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Focus Evaluation Method with Independent of Image Content

XIA Xiaohua, CHAI Yulin, YUE Pengju., YANG Zhi, QIN Xufang

(Key Laboratory of Road Construction Technology and Equipment of MOE, Chang”’an University, Xi’an 710000, China)

Abstract: In response to the challenge where current focus evaluation methods struggle to
accurately assess image focus amidst fluctuations in image scene content, a focus evaluation
method, fully equivalent to Gaussian blur standard deviation, is introduced based on the
“classification + fitting” concept. Firstly, a dataset for image focus classification, annotated
with finite Gaussian blur standard deviations, is established. Subsequently, an asymmetric kernel
convolution neural network ( AKC-net) is developed to derive image Gaussian blur standard
deviation classification scores. Finally, a cubic spline interpolation function is applied to fit the
classification score of the AKC-net fully connected layer output and the corresponding Gaussian
blur standard deviation, using the standard deviation linked to the maximum score as the focus
evaluation for the images. Simulation experiments and real shooting experiment are carried out on
the Waterloo dataset and real shooting images respectively. The experimental findings indicate
that the proposed method achieves an average classification accuracy of up to 97.7% across
various focus images. The root mean square error and mean absolute error between the obtained

evaluation results and the true Gaussian blur standard deviation values are less than 0. 07.
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Furthermore, the focus measurement values derived from real shooting images are independent of

the image content, enabling the absolute evaluation of the image focus.

Keywords: degree of focus evaluation; Gaussian blur standard deviation; asymmetric kernel

convolution neural network; cubic spline interpolation

REBEITM HIREASRE  ZRERG
G CRAEIE SR E 5 A U R T,
RED 2 T RS . — A HAE 0 AR VRN Oy ik
o7l 2 AN T MR N A BT R R M R R T
TR O R XU AR R Y S SR [ N
AR S SCHRHRGE T 42 5 B e v TR SRR Rkt
B AR X UR™ B B B k. EE. Lid
J5 3 % R N 25 A AR 5 1 AP L Y B N A K
AR B, AS R IE B VT SR AR R

H Ol R O A — B E X R N 25 0 6 1Y 3 4
FEBEVEAN J5 S 00F 58 (B AR X 42 /0 . Bahrami 2557 )
FHT SCres 397 4 A 6 B 25 8% AR A i AT S 80
b o B OB o 25 RPN 25 2 B0 A R AIE o R 3 AR AT
HEAT AU 43 e 759 3] 55 UG 9 25 T 06 1 SR A A B T
J7i5 . Zhan S5V i X AR KRR BE RUBE BE B4 AT AR
X A B R AR S R AT AL LA S 35 2R AN AN [F]
BRI 25 1 SR A R 8, L v i KB B 3R 7 RS 1 2R
FEA BB 0 R AR M SRR BN 2 B S Ak SR T %
Ok HRE TS RS 0 R A, LW BT BRI AT
SrYCAb B, Liu SEU 4R R S 0 A I R TA AR
B UG A 100 2% 96 B L 8 57 B B L R 3l a5 B R
FIMBGR FAF B R UG N A R ERE . RiRJr
FAETEMN B G B E L2 A0 32 BURAE A9 5
Mt PR P R B, L R T — R T
T SCRRAE A 1) 3R A5 2 BE O 0 Jr o R #0125 1)
3 2836 FEURH 2 I 2% K L TR [ A ) o 25 R R
P IO B T8 SCRAE 38 3 £ 8 (] U A5 78 0 17 10045 P
M BRI AR, XA ) P 25 19 AR A 35 4 1 T
rasc R . BRI 3207 5 02 ik F 32 0L VT A i o 4 7 [
G R FERRIE X T JC I 5L 3R AT 2 WL PE A 8 1 5K
Brr1 B A5, 3 2k 5 A8 DN 32 O AN R A P14 1
AR, O S X AN [R] [R5 P 25 3R AR R B 1 4
XA s FLIZ 0736 FH 10 36 BRI 28 I 246 vh 46 FRL &5 )
Ay 38 1 5 A6 U B BURMGRAIE (1 iR ) e 55 2k
A I 1 St R A 2 I 4% 1 28 0 L
R AR . = TR B R B 6 AR - b 400 10 15 8 R sk
BN T RAEBRE R EIR, A N RERE
VA J7 9 O T B I G vy B RO 1

