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Abstract: In this paper, we propose a new deep network model. Our proposed model consists zero-mean
normalized cross correlation which is widely used in the field of template matching as basic elements and it is
a multi-layered combination of those. We show that our method performs equally or better than conventional
methods in accuracy comparison for image classification tasks using known image datasets. Moreover, in
accuracy verification assuming that the brightness of input images vary, we show that our method is more
robust than conventional methods for the variation.
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3.3 ZNCC Networks
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1 ZNCC Net OIEARRERZEF
Fig. 1 Basic components of ZNCC Net. (a) ZNCC block con-
sists of ZNCC layer and ReLU. (b) Concept diagram
of ZNCC block. ZNCC layer calculates similarity with

stored patterns then ReLU clips negative similarity val-

RelU

ues to zero.

ZNGC Block
ZNCC Block
ZNGC Block
Glohal Average
Poaling
ZNCC FC

X2 77 A58 ZNCC Net O HARER
Fig. 2 Typical architecture of ZNCC Net for classification. It
consists plural ZNCC blocks followed by global average
pooling and ZNCC full connect layer. We use pair of
ReLU and Weighted Mean Squared Error (WMSE) in-
stead of pair of softmax and categorical cross entropy
widely used in CNNs.
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Fig. 3 ZNCC with Standard Deviation and Mean (SD/M)

channels. Though ZNCC discards some information

during centering and normalization, SD/M channels

compensates similar information.
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Fig. 4 Block diagram of ZNCC ResBlock. ZNCC ResBlock is
a combination of pre-activated ZNCC blocks and SD/M
channels. “Nop or Conv” means convolution when spa-
tial and/or channel size changes in the block, otherwise

it means identity mapping.
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® 1 EBLTREORBILE
Table 1 Feature comparison of normalization method. Only
ZNCC performs centering on both training and test.
This feature makes ZNCC Net robust against lumi-

nance variation.
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Conv+Bias - — - - - o -
BN [8] o = (@) - o O (@)
WN [9] - = @) - o o -
WN+mean only BN[9] O - (@] - O (@] (@]
NCC (CN) [10] — — O ] — — -
INCC O O O O - - —
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FEEBI - SRS L7002, (1) Fusl - IEBAE, (2)
A UHHIE - N T A, (3) Ny FHEEE @ 3 MICEE
H¥s (F1).

(1) #iME - EEAR1E

B R RE T AL E 2V L B BRET A IER,
FNENFEBEEDORLT) A, T A NRIZOAT ) DOTEIC
Lo THEL L, ZINCC 1 ZFEHKE & 7 A MEEOW )7 Tl
CIEHALEAT) . FRICT A PO HUMBIZMRO FPITIE A
W TTH 0, MRS A SRR S LS.
(2) 71 HIE - N1 T7XME

b - EHAEER AT o 7212107 A VHHIER N A T AINE
%479 2 &T, HOMERIEBL & v ) BT X S IR & AR
FTHREFRATNS. L2 L NCC =R ZNCC TIEZ 1 >~
HIERNA 7 ANME 2R LTHFEEPWHELR DT, LHE W
I DIFTIE RV,

(3) Vv FiREt

Ny FREEHRE I Y VR R O UME & L TEAICE
HugeThY, b - ERILOMEEZEO L EEZ LN
L. LrL—%, Ny FiatEe BT 5720 @
AZXDI =Ny FRHCLLENH Y, FEHZEOHMHE
MHFIE NS, ZNCC TIIN Yy FHcEHE 3 31—
W BT B TG HEIROE D & % Hv T - IEBAE
HiTo T\ A,

4. EE
RRTHEOGEE RIS 5720, N F~—2 g
Fey oy P EACTERY T 72

4.1 EEREE
AREOERRIIGE L THO &% E 2 L TIORT.
4.1.1 HEHgTF—%2tv b
CIFAR-10 [15] 3 —#ciE e 54694510 7 7 2D
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*® 2 FEBICHN LB (17, [18]

Table 2 Environment commonly used in our experiments.

0S Windows 10 Pro
CPU Intel Core i7-6700K 4GHz
GPU  [NVIDIA Titan X

=, |Visual Studio 2013, CUDA 8.0, cuDNN 6
FRBRE Python 3.6, TensorFow 1.3, Keras 2.0.6

WG 7T =%ty hTHAH. FEEHMIZ 50,000 ¥, T
A MHIZ 10,000 LOWBEAHE I N TB Y, FHZIZIX
107 9 ADWTFNAD T NG SN TWD, &gt
32 x 32 WiFED RCB £ TH 5.

