT T Bicath, 760 L & S50 3T 48 8 1k U5 19 o 3R
AT LLGE ] 98. 7 %0 o I A FH 28 0 A 25 0 £ A 1 0 2% 2 3
WML . BT SOH A IS 3 2 A JR 4R R A B 2R o
B0 DR S SIGH B L 4 v U BT

R R o ST v I 1 W TP

. n
;= Dwyx;y;=f(Zwx; —0
i=1 i=1

K1 Mot
Fig. 1 Neuron structure
O B A f A PR, R 5 M
xR Ay, RN Fi L 0 FOR BE, t B K BP M 4%
S5k, N 2 TR . B R R I SR AT B 0 45 2R 5 AR 45 AR
AT VR 2243 HT , 9 G ORI T B, — 25 2518 3 i Hh R T340 2%
R—BWRia,

B » J;‘/<_Jl____% %{ﬁﬁﬁ_ﬁ%%@%ﬂﬁﬁj:
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ﬂj :Z Wy b,
Wi W Wi Wy h=l
BB b by Nk b,
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Fig. 2 BP network structure
WA 2 K T o) A 2H R AT AR O R AL O L A5 i 2 AT
B AR E SRR AL ) 2 20 8 0 2K 2 T A5 1 ) e 2 5 0 IRAR 1Y )
AL AT E PR AT S B,

2 EF CNN+KNN B &5 B

MNIST ¥4l 4k [ 36 B B Kb e 5 8RR T, I
4E (Training Set) H2€ H 250 AR A F G OE AL, Hod
50% JEE A, 50% R AN A2 )5 (the Census Bureau)
B TAE N B MR HE (Test Set) & 3 F [ £ b 41 i) F 5 %k
TR

MNIST #5445 70000 3K 0~9 9 F 5 7 KR, &
IKEMR LG 784 MR RM K —AHR%E . H# KNN 432655
T A PRk DL R AR R s A (A . KNIN 2 — B i i 2 >
L TE TN 43 2 B A 0 T A 1 A B0 A 1Y A R A
KNN 743 2% £8% #9 i 2 knn = neighbors. KNeighborsClassifier
(algorithm= ‘kd_tree” ,n_neighbors=3) knn. fit(train_data-
Set, train_hwlLabels) ,

2 AR BRI A0 T R T R B 8 ) 4% ) SCAR G A
B (CNN-AKNN) , iZ 5 838 52 5| A& T A J7 18 A fie il
AR B SR I SR SCA A SO X R I B R R
HLH 5 4 B 2 00 26 A0 45 5, S5 042 R AR AR 5 )R T R AR 1 2
B, F% 5 0 i softmax BRELHEAT SCAS 320,

Training set images: train-images-idx3-ubyte. gz(9. 9 MB,
fift FEJG 47 MB, L% 60000 4A~HEAS) 5 Training set labels: train-
labels-idx1-ubyte. gz(29 kB, f# ' J§ 60 kB, f1 & 60 000 4~ 45
%) ; Test set images: t10k-images-idx3-ubyte. gz(1. 6 MB, f#
JEJG 7. 8 MB. {45 10000 4 HEA) ; Test set labels: t10k-la-
bels-idx1-ubyte. gz(5 kB, ff [ J&§ 10kB, 43 & 10000 MMR%E) .

nge 1 g I8 SR 7 A% i R 28 R AR L L W)
A JEYE . image RS B T HERIAA KL TT 32 AT R 4 4
int, 43 5 /R magic, num (B K AE0 . rows (BME47 50D L&
cols(F) , Z R B A F R BRI AR R . labels BB 4E
AT 16 N F WP int, 430l 2 78 magic fl num ., Ji5 10 & 1~
IR BRI EFE X R images B RSB . FRATTHY B AR
SRR AR U ER P RS . S T 1 A SRR SRR
BT PR BEAT T R F AR 3, AE IR B B A B B 3 i
KNN 7328 & 4 35 A [ (89 7 4] 48 & A %o 5 M 1.3.5.7 4%
B, YNGR P T AR 48 i 2o 43 2R 45 R RS BRAG R X 1L, 15
A IEH RS,

# 1 UIGREFRZ S (train-labels-idx1-ubyte)

Table 1 Training set label file(train-labels-idx1-ubyte)

offset type value description
0000 32 bit integer 2049 Magic num
0004 32 bit integer 60000 Num of items
0008 Unsigned byte — label
XXXX Unsigned byte — label

The labels values are 0 to 9

TR 5 5 B U5 o 6 458 B 1 58 A8 DA T 5 1R B A%
398 (R, 7 I £ 3 R v R 4% A EE A i 22 1 {H . TensorFlow2 2
BETORIR RS, AUEE B9 W) A6 (8 4 A O A A A L 0 D 22 1Y
fHH 1.0,

