EXE HA P A A4Fe) FHGo] i slutsl BofR A, Aty Yefd A EAES] 8T ALl
274 2 2 transiation invarianceS} A A1 ZF A28 270 B =R E ol F &7 AGE HEHE A2
& A73Fe FZ28 2483, ole AAQ 4 Y-S 49U AUY AFFL 54 3¢ @A) ¥y
A4 @A 7} A2(Cascade)® 75 A F# 417 F(Shared-weight Neural Network)-& 7] £ 0 2 8o o] & B4 %
Hejolch o] AL B 2 DAL 4B 7153 FHweight keme) 2.2 FTLH oI A o) A0 ¢ 59
3, AA W AME shte] 2349 4y Yol WEHE B 5 U ge2bA, 47439 AF 29L& BHE
X Hl(peak)zt e 2 TYHIH HAo) o] NAYe] ZE FRE HE Ev ¥4 2 HFEZ9
TR S AP, o)y T AL AAZL AEs 4G 2ol He FAd JLE 5 YL gr s
EREA NERELY A4 BEYOE Q8o 2 He 273 B (false alarm) ¥ ) FAE S8 37 A
AZE thg WS N80 4% 45 A5t A8 AR FAFRA ol Tt B g &
R Y A} &A1 A oA3R dAo] gien, FYF AFEHE o] &89 o 190KmZE o|FF
€ AFe] FHol e Ao A2 A AAE R FYt

Effcient Neural Network Architecture for
Fat Target Detection and Recognition

Yong Kwan Weon' - Yong Chang Baek' - Jeong Su Lee'

ABSTRACT

Target detection and recognition problems, in which neural networks are widely used, require translation in-
variant and real-time processing in addition to the requirements that general pattern recognition problems need.
This paper presents a novel architecture that meets the requirements and explains effective methodology to train
the network. The proposed neural network is an architectural extension of the shared-weight neural network that
is composed of the feature extraction stage followed by the pattern recognition stage. Its feature extraction stage
performs correfational operalion on the input with a weight kernel, and the entire neural network can be con-
sidered a nonlinear correlation filter. Therefore, the output of the proposed neural network is correlational plane
with peak values at the location of the target. The architecture of this neural network is suitable for implementing
with paralell or distributed computers, and this fact allows the application to the problems which require real-
time processing. New training methodology to overcome the problem caused by unbalance of the number of targets
and non-targets is also introduced. To verify the performance, the proposed network is applied to detection and

T3 5 483N A$7|ed T
EERS19973 79 19, AR 19973 99 59
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recognition problem of a specific automobile driving around in a parking lot. The results show no faulse alarms

and fast processing enough to track a target that moves as fast as about 190 km per hour.

1.4 &

McCulloch 9} Pittsof] €] &} 913 x5 A A Do) 3
Z9] 2do] Agtd o F[1], 38A daHA AF A
e AYse gL FFY AA LS g
o] BAlo del AL it 53], @&/ A (Error
Back-propagation) &5 9] 722 of& 7 Z(Multi-
layer) 214 %ol 215 e 24 (Pattern recognition)
o) FAlo) Aoz 853 A, 3, 4. oA
Z ge g49 w4 Fole, B A H2 L A9
AR YHel B4 4 2 do] B3 a7HA
e e B 5 Yk olige AAYY X, 27)
ZA, A7 2(Neuron)9] 54 2 stgiio] &4 |4
o] Aol Fa FeltH2l zefuh, A gl dg
olgd A % A& Aol Wi ¢ B2 APk
B35, olES XA oA E A HA &
2 g& BAFE0] ArH3L

ERE g 9 4& NAT] HRo] &3 &
o] Rofoni[s], dwtH e ERE @A ¢ <14
AZzRE AR e A4 BAEY 87 AL E
oo ok e T stAY F7HHQA 87 Atgol
ke

1) Translation invariance,

2) A Aj7F #] 2] (Real-time processing).