CIFAR-100 [15] (X CIFAR-10 & [@kf 1 — Wik o 14
SHEMT—%ty NTHAED, £100 7 T ATHDEIE
%5, FEM -7 A MHOBEGEE EET A X1E CIFAR-10
ERULTH LD, 17T AH72) OWIEEIL1/10 1275k -
TWwh,

SVHN Format 2 [16] IZ Google Street View 2* 5 fifi i}
ENTRBRESHEDT— £y FThbH, HEHROK
FIZO~9IDTNUDEZHNTEBY, ShEH#ET L1077
FAGED Y A AT A, FEHE T A N HOBEIEIX
ZNEN 73,257 HE 26,032 TH Y, FMWf£IL CIFAR-10
LA 32 x 32 Wi#E D RGB Wif & %2 > T\ 5.

4.1.2 EBRRE

AREOFEBIHH L2V 7 72T BLUON—Fy =7
B Z R 2 \ORY.

4.2 BOBLUEEHFEE O

WAy N =212 ZNCC 2 w5 2 & OFM:% K
FET A 7280, ZNCC 2 oY ER MR EICANIR 2 7235
HLOWBEATo 72, WBRIE, N 7 AR LOER
AH (Conv), /NA T ATHD 1) DEHAH (Conv + Bias),
IEHALAEAMR (NCC) TH 5. ZNCC IZB L T, B
Hr@EH L2 wEE (no prep) IZDOWTHHERL /2.
F2BR1213 Salimans & [9] TR S 72d @ & [F TR O
ty NI =7 lwie, FUPEREIIZ ZNCC 2 fiH§ 5
WEDAR Yy NI — 7R AR 3 IIRT. XTI XA—=FlD
“3x3, ¢96, s17 1x7 4 V& A X 3x3, HJF ¥ +IV$ 96,
APTA4F1LEEL (BOBESFEEE), “ReLU” IX3G AL
FA% & L T Rectified Linear Unit Z @A 5 2 & 2 BT
5. EithE (B 10) OEMHALRE L B OMEeE &
LT, Conv B X U Conv+ Bias D& 13 Softmax + CCE,
NCC B £ U ZNCC O#4r1d ReLU + WMSE % v 5.
FHREOFMHHRELTR 4 \URT. FEEOMIEL LT
ST AE T 0.25 2T L7225, FEHEEA S 20 epoch
L COHEEGT— & 12 2 08B ED LA SN
WA, WIEMEE 011280 TP CERESLDE L. L
7ei5o T, FEICL o TEBOFEFONIMEITR 2 2.
F 72 ZNCC ([ZHILE 2 W H L 22 Wi h, B OS2
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#£3 tv hU—rHE (1)
Table 3 Network architecture used for experiment 4.2, 4.3 and
4.5. The network consists of ten ZNCC layers. c96

and s2 mean 96 channels and stride of 2 respectively.

B&S| &Rl NS A—4
1 |ZNCC 3x3, ¢96, s1, RelLU
2 |INCC 3x3, ¢96, s1, RelLU
3 |ZNCC 3x3, ¢96, s1, RelLU

MaxPool |2x2, s2

4 |ZNCC 3x3, ¢96, s1, RelLU
5 |ZNCC 3x3, ¢96, s1, RelLU
6 [ZNCC 3x3, ¢96, s1, RelU
MaxPool |2x2, s2

7 |ZNGC 3x3, ¢192, s1, RelU
8 |ZNCC 1x1, ¢192, s1, RelU
9 [ZNCC 1x1, ¢192, s1, RelU
Global Average Pooling

10 |ZNCC-FC |c10, RelLU

x4 FEBRE
Table 4 Setting for training process commonly used in our ex-

periments.

IRyI#H (200

Ny FHA X (128

&i#E{EFiE |SGD

sER WHAMEO. 25/ 5 #2 T fE0. 0005F T# 1
Y4 BEABICA > TRERE

E—AT K 0.9

Weight Decay |0.0001

BT —2 Y TILOERTLEDTE

AL W ERE L TR
B0+ TEAIZAERO padding. =+
FT—AME [AEZROSUALYT AIYHL+K

FHEEDSHELTY v T

x5 HPESDTFEO LB
Table 5 Comparison result of similarity calculation meth-
ods. Bold underlined means the best result for
each dataset. ZNCC outperforms other methods for
CIFAR-10 and SVHN. “no prep” means no prepro-

cessing.