T BT B B B R B 0 AL 25 5 20 JL A 25 3R AR,
W b AR E . ¥ tf. equal 3R 8] A% 7 2R {5 371 6 58 ] 175 36
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float {8 , 5 4 ME . B i v LAAS 8 0 ME T R . F A accu-

racy SEHE BT EAE Grid 72 b W A RO PR RE . R DA
T2 22 A T 245 J2 0 2 M e DA S 38 2 ) 45 40 WL S 22 A= 3
X, BRI R 3 PR,
AR A 030204 5
0 --------- > | 070404 . > Model ----> {0
0.30.604: 9

& 3 REAL Gl 72
Fig. 3 Model training process

FEMNBRFZRAEBETFSH 0~9 ZEME A, EHE 10

A5 X 1 Rt S A —Fp
FERNAH T — LR PR B R B B 5 R i

Softmax Regression ¥ Al LI 5E Sy & & 1) 45 4 A1 i 44
Jri 5 X B R T 5 4 D 4 R R X — A 2 B R X [ R Y BT A
R ZR—A AU, 1%%5’] JEE B R AR R ARAT AT BE 2 A
L IBAX DB EBE R K, Kz, XAERA A GEN
.

TEVIZhid AR L e Hs KO A7 % 2 4 O mist. npz (9 3C4F
T REAT A AT 5

# data=np. load(* mnist. npz’)

JE 47 TN B, Softmax Regression 43

train_images,train_labels, test_images, test_labels = data
[“x_train’],datal ‘y_train’ ],datal ‘x_test’ |,datal ‘y_test’]

T X AN B 43 BT L X A5 S A0S B R I S R X L
AL anE 4 TR .
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Fig.4 Parameter changes alter number is expanded

7 304 B 42 3 70 000 3K B8 AL A I ZR4E 60 000
LML 10000 3K, & AR 28 1925 X 28 18 %, AT LU
— BT R e F R IR B R ik B R T R — A 1 i
KSR 28X 28="784, JBFF R4l B Ia) (9 T ) 19 75 s IF A
i, N A AR R AR R 5 X IR R eT . XA
FBE SR MINIST $0HE 42 1 1 7 L2 A 784 4k 1) 4t 2% [ B
M. .78 MNIST Yl 255048 45 H . mnist. train. images J&
— AR [60000,784] M5k &, 55 — A4k 5 B IR & 5
BB AR R RS ok B h iR . 7L
K e T B — A o0 38 R R BBk B A T B R R I R
AN F 0~1 Z ), A g & A H0F 09 19 4% 45 1 0 5% 2

i3,

w2 HTMEEH

Table 2 Digital network structure
*1 T2 y
0 0.29 0.23 0.14
1 0.50 0.62 0. 64
2 0.00 0.53 0.28
3 0.21 0.53 0.33
4 0.10 0.33 0.12
5 0. 06 0.15 0.03
6 0.13 0.03 0.02
7 0.24 0.23 0.11
8 0.28 0.03 0.08
9 0. 38 0.49 —
10 0.29 0.47 —

a0 Fll s B S TR) BRUME K 78 i A )2 A
BT A LR L

» 38 3 B JE B
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T A R AN A B R R ) SR AR Y S B B L SE i R
RS — 2R3 x 3 WIE F ISR, N5 20, IR EE N
1,stride 24 2, pooling K.~} 2 % 2, 80 6 8 % it RELU; &5
TR AT BB RS AR E ST IR Ak 5 % 5,
50 Fl 20 3 Je MOSE S 2 A )2, I 10 A4 label £E 4
B, R JH Softmax pRELVE Ky 4325 3% 4t A4S label UMESE,
FRATE 1 52 e A0 % B B B ST i B L 45 3k 3
Fig

3 BRES R R R

Table 3 Influence of convolution kernel parameters on experiment
Eu ERE ERE AEHK it time result
R+t A% (channeh) R+ %«
B E—F 5 20 1 2 2 4ml13.729s 98.93%
L% %-_F 5 50 20 20 2
% E-F 3 20 1 2 2 4m20.276s 98.99%
Bt E-F 3 50 20 20 2
ok B—-F 3 20 1 2 2 4m48.579s 99.01%
i iy 3 100 20 20 2

B — KB AR -2 SR 2 ME R E R
AN HAUGRFER A, WA BRI T 0. 0600, 55 ik
BEARFFE 3 % 3 BB RN HAB AR RS AL A2 2
BREEE , TLE SRR TG S HEA T 0.08%,
U O B B KON S B TR BB H S0 85 7 A —
B, TR LR D A RIS
TR