BE X A AR B VR 5 VR AR AE Y LR R]

zkxb. xjtu. edu. cn

% 8 B A AU 22 0 245 n] R A5 ) 2R A DX IR £
DCIRET A SCHR T — i AR X B B A U 28 I 4%
(AKC-net) 55048 005 A 25 & 19 5 B 18 B IE 7
5 o T LA v RO b v 22 A O SR AR AR I A
B AT LS BUAS ] 37 5 P 0 T4 2R 4 e B8 ) 4 %f
A H AKC-net AR X B8 B 1 0 T 4L
TR PRTAR )RR AIE B2 HCRE T 75 AN 38 I o 530 B B iy 42
R G A 2 HE R R L 22 M) AR HEY 45
H SRS 80 8 S B AU T S IO R 0 SR 4R
FEJE L SCY 0 IE 1 A SCT7 vk B AT RO A B

1 Bk

5 183 1R AR BE A DL R B AR AR ST D
e TSR A o 22 4 O LR SR SRR B VR bR 1L
JeHE N LA PR e RO bR o 22 R b i RS R AR R
JE o R L AR 5 AR T T T 4 PR AR v ST A5 R A
WE22 43250 B0 AKConet, 2 J5 % F = IR BE 4 1 1
PREC LG AKC-net 4 3% 3 2 i th 09 20 28 0 B DL K
Xof IO ) v BT AR A 1 25 5 DA e K 43 ORI 1) s o 22
YE R EG R RERE TN SR . REBRE AN 7L
MEWE 1 FrR.
1.1 ERREERESLEHES

A A A T ] A5 5 AR I T KT 7 7 s B AR s
ME2ZETEE (04000 BIR SRSE TR BT 20 B8 2
FAN 532 n A2 50 W00 g A 288 5310 %68 10 Fr) v 57 A5 B8 A
A N Omax 20max (1 — 2)0max
M e 0, Zo Do . (12

4 1) 3R AR P AR S 4 o 10 R R TR R AR U ot

=N Y —aE > max 2 max - 2 max
7 BB b 2 g O Do L, (1 200

n—1"n—1"
O H PG ARASEMT DL o 0 AS0R o o 22 4 Dy 0 S 26
X GBI HEA T FRiC 5% A5 AR 04 vy S0 B0 R A o 22
N 0, L R SR AETR HE 7 R 4
K Hh 4R 10 T BRI AR 1 22 Y BT L0 0, | FIOT2E
B n KR P e 2 R AR L AR RS B2, 73 26
e ST ASTR b v 2 11 i) B RSP 2 A T 3R 25 E N il 2
D Y /NN

G o B

n—1

O max

n*l:#E D
R, AR 5~10.




118 (LA - S Y NI S SO 4 559 4%
AT PG SR AR R 4 Bl 4R n A EUGSFERERE o L o B
o S BRI b A 25 38 K PRI
—> L
i | o]
= el
(BB | B By, AMY, A,
I " v
RIS TR 5 25 48 AKC-net SRR A
4
A—p —>...
&l
%
& Wk fg Softmax
BOE E B R
E EE = 04 08 12 16 20
= bRtk %
i | R |
A el CIZRFIAKC-net 15 PR B Al 2
H W b i Softmax
BOE b P N N S
E B E = 10003 08 12 16 20
> b 22
B REREITN T ERER