AAA &7 2AL ZHE YA olFd WE F
A& A7) A5te YA olrh &, FRE] 9UY
B4 W] ojmd fiH o] EAE FA Y AAE F
dsteof gtk o] a7 ZAL FFH A7) Ak,
AR} ANegog o8 944 AAE F(Scanning)
sl Wiol dUvtdog AMRELL QY5 6] 2@
olg{dt AYELE EXESL 487174 Uiy 2
Azhol g so] A HErt Brbesich of#§
EAE AAsts] A8 A GHE o) Estd BX
g &4 7teAol & A8 A F A4 A
202 gAsls WY S AHEE T SHrHS).
=R B TA S HAE S A3t oju
o} 7Rl AR ek AEo HF &ty
, Z28E 94 € e M Hegd A2 A

&
f FN e

Ao F2E AN o9 AxA< T WS
A gt} o] A7 %8 Translation invariante] 54 &
2+ 7VE A FH A7 F(Shared-weight Neural Net-
work)& 71& FEEZ 7HAW(T], AT Mt 7he
FES HY e 24 A AFEE o] &3 FE
AP F2F ATE Pt A" AsE
AZ87) g3td, FAF YA ol Fdte BF A%
& A5 Ao ALt 2 43 2 2 8 (False
alarm)9] WA & giglen, dids fArs AR 7
dele 58S vd FUh 53], 2o 4YoH F

F HAFEHE ol &3l Hog e AT
Aol shsstdlen, B8 M AFESY 2L 24
e A 2gg AMEsAY e 38T HFEE
Nogg +EE A BE o]lF FEES ¥A H
FHol 7t Bo FA

2. 7}Ex Zf(shared-weight) AHY =
R

2 MY =

(@ Dol Jebd 7HEA T4 AL 4 &3
& Aol T2 A dH(Structural constraint)-&
7b8ted A8 E(DOF :degree of freedom)S EYo 2
A BT 12 45E 43R AT 7HF A T4
AARW=(F, Ot 54 & J44E# 39 £7
AAHC) 5 FF7F CascadeE AAF AR
otk e 8% 42O dutx ez de ¢

2 73 7H(C; multi-layer neural network) o] TH4].

E7 2% (Feature extraction) N7 F(F) 2249
g =4 93 dd(Local connectivity) & ZHe 23}
9] Aubgk t}=(Feedforward multi-layer) 4173302
2 4 qlth of ARG 7 F& FHE NEFA F
(SWK : shared-weight kernel)®} 948 A R2ve] 38
o] Hejo] dAoE EAE FE8A ). F, T
&8 712 FEWK)E o) &3 2y old Hejo
AAbe] o] ated A HQ EAL &3, oh 39
Zo A o] AYAHY EAJERZYE A LY =
Aol Pejol A2 uhiof o) 3 22} U(High order)
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SWK
(axb)
Input
O Feature map M D[]

SWK : Shared-weight kernel

(32! 1) 7ES X 2R (shared-weight) AlZ@e| 1x
(Fig. 1) Architecture of shared-weight neural network.

9 E42 dojdt). 713 & 53 XX (Feature map)
g g2le g Ee 2 ol 249 ZHE ol &
g zherh o, e B Axof &3 2E 4
A& E hig HEA 3E FHE

el B Ao &3 A AA jo 2L

0;= f(net)) 1
neti= Y, w;;0; +bias; 03]
i€ Dlj)

of 93l A4k, f& Sigmoid ¥ol, biase
Aol YA 19 shtel AFAE B 4 Atk wis
AR A& 9 j7e) THFEAE Yl e, 598 54
e RE 424 jE wE TR F, AL
P9t g7t LS B5A A &3, wy=woltt
&, AAL jo 29 AN FAHE BE AHL
' AAL 7 99 DI/ 2FAHE=ZE 1) F2).
FEGUZ, B F& NADE) ZH AL S0 A
2 & biasE 718 AS, ¥4 3% Translation in-

variant®] £4-g 7k E o}
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22 XS ZHE A E e SN

Hell 4L st agtd HFA FH AFGL
YHo] o FefF(Class)oll 437+ s
a8y, BXE dYoM e dY 449 o A e
EREo] EAs=rtE gotdlojof gt} o] 913
o, Pe) AL 98 gFd AFAE ol 8§ 9y
4 AAE FA(scanning)3HAA], EHE 2] JE L
o Pt 28 AAxd g3d FAHE 239
gde) g EMgo N BREY HAE 2L F
ATHS). &, 24149 &9 wjde 7} 8489 fx+=
48 FGA4e 7+ 2 (PixeDEFH NL39, 2 e ¢
g J49 T Axo) ERX o] TAY NEAL U
ok (29 2= ol &L e AFEE
ERf oL .