KNN 8 5080 15 B — SRR AR 5 00 2 i PR
U B 5 i) K A FEAS, IR SRBCE AT AR 4 label 9K J5 $k
K ASFREAS th it i 2 AR 4 L 3R AR 45

B T 28 ) 45 0 —Fh 2 J2 BROAIER B2 2 P v 4
BV R 2 A7 B 2o A R AT A 24 otie S,
fRIFEITIC N C, WM T R G MR B2 . & 2« 0k il F Sk #
JZ AR AR b U g DA KT i AT S LA C
JE7RHE N SRR ] A AE B S P 28 0 SRR LI ASCRI i 58 5
Sigmoid ¥ 1% MR B S 2 MR AE WL R, B xR B
O SR AL 1 2 BEAT e B R I S R AT —)2 KNN
A3 AN 3 I N RSB 48 AT N B S R B R A K
H. FCOR—ADLIIGMEES . FH FCOEZER -4
A MEME, @ Sigmoid WK B E I — iR & bz, 15 2B
B2 Cx, BIERBEMT .

xh=f- (%@Xﬁ N PR
Horpr, M 2 ACRHAT B9 4A

B B2 4 1 R AT LA B 2 e L R R
HBRZ AR e E R 3 W WA ik H Inception
B 5% 22 Bt (Residual Block) 585 22 51, 76 % WH LA &R
FLOEBURMMALZ M ERMEMEER., SREPHER
A S ACE R ML) 2 A E AN E RS, SRZMI6e
S R AR AT REAE SR I, R A B IR A A
FERZ Y 351> JC AP B — A FR B — i 25 1 (Bias Vec-
tor) LA B — AN {5 28 I 45 19 A 48 5T (Neuron) . & FUZ N &

AP Z TTHR 5 R — )2 AL E R R X1 24t & T AR I
DX 1 RN B e T B B R K

I AR BE R B 0 I A5 B AE T A N R B T
BE i b A R K i next_batch J5 ¥, JE 7E BT A (1)
IS5 B AR B v O 25 — 3 43, I BE HIL 8 RCHE b — &8 43 DI 24 K 3
AR SR A48 bl 2 25 1 i A2 K i i B 1] 3R AR B A
AP ZE M4, X HEAY xx & E 100, Wk 2 LI AT115 5
T oxs Foys WA, os AR AKCH, S T -4
28X 28 T E EMR BRI L — DRy 748 (19— 4L 84 5 ys AH
P AR AR R 0~9 X 10 FhATREME . BRE T
FEELE R R L 1 BTR
HiE 1 B TRRRAER
Inputs:loss function &,learning rate m,dataset X,y and the
model F(0.,%)

Outputs: Optimum 6 which minimizes €

REPEAT until converge:

F=F0.0

a1 Noely,y)
0=0—n N= 08
End

i A — VN GRBE S 15 B A Y I EE B T i A5 R,
PR XA R A R IE B RTINS . T2 A2 L
loss BRI, B2 1Al 24 HT R Y 47 IR 0 48 BR 2 — 76 52 58 Th Al 2
TIFEM cross_entropy N 1 1E WAk, 33 BAE AL 2 O T sk A it
4 . Wit GradientDescentOptimizer B6%CEME1L .

FATTRE SL—A> loss bR il 3445 2 XF ] 85 1% 43 28K 2
loss M/ BERDBOR B . 3 B SR 28 U = 451 2% ok %5/ H AR o
e 22 SO A A e A S5 40 A 22 () Y 22 S 20 T R A AR R 4
A 22 ] F) B85 TR ABE 29 0 7 7B 2 30 3 Al R e AR R A 70N
TR 228 SRR AL 23 B /I o 28 TR /0N o ol 0 A 3 iy o R
IEIER RS R . 32U RIK N

Hy'(y):*gy,'log(y,)
Hor, y SEFRATTBOM A MRS R SBR I S0 AT . e H R
BENLEE B T REIL KB KIS R 0.5 4TI ZR, 7E I R AL
I LA ARLVIE BRI 2R 1000 W, 1 W BE AL A I 5 42 b $22 B 100
SRS, LU AR W S B o T8 o ) T S B R A T AR R 7 AH
(R R VA A A, I 1S3 v %, WA 3B , 20 S RS W

S IR B D Python3. 8+ TensorFlow?2 , windows64
REIERS.