. CIFAR-10 CIFAR-100 SVHN
T SFENRSA—4H HERE 2THM SERE SEBE
Conv 659K 91.90% 1 68.11% 95. 44%
Conv+Bias 660K 91.98% 1.07 69. 24% 94.83%
NCC 659K 91.06% 2.07 66.69% 95. 78%
ZNCC 659K 92.69% 2.60 68.92% 96. 40%
ZINGCG (no prep) 659K 92. 71% 2.60 69.18% 96. 24%

57203 (5) De &k 5x107° & L7,

BETECL DT AN T =5 OGEMEER 5 IIRT. &
W=ty ML TREDHKREZ KT THTRL
7o, 2 CHHERIE CIFAR-10 T 1 epoch #2345 DI
FLAERTHY, kDFEEROE»->72 Conv & 1 &
L72GEDITER L., #EH/NT 2 — ¥ $1d CIFAR-10 B
LOVSVHN %4 & L2 aoEE B L 72,
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* 6 ERILTEOLERIR (CIFAR-10)

Table 6 Comparison result of normalization methods.
ZNCC outperforms other methods with/without
batch statistics except WN + mean only BN.

- DERE
Ny FHEEL Ny FH#HEHY
NCC (CN) [10] (ours) 89. 60%
mean only BN [9] 91. 48%

WN 9] 91. 54%

Conv + Bias [9] 91.57%
Conv + BN [9] 91. 95%
WN + mean only BN [9] 92.69%
ZINCC (ours) 92. 00%

e BEBICIE, ZoMMOEUESETFEE LTSSDIZo
WA E A7z, BARRYIZIE, SSDICk o THEIE
7o IR IR R e A L CHEMEEICER L (k
INT A—%), FHAREL R BINT A—F FHEFEL BN
SAOTE L A Ic 2l sz, L LEESPHRIT L
2T RTCOFMBFREICB W TEHIIRI Lo 72720,
ARl D LT R 2 S IXBRAE L 7.

4.3 OEMREFEE DS

EHALTEE LTo ZNCC ORI E MEES 5 720, i
DYRE A v b7 — 7 AT IERALTE L 1T 5 72,

FEBRIITCHR[9) LR LA Y b7 — 7B E A L7228,
FREOEE % ZINCC |2, ik OiEMHLRI %% ReLU (2
ZEHELTWAD., T 42H O EFE—ThH, FEAI
HIIHHDOEBYTH S,

Gt 2 CHEHBZIE AT ) 720, FEITEC 9] &
FERED % E T Adam &\ 7z, 7272 L, 278 il CH
T = AT DG HERBEMNMET L S 55T 2 1A
Li/z7:0, FEEBEOMYMEZ 0.0005 IZE L 7.

CIFAR-10 7 A b 7= % O R TR 6 | IRT. 7272
L, Cosine Normalization (CN) (Z1FHALMEAIRE (NCC)
EFA—DWIETH 5728, NCC (CN) DL H it LT
W5, B, £ 6128175 WN + mean only BN D454k
JEAIFR 512 BT 5 ZNCC O/ FEEE & FH (92.69%) 12
o TWBHD, THIEBARO—HTH 5.

4.4 BEBBEHAH#Z1—FIbxy NT—7 DS
3.5 fii THRE L 72 ZNCC Net O B F 3% v TiEE
Za—F)Vhy PT—= 7ML, WGSEY A7 IZBWw
TRFEW G BIEBE AR 2 —F Ry T =2 LD,
ATz, B SE$ A4y M7 — 2713 ResNet-110
L UF ResNet-164[14] TH 5.

B, RERIREFELZHACTHLEEERNNLE
TIVDHELENEETH L I L E2RIAET L7200 DTH D,
state-of-the-art # Hfg L72b O Tl3 &2\,
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Fig. 5 First sample images of poor lighting condition. From top to bottom, each row
imitates over-exposure, under-exposure, gradient transition of luminance, and
stepwise transition of luminance respectively. The smaller p, the worse lighting
condition. The original image is shown in the leftmost column.