Target class
SWK(pxq) F kS

A3 F L HRxC)
FAHA: (x,y)
(0% 2) gEiE T2 A MEYeR ¢l3 guts
5to] SHE 2o AXE met. (x, y)= MHEYY ¢l

H Aile| S HAXE LIEHH,
(Fig. 2) Locating the target by scanning input image with
a neural network trained for pattern recognition.
(x, y) represents the center of the image of the

neural network input.

&9 g MxN)

(2% DolA dehd NAPe] $5e e gL
Pseudocode & 7| & ¥} :

FOR all pixels (x, y) in the input image,
Present the subimage RxC centered at (x, y) to the
network ;
Compute the output of all feature maps;
Compute the output of the feedforward network ;
Save the output of the target class neuron at (x, y) in
output array,
END,

of el olste] THE ZHE AN N2Ye @
48 A W] RxOWS) U B4 22
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e s dds] vASHT. 53, BRE
o] AT e o]o] 7pgHA o] Folxok & A5
ol 2" 89 Erbs #dtk oF HAE
olgig BAE A5 AW MELE NATY 7=
g Agen.

3. AWM NFge 7x W £

3.1 ZEIo|M MFELe) X

¢ Ao =g ule}t o], 4] g ol §
B U8 g4 ¥ HieE RxC-DHSY B
A 4te] Bggtt 33, RxC sub-image?] YA o&
ZH8A U B4 AxE $99 71F5A FL F
ez, & e Ao s RxC-DHEY BB ad
Ag 3R golr Al Hof FArsle £ 88
A ANEEE 7EE F Avh F, 8 A4S 9%
7V A Ff AR 2HEA FE o] &3t HA ¢
g F4e Fddgold ge= o AT AAg &
3, 2 Ase 48 935 93 2719 5 Ax
2 EAT). o) Wi o g FHE AAYFY T2
7F (2% 3)] vheht

SWK(pxq)

Feature
map(MXN)

AR F

(08 3) E8XC 53 & MNFW(F)Y =
(Fig. 3) Effcient architecture of feature extraction neural
network.

3.2 ZEo|M S=

Gl AAREAE (28 DA 5 Axe
7} N7AA2Eo| 747 UE biasE e AL, ¢AY
translation invarianceE 971 1% (29 3)9 +3@&

Wers) Bgsi AT Gata, 2 47349 biasgol £
U8 e AAEE 5] Hatod 4 Ok B 4 ()
o2 jx)=oje} Hr},

net;= 'e};i'l w;i0; tbias, 3)
o] oA pe AAL 7 &8 B AEE e
£ indexojth. ¥, 7} £ A =9 FF QI bias §
A AAE £ deH, ole 7HEA F7he] Aol 3§
U £ 5S ofv 3t

EA 52 AR FY AT 33 0F 439 A
&Y Z(Hidden layer) 2+9] T2 9A BT Yo
2 ojFold £ Utk F, (¥ 29 A 2434 &
& AAxY 7hEA HEHE 71E3R FH FEWK)E
2 349, 3o AA4E Y 943 98 2]
g 7te ue] 239 £ 8 THEo Ui, o] 234
8L ARG Co B4 Axo] 45ar. & &Y
FoMe &9 249F9 299 1x19 T/ 71EH
Fo sdd ol g FYE A 24 wig &
B¢ det ol AH$E I1x1 FH 7N AL (2
4 1)9] &Y 27447 ke 7HE A ghold. A% 23}
A udel 29 9A A3F Co F 24 F 34
@ 2214 28] hale] FUAH ANE B8 Ao
Atk (29 )= ol LLH oM F2E FYse
NAge 22E ezt

Point-wise
Muitiplication

SWK(RxC)
Feature

AA%F

A3%C

(18] 4) 2ROIM Sxto] 2 9I8t CHE MBL M
223=
(Fig. 4) New architecture of multi-layer neural network for
correlational operation



o) oz THE BHE QA4 ALY L Trans-
lation invariant3}™, BYAF RE A4L AAG
+F At olgd Il NAY F3 fae
t}&3 722 Pseudocode & 7] E ).