P4 o 2% 1 S B R T

model=t{. keras. models. Sequential ()

model. add(tf. keras. layers. Flatten (input_shape = (28,
28)))

model. add(tf. keras. layers. Dense (128, activation= *re-
lu’ )

model. add(tf. keras. layers. Dense (10, activation="soft-
max’))

model. compile(optimizer = ‘adam’, loss = ‘ sparse_cate-

gorical_crossentropy’ s metrics = [ ‘accuracy”’])
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IR R S B AT
# model. fit (train _ images, train _ labels, verbose = 2,

epochs=5)
3 EHRERXMLLEHHT

FIHATH 1E, AMTE S 76 F 5 507 R0 5 R i BUs 718
U9 WL RE » TensorFlow?2 1 R Bt FF IR ML 2= T F & A S
RYGAHRN LR 58 3 A & & Fh T HAPE AT LB B 58 N B
S BEK S ML 2 2T R IR AIE 5T L R A K 28 R S A% 0
N . R AR 1 TE 5 BUEG  BY JR ERRAE S 58 2
AL 2 R KRR RS B & (B4 5 = )2 . &ER)E MR
B2 R B DR  KNN -+ CNN 22 SUBIE K iR 51

T B AR AR A 5 R .

(D8 LFE A, BP0 48 1 10 4% 3G B 09 1158

(278 X loss. Y@ AL as , 048 @ A 2 Ui Ak loss,

) EACH X HHE AT ISR, R BD 4 28N
D PSR 2) T 2% oA R 3) 38 1k B % eR BT SRR B
4) 38 3o 7 B TR AU

WO gs R A KNN 43288, 8 i 52 50 19 1 & i
AR,

G AEM IR s IE AR Lo HE S AT P70

R

EXFENR 1% loss >

s

WAk B
¥ #A
M
¥
AR
EH R
l B th 45

v
WK 5 56 IE %R

5 Bk R AR A O R R
Fig. 5 Overall architecture of algorithm

F4 PN T ARG KR R U 5 7k TE 5 2R Y 5

Table 4 Comparison of recognition rates with different K

K value 1 3 5 7
Correct rate 0.962 0.976 0.996 0. 980

5WMR LR ORI LA R R (R O R
I KNN 553k Z 67, 43 28 ki % R 0. 962, AH X E AR A
KNN 73288 J5 70 88U $E T . a5 8] 0. 976, 48 K=5 W43 255%
AR, 5] 0. 996, i 7E MNIST 3048 45 b % S5 %F 1k &
BRI R TE 96, 2% AT, FTERR R DI A K I iE AR5k
(KNN) &5 & 1% 5046 B 26 W 2 (CNND 19 &% $2 )2 5 softmax
JZ 258 LI E F] 99. 6 26 A9,

5 YR GAT LR 5 BT 00 5 0 U R kAT %
Lo, &5 A 6 s .

USRS

BVGG-16 ® LeNet-5+CNN O KNN+CNN

6 I [ B AL R (0 L
Fig. 6 Comparison of recognition rates of different algorithms

AR 3CiE TR 3T KNN-+CNN AT 5 505 30 50 5 vk 1930
B 99. 6 %4, 1 3 T Bk 2 5 BUM 28 W 45 19 F 5 507 LA
F PR R 99. 2265 B F B VGG-16 AN Z 01357 (9
FEHF Rk R BN 99. 36 %657,

AR, NG RRM B T KB M LR R F S TR0
A AR 205 A58 70 (19 2R R TG 12 A 1 300 2 30 38 AN B ) T AR A 45 ol )
B, SRR AR 3D I8 A2 A BE T R 2 L T UM 451 2k
AR AT R A A T I 4% B Bl R DT S i 8 O 2 ) T X
N 25 3 FEAUAE, BT I S A IS 22 R 2 e S8 X T 48 00 2 A
FRRAR A ot A R 40 A R T RS A IR S
RN 4 (A R BUE S 0 Bk 1, ZE Bk SIS BUAT  bR
Boomad S MBS R B R A TR, B EIRET
FE TR B 20 ) 45 A 1 T 5 R R A i AR BLER A Bh
2 SRRAETS 38 2 Bk A R EIOR 42 5 U R,

7] IRt A 2 ARG o 25 I 0% 4 1 ok ek B R R ot
ST RO L RS AT DA S RN A RS R R AL R
SR S 6% RIS S5 5 0 R AT B TR A R 35 B 90 26 LU
LRI R, Zeng E X AN R KT (1 F 5 U o o % i
AT ST AR Bk W T 5 B 2 R 2 5 A S g S g AR 45 4 L 1
TR A G DA R 42 80 8 TR S A g 1Y &
-

Xt 5 BT A 2 I 2% A R — it b 3 A [T 0 A R Y o
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