RiE& size= 4 2 1
X6 ERIEAOEBGT TV (2)
Fig. 6 Second sample images of poor lighting condition. White spot which imitates

specular reflection exists at the center of images.

w7 Ay IR (2
Table 7 Network architecture used for experiment 4.4. The

F 8 MIERE CNN & o R
Table 8 Comparison result with extremely deep CNNs.

network consists of fourteen ZNCC layers. Detail of Fourteen-layer ZNCC Net outperforms CNNs of more
ZNCC ResBlock is depicted in Fig. 4. than hundred layers for both CIFAR-10 and CIFAR-
100.
BES [ INTA—4H Nop or Conv
T |znee 3x3. c16. sl Nop s o CIFAR-10 CIFAR-100
2 3x3, c48, sl, RelU INTGA=EH SERE NSA—28 HERE
3 |ZNCC ResBlock 3x3. c48. sl. RellU Conv (1x1) ResNet-110 [14] 110 1.7M 93.63% - -
417860 ResBlock [SX3: 48, s1. RelU | ResNet-164 [14] 164 1.7M 94. 54% 1.7M 75.67%
5 3x3, ¢48, sl1, RelU ZNCC Net (ours) 14 1. 63M 94. 66% 1. 65M 73. 48%
6 3x3, ¢96, s2, RelLU
7 ZNCC ResBlock 3x3. 096 s1. ReLU Gonv (2x2)
g mmmwmwgﬁ*ggg'xw Nop ZZCIHBHALHOREIE R IREE CERIASME) 2L
10 3x3, 0192, s2, RelU FAE & BRITINR, 2 DR REE DT L ORED
ZNCC ResBlock Gonv (2x2)
11 3x3, ¢192, s1. RelU SR ST B R EIES 7.
12 17106 ResBlock |23 ©192. s1, RelU [\ (s
13 3x3, ¢192, si, RellU |'°° REBRTIILTO 5 DOBBHLMED Y F ) F 2 4E L
:fIA — 7o WigH YTV AE 5, B 6 1R, £, AEOmHE
obal Average Pooling - _ .
OWEXT (0<I<1) &EL72GAaOT A NHEZROA
14 |ZNCC-FC 10, ReLU BEEI 0<1<1) 7e AEROER

KREBTHOW/ Ay "I —2HERZR 7T IR, 7272

JikE HbETRT.
o JBHAZ | HEIFZ ML OLM 2 & CHliE4aEAH -
L o 72REE (Txp+ (1—p)).

L, “Nop or Conv” (&[4 4 |ZFC#k S N7z[A A H D FRED o BRHAE | HE)FE MHIED KA & CHlR 20 <
BENEZRT. EATIIREE (Txp).

CIFAR-10 B X U° CIFAR-100 D7 A b7 — % %433 L
AR ER 8 ITRT.

4.5 BRARMICH T 2 EZM%

o BEMES  MVIATL Y KRR ART % B LT
WED A 512 < % o 7-4RRE (BHEOFHE 1 75
Fi5 T p+ (1 — p) 12HERD).

o BEERZE HMLHBOLIIIHLEDOKRE(RLL

ZNCC (TR OB HE 2 FPE R T Th 5 72 FEIF S — W FP S FIRE LS 72 IREE (R O /e 455
®, ZNCC Net I2BWTH FAMOFEEAZ A L TWDH I LS @&I*N
MEFEENG., CHEMEET 572010 EBE T 7. o ARV MBDUSHEAREL CIERS L, £hak
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Fig. 7 Image classification accuracy on poor lighting condition. (a) over-exposure, (b)

under-exposure, (c) gradient transition of luminance, and (d) stepwise transi-

tion of luminance. ZNCC is more robust than other methods against lighting

condition variations.

L 72¥f% %7 O MR AT A B ol L TRIZE S 7zik
HE (%P O size x size W% 112).
TZTp (0<p<l) IMHALMEREST LT X =%
THY, HAIAVNSVIIERMEPENZ L E2EKT.
CIFAR-10 7 A h 7 — % |2 LRt B4 2 45 L 7218 1E
WAL, A2HCTEEFADETVEH T 7 A5
T 5EBE{T> 7. Conv + Bias, NCC, ZNCC D& T
ZHWT CIFAR-10 D7 A N F—% 20 8 L 72k 82X 7
BLUE 9 IIRT.

5. ER

INFTTOEEEZLTZT, UTO4HEBIZOWTHEE
T 7.