FOR all feature maps Fj, j=1, ... f{No. of feature maps)
Compute the correlation output of all nodes in F;;
END,
FOR all hidden layer maps Hy, k=1, ..., h(No. of hidden
neurons),
Compute the correlation outputs of all neurons in Hy;
END,
FOR all neurons in the output image,
Compute the correlation output value;
Compute the corresponding intensity value;
END,

4. g Wy

A 3doAM 7l Lo AAEFL T4 2
A9 FRE Z+ 9F 73 A2 dimensional
multi-layer feedforward neural network)2. 2 £ 2= 9
o metA, o F A g g o8 F 7187
7 8{Gradient descent) W o2 %48 A2 F ¢
. &, EREo| A3 AN HFHE 29 v
o) NALE 2 29 ol 1o] HEE Sg¢g AlY)
= el 2, €8 29 gtol 191 A4}
091 AAAste £ dul7t YT Y & 2ol B
dozM, B¢ AR ZEXES e HYETE
ZRE] A& & Yl BPgo s £P A €. o
© 2 YelFEY FAHYE Lo} £244 Yuz}p &
74 %, TSE(total-sum-error)& A3}l 84wy
22e A ¢ e EAAY.

ol g EANE A3} AF st wygoez
EFEo| X9 sub-imageS} H|EZEFZoA 229
sub-imageE & £AWNF TolA (29 1) 71F A
T ARG Gge YT T, 58 AFY A
A A9 e (249 33 (29 4)9) A3 F) o4
HoHel. 28, o] WH e da3 gUd wlg @
€ HEEE @ YRE FE3I] BAFA E3lo
B ¢ ARE HAsg o] EAFL EBEF

FHEC 1& Xl % Mg 28 FBHQ AAY I 2465

MEREES 45T RES MNT I gPezn
B 33 Randomd}A] Hd3te WY& ol 83 &
23Ul & dredMe o dEPE& ol4sd
offline. 2 (2 ¥ DY 7133 T/ HAFE e
A A7) Ao 7HFA] B RES (@YW I) P
(2¥ 4] Yol AT o]y 3Act.

5. REE olae] JE

ZEd ol A4Te] 45 A Slsid, F
2}49] 3 2}%(Chievrolet Blazer)E $14] 8t EA4|
d ol& 439 cHs] 3+ 3094% BF ¥ H
o] 2 RE 16749 256%256 (i.e., M=N =256) Gray
scale 9738 Hsto] A2 Lo ALY
ok (2 ¥ 5)E o] g IVEY A4 F ez R
on, EREE AR E AFL FAZY FYRAA
o 0% 7+ o2 AL duY). 53 FEY v
, Bl ol 48 94 e EREL 9R9 Ji
A ol glo) ¢Ad =2 =AY

VA B A7 g9 A G 50x80e., R=
50, C=280)9] sub-imageo|t}. vjg] AA4H EFE9
FAANM 7x79) B U9l sub-image] F4lo) A Y
T AEE BEFE sub-imaged A3 Q) NERE
A3 EXFol A3 XPHA g BE Yoz
5 50%809) sub-image® H3 Wt Y & N
A% Fe 2789 feature map& 2+ 3t oz
FAHI, 7HEFA FE 5x5he., p=q=99] A7NE
AHE3gith Be B 7 @ AAF Ce 2709 AA
2 Ze 3 29 oz F4EUG. 279 &
4 473 4e 247 SR8 BEEES classE e}
dith Al 298 g4 uhiE-o] 40003 £ = TSSE(total-
sum-squared-error)7} 0.58.t} & 7% 5L 93
3} 2, §t<5 & (Learning rate):= 0.055, momentum
2082 433t

5.1 QA M

ggol ¢RE MN2EE #34E FYPsy oy
© B8 E A A4 ALY 1 4FE A8
Atk (28 02 A1 IN4E L 4 A G4 g
A= o] 29 g 5§ 8-bit Gray-scale 322 W
&3 ERA, 29 d4o W s2(pixe)e AF
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B 5 §

(38 5) AlAElo] stgol Ol2E Fuo| oflE

(Fig. 5) Some images used for training the system.

(32! 6) MARle| Mis Algol O|2E HME(H)2 &3 HME(0l)
(Fig. 6) Some images used for testing system performance and corresponding output images.

L g v w1 g

s A £ . A i

(3 7) = M2lE ol2sto] Y2 FHE =FEH(EH)S superimposed A2l @
(Fig. 7) Target-aim-points obtained by a post-processing and superimposed on the input images.