Fig. 1 Flow chart of focus degree evaluation method

1.2 REBEESEME

AN TR] 1) 26 BB 28 I 45 &5 ) % TR 43 25 5 T AR
Ko N TEESEMERF, A SCETHT AKC-net
R, HZERMME 2 s, SR HAE 6 S5
Bt , BN BRI IEX RS U . Rule #
5 2 A KAk )2 3 5. AEXT PR R A 3 A4~
FEATIRSF 33X 3,1 X3 Fll 3 X1 HARARE: 3 X3 07

224X224,32 112X112,64 56X56,128

=2A
W

28X28,128 14X

4!
4
|
|

|
|
| |
NEE | ey |
nixa | BRI B s | 2502

Ruletinfz | 4m vz

ol

TR, Hon B IR E 3 Frs . B W4 45 4 5 1
WU TH 25 10 3 435 B K i w8 1 ) 265 ) %
TIE (4 4 BUBE 7, 97 I 4% 38 3 %t T A7 19 3 4 4 U 45
RIATAG AR AE S RS U R & . B
Bt W R SE R 3 X3, 58 1 A B T b % B
Bk 32, BRUG AR 32 NRSEN 224 X224 B %F
fiE Al

14,256 7X7,512

[5,1] [5,1]

o

LIRTEREN

| EESAA
I Softmax /z

R

K2 AKC-net B8 25 4
Fig. 2 Structure of AKC-net model

FEARXT PR B 2 )5 18 3 Rule 5 JZ B
JCH R — 2 D8 e R MR )Z L X Al X AR A BB A i
AR I T3 e R A BB IR R T 2 X2, 28
KN 2. sARMALTE R AT 2R AR I 20 B/ Ak

zkxb. xjtu. edu. cn

PR K/ IN I B T0 AR 1 25 Tl 8. b Ak 5 75 31 32 4
R 112 X112 R AR, B A R &t i s — 4
BRURTTE R 512 MRS 7X 7 B RAEELL
512 A HEAF B HE AT 42 3% 42358 5045 B — 2 FRAE 1) i




51

Hipete , 55 . SRR A A TL R R BRI 7 ik 119

3%3 3%1 1X3
%*’W LM ff? LM ff?
3x3

B3 X Fic AR e 4 4 4]

Fig. 3 Structure of asymmetrical convolution block

F, . f# / Softmax P
(5,17 /0
I RE A

1t AKC-net BB Zhad 7 vb o R F G 1] 4% 7% 0
S AL RE A B Be ks B S EO L s Ao, 7
T 1) A% 1 b3 Uk A R B9 R AR A B AR 4 s B R
SRR, RAWMARNREMEITS T
— 2GBTS . [, 51 AR L R 2
A S i R R A — R4 Bl 2 ot S 0L b R 2
B AR R . A5 2 T B Kt Ak 2 B 1 ] A%
i E ST Sl )

PREON F, BEATIZ L R EIR/NA
LR F,  F, Fon BRI 8 T35 R %

X, = f(DO)X, K, +b) (2)
i=1

W, = f(Bidown(X;) +q;) (3
Aorbe X BB A ARHIE R 5 K 378 X5 Bz 1 45 F1
B, s 5 A R E A i B 1R ¢ O AR
AEETHAEC £ O 9 Rule BTG BRE B; Al 7051w
At AR P A 3 1 O 5 I D ' 5 down O Ol
TREE AL
F 1) A 3 B2 0k 00 2% 2 50k A7 BB L AL d
1 R AR WK I A SR RE L . M 28 S50 BB
i Ao, IR R

A JL JdL 9z,
= Noq T 1%, 9a,

e RN a2 2T G L R AR PR = RS2 R L
At sa: HE IS
1.3 REREMSITHE

o3 J& W 25 A RE AT 2 G AT BR 1% s BICR AR
TSR EAR i S R AR R R A I L AR B ST AE bR
IR ARG A bR = MR AR A (1 L 1 B R
TEAT PRI AR B A 1 70 288 50 B Al B0 PR 52 B
RERE, WAEKEL0 00, ] E4HE AW H.0 =

4

zkxb. xjtu. edu. cn

c 20
IO < Il — max < x2 — max
n— n—

max ?