5.1 BLUEEHFELDOLR

CIFAR-10 3 & OF SVHN O3B \WT, ZNCC D53H
ORI R TE% ERl->Tw5b, L2 L CIFAR-
100 128 L Tl Conv + Bias D4 3EKEE A ZNCC % k>
TBY, —HIZZNCC HE->Twb Eidnz v, 72,
ZNCC (FIRFE AR b K <, Conv & HELL T 2.6 f5d
DM ZE L TWAEEIZTAY) v b THDH., 72721, Th
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FEFEDTELIZ L > THREE SN L TREMDH Y, Bl
ERUCUIHI T 258 L v,

ZNCC D34y, RILELOF A7 b TR D53
WEPRONTEBY, BRI X5 HbiZHETIE 2w
ZENGr B

5.2 IERIEFEE DS

CIFAR-10 O3B W TC, ZNCC OGHEREEIZ /Ny T
WatEm 2l L 2 Wb EH LT % ERloTwa, Ny
Tt 2T 5 EBLTED 9 5 Conv + BN & IE[A]
EOSEREETH 575, WN 4+ meanonlyBN & 1355 0.7%
DENDONT VDL, Ny FREEEFHT 256 I =%y
F O 7 &ECTEEBEICHHPAEL 50T, Ny FH#EE
w2 T IR S BRSSO S MR E T
DAYy N THAD.

5.3 BEBEAAAZ1—FI2y NT—7 EDLEE
CIFAR-10 D5 HICB VT, EFHEEIDLT 2 148 T
HY 7%H5, ResNet-110, ResNet-164 % & 12 E[al- 7.
2y NI =2 DORBEIZZFDF FMHOFE LI D425
7o, OB THRENSWAEREMEONL HIE X)) v
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Table 9 Image classification accuracy on poor lighting condition. Our method (ZNCC)
outperforms other methods in all of poor lighting conditions in our experi-
ments.

Conv+Bias NCGC INCC (REFE)
REASH (BEEFRE - 91.98%) (BEEFRE - 91.06%) (BERE - 92.69%)
DEENRE DEENRE DEERE
ZEHiBEZ o =0.2 25.87% 25.27% 87.96%
o =0.5 80.21% 80. 14% 92.19%
o =0.8 90. 77% 90. 47% 92. 58
BHTE o0 =0.2 27.25% 45.80% 88. 36%
o =0.5 86.91% 86.61% 91. 96%
o =0.8 91.37% 90. 60% 92.59%
HBEEM o0 =02 11.71% 11.43% 66.89%
o =0.5 41.79% 40.11% 19. 67
o =0.8 67.52% 66. 53% 82.01%
HEEZE o =0.2 68. 36% 61.06% 82.57%
o =0.5 83.78% 80.87% 88. 79%
o =0.8 90. 54% 89. 33% 91.62%
BARY  size =4 84.80% 84.39% 87.33
size = 2 89.09% 89. 36% 90. 79%
size = 1 89.52% 89.70% 91.62%

FEwvz b,

—75, CIFAR-100 2B L Tl ResNet-164 % T [a] - 7=
5.1 HiDAER L HbETHE 2 5 LRETHIL CIFAR-100 O
SHEEFLELTWD EEbN DA, HE S CE K I3 H B
LTBLT, 4B S0 L LWMENPLETH L.

5.4 BRREAZMGICNT AN

HEIRIASME 245 L 72 CIFAR-10 7 A2 b7 — % O3B
WO, IRETHRIIMOTE & i L CERSEMC L 25
BREORT VNS, M MICE WA EREE 2 HiHF T 5
KR & e o7z, ZNCC OFFOMEEEZE S 203 2 s %
DEFENENTWVDEEVWZ L, 2D LX) RESMRII
F=F RIS L o THFRTH 2 L LREED, $T_ToS
Y=V ERLSTZERELL, FATHIBRICELLE
ZOND70, REFEIICL VM2 L EEMETAKE % 2
Jy hewnz b,

)

KA TIIFFHIEBACH AR (ZNCC) & HEARER L
TAHRBA Y b= ZRFE L. RETEZEGHY
AZIEHLZEZ A, BOFHELIEL TG AR
DERLE O, BRISEFISS L TOHEETH - 72,
NS DORENIZ L > TRFLEOFAMEZ /R L 72,
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