(18! 8) FAIEL Xiatnlel T S E HoiE dne| of
(Fig. 8) Demonstration of an ability to discriminate a similar vehicle.

Ao EHEC] EAE 7Aool ¥&E e
(28 D3 82 29 44g el A ¥ &9 Ultimate
erosion[9]& )&% FHE T HRE Z2FF
(TAP: target-aim-point)& 4 ¥, o] 2FH & 47
G4 AA w3t

EXE 94 As AY Ao FEEUNE AL
& BEXEY st YA A A2" Q1A ol
t} &, shpoll AR E 2R EL 7t 9ol Sl
Edyst7tale A BxEe] Qyr e By
Z Rolth. £&, (14 8)9 Axrt B F2 A%
o], EX & ets] FAIG 2FF(Jeep Cherokee)s
T8 Me FHPE Ho F Sl olgd 5
HEo] ¢ Axy Ay YAHA FIvhe FE, o
A2y e & FH el

ZFE Ay da] o] &HI Ue ZYHol4d ¥
E] Al 2" E(o] :matched filter(8], SDF[10], MACE[11})
S ol g8t TYF 443 vlojEle g Aot vl
3 B, B w=EolA Aedg Zddold AT A
2ol 4R $9% 4345 Jep gl A& &9,
Yol ¥UY ALHEL UF 0% 2 ARE
B 25% e @A AW &S vERD v, A
e A2FHL 2 AR glo] 95% o4y gAE&S
2o 39 vhg).

5.2 X2 &%

ANl s vl PasoME tE FaF
8471 QA o A £x9 JjH vLE
A8, A A 2”8} 2NE FRE gEFAF
FaAGes QY9 £5 8 2F At 2 A3 &
9] 94 Frame& A2l st=dl o 460271 28 5%
o} @A, o9t o) 948 F4 AAE B W

e ol REEY T gA 2 A4 EA
24377} vl § 23}

B AfdAae F X R zgdea AA
g FEEHUE WA, 133 MHz DEC Alpha 3000
ool 2@ & A3, 23 o 5 frame?) F4-& A
T 5 ATk F e e, F9 53 A=
£ % d]9] 133 MHz DEC Alpha 30009] z}2} 314
FH3le o]Bo HEE AXL FYIIEF AU
oFA ALY AFe NAW C FEo o Al
o] &5, o] A4t A FLFH Yo R St
2 A3, 5 e FFED doly FAEL A% HA
3lE e ggLos EFe3, 2F ¢ 9 frame
P2 g AP F At ole s 94 X
Hahe A7 AT F¢ A7F o 190 kmz2 F3
ste X B AAIZ FH o] 7he S oulgid.

6.d £

B =RoA Aoty ol PR AATLE &
EEo Fx] 2 ¢4 oA] 8 7= translation invariant
o) E43 349 Ao gt TRelh. §9|, L
& AYE 97 A e ¥ A A 2oy ¥4t
HFE ALHE o83 Tl et 14 E
9] JEddMe 42Ut 7tElY W BREE PRE
4 glem, 2XE QoA i Fadd 84
2 7w} Wl AN

A2gel E ¥ #48 H3td, 94 49
Aol EAE did 29e gy Wl oig A
el sjAoel FF sojof & Aoldh, (A HHO
2 AxEE 5319 9L Edgeg 143k ol
Atk £3, Z¥E) FH o] &8 AL 3 dY
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o] 27] el g EAF 9A 2 Holok & A
o]t}

gs F4E Ay 25 A7) 9484 2 A9
Wiel el 8 4 Atk AAR, ERE9 A7) E F
A AR g Fgol FE F Ue ¥9& WA
WA o a4 BHE Q4o Mot B4 WY
os2x WY A HAFEHE o838 A2dE 7
she whdelt B A o2 A Ade] Fdd FE R
E A4tel 43 EYHo|EE, ¥y Ay Uy A4
e dgd 14 A& 7teA & Aot & 3
T 8 d7dA Axd A, G5 BAE AF
B EE o] &dle ARHog AAHE FHaeE W
Holg} ik 3, PrlA 419 Ao 288 o
Y, E4 32 A2 FolA down-sampling2-3}¢]
5L FE34, 5 &8 4T ALFo] aA
FolEo] Fr] 19 A E /UE =
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