B fx) = vy NEE %F%EHE’J%%%%I PR
BFG) ETXE L2 a0 ] BRI 3 Y250
K F@) BB FERAEL0v0m ] EZE F(x) = yi»
MR F o Xy, e SR80 5 o 22 347 806 0t
AL A B 2 B8 A T IO 1 R AR A o 2%, LA EAR
h BRI R AR PN 45 2R

2 SRR

2.1 XKIFE

AHFFEAE AL BE RS M Intel (R) Core (TM)i7-9750H
CPU.MFEH 8 GB. i NVIDIA GeForce GTX1650
0 = ) 7 I A 1 K = R s 28 2
Pl 5% v 307 W) A o 22 1 AL PR G SR T L S
I T £ 7 1 00 A ACTE B 4R R SE A S g i —
Ao K 12 T 6 S B A B TR AR Y SR AR R B DR AN

7 B8 2Rk 4 B EE G /Y Waterloo U
SRR A TR A Bt L 6 L S B0 R R R I LIVE
s A TID2008 s 417 iy R AR ER . X
3B T I A B HEAT R AR B BB R R
BEE N 224 X224, M Waterloo B 5 bt HL 2k £
1000 5K R HEAT m T B AR M 22 0. 5.1, 0.1 5,
2.0 MBS AR A0 38, 15 3] 1 B RR B ) £ 1) 1] 25 46 R
BFEEE B IR AL AL FE S 19 Waterloo BUHE 45 7 55
P& 500 5K FR AT = ORI AR 1 22 43 3180, 1.,0. 2,
e 109 A 2.0 Y B AR AL B B AE . B 4 R 1
H 3R Waterloo a5 v 43 Ik 2 A S 1], A3 37

JE R 0=0.5 0=1.0 o=1.5 0=2.0

Pl 4 Waterloo ¥4I 48 rh 3 43 < BE AL J5L &1 55 4H 17 5 &
Jb 35 Y BB
Fig. 4 Partial images and corresponding defocus images

in Waterloo dataset




120 W % oz M

PN

R0 It P HE AT e 3 ARORA A o 22 43 3 S 0.5, 1. 0,
1.5.2.0 BB R AL B1 S (9 R . 25 52 56 70 31 %o 44
R 3 2 IO 2R R v SR T B B UG T R A
R A B AR TR VT O 5 09 U0 B DL e ) S B
B AR EMR A R AT R AIE
2.2 SEMKMLMEIRIELE

R T R EAR SO A Y AKConet #5275 7E R
KGR 2R RE b A DB R AKConet BB 532
M B AlexNet™™ | VGGNet-161 | GoogLeNet™? |
ResNet50Y | SqueezeNet 2! | MobileNet V22! £ ¥ 2%
BRI SE#E 19 ACNet™ | Swin- T | ConvNeXt*"! 4§
WO 28 A FEAT R LG . v, 4% 0 2% 1 Bl ) R 1k i
BN 0.9, SRR A B HEAT 3 iR BE LA BE T B AL AL
WA S RUEE N 0,005, B R IINZR 2% AR 1 B/
ki E ol 32, I RAe B 40 #&. R 1 ER T4 M
ZRAEDNEE b - 24 o Al S A4 2R AL, ] DL B
b o0 2% e XA T R SF- 28 TE R R B s O 92, 404, T
AKC-net {9 HERG AR ATI5 97, 706 HCH A R 45 i
R R m 5.3 AN A3 HABURAE SN 73 8L
RARE R ERT. I, AKC-net 768528 BIR 7 2
PEBE J5 T T H At R 2%
K1 BMBAA KR L6 P2 A R fe R AR
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