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Abstract

In this paper we propose a diffusion neural network model. In this model, each excitatory and in-
hibitory neuron has the capability of diffusing external excitations. We show that this model can be
used for the detection of intensity changes of an input image. The relations between the diffusion
coefficient, the iteration number of diffusion, and the detected spatial frequency are analyzed. The
calculation time is reduced than that of a LOG(a Laplacian of a Gaussian) method.
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Fig 1. (a) A typical neuron medel,
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Fig 2. (a) A diffusion neural network model,
(b) the interconnection weights
of a neuron,
(c) an example of the diffusing process
with the diffusion coefficient of 1 /4.
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(a) an excitatory and an inhibitory
response distribution,

(b) summation of two responses,

(c) a frequency response,

o
o
(&)
i e
b
o
sy
.ﬂ
LJ
E
K
O
8
kS
I
N
T u

= 2X} Ul—c??l LOGQ} v*hs}‘-’w At sl = &
B 0, ARG G EAE 03t @ W, g.=0, 0,=0¢
+oc2 F1L, s0{{a®} 7}‘@ 0}"1 _°_1:°§‘3—°4 X pgo(x,
y), JAFHe] X g(x, y), T 4G9 nkge] x9l

(1033)



" AT UYL o] 3

DOG @4, 742 thes o} 288 % k.

1 x2+y?
glx, y) = omg2 P ( ot ) (4)
1 x2+y?
alx, y) P exp ( — ) (5)
DOG = —— (—2
= Tonlo+éa)r PN —2(c+s0) (6)
1 x2+y2 )
2no* exp —20?
2
~ 90 glx, y, @)
do x2+y? x2+y?
~  2ng® (2 o? exp( 20? )
183 LOG &=
1 x4y x2+y?
2 —
V 2g(x, y) P (2 g ) exp ( g7 )

o]l slzm=z, 2l (6)¢ DOGS & =] €tk LOG 3
Sz ddg e o 48 2erh o)3e LOG ¥+
2 Faolagst —ﬂ—f‘é &4 (characteristic function)
Cliw)E 58 & &+ Ut

o w2t w?) )
) (8)

Cljo)=(w2+wv,?) exp (

o1y 20 FEE 7k Bbwdwe] DOGY 715 %

7] elsj= Bako] zte &R s (excitatory
diffusion neural network) 3} B4to] Z o} 73
w}(inhibitory diffusion neural network)e] $3O.2
TS olof & Holrt. T I wHg A4 2w
2ol BASE 42, d., dEt 39, F FwaT
ghatol] o] 3t Hake Zhzt

- 2

Bx

= 2md, (9)

62 = 2md; (10)

o] Hug Bk g /olE

of = d (1)

A A

¢} zro] HAkA48|(IEDR : inhibitory to excitatory
diffusing ratio) & E&¥ch DOGU LOG FrallA] £
Ao BFEae) WA e wAlvh glem e 1159 2 (9)
-(11) ol M8} kol A d, deot B F mS BT
o) FFER4e AR E WAE et

QoA R 552 vreEA e R atFe] i
Zgare] 24l JHx0 Fejz MM S 735l T
A}, oA rziFo] Yoje PR riste] HE o
= 71 e oz Abzte meoke] AEe] Y EHUG
a3, olE Exe FHE HHE 2 5 3lon=

a3 2(c) sk #e Faagol o] dojuAl Hrh
o]t ol 18 4o eI 19 4(a) & &%
2 kel vke-g 0¥ 4(b)& A it v?i‘%—%
29 13 4(c)E F ¥h3e A5 veld Felth LO
Y DOGE 2 (8)7} 1% 3(c)et 2ol EH“'EJP“EP]

t}. LOGoIAM tiadg3t F4F34 w.f 4 (8)olA +
stod Bl
_m_ 7
W =T =Ty (12)

o] B}, od71A T2 G449 7124 s AFE K8
t}. DOGoIAE BA4HE AAs] FsjFl uwet LOGSt
SAbsHA S22, DOG2 6.2t LOGE] o7} 7T 314
4 (2)¢} (12) 25-H

= J/2md, = V2T./2n 13)

o] ¢x=Eth webd FiAS doot F3E mol AP
Hi= Gae] F71 T2
T, = 21 \/md. (14)

Al weA ) 1 4(c) 9k #ol RAFY
A7} e B oA Fo T ol F2
sl A2 A ZA (zerocrossing) ©] EAY
At} o) atTe] A7|Hstel o3 Ar)e EHLE FE
317] AN Azaz Aol e FES Zohlo] o}&
AZAANA o #AAS 73 Pt Oyster FH& A2=3
2Ae RHdoz A8y 98l AND =l dis &
@1, Huertass} Medionil®e 21 A FE FAlste 24
7449 EFQ &4 AL npEst aze] Hd
Aoz AZsigch B =24 vt 3TFHL
2 3}Ae) glo] YolH So8 T FolA FoE dol
o] 91218 A 1 SRl R Fe] A sl e &
Hoz Bt

Jlm

(1034)



1992 118 EFILEEH
mn=0 1 1 1 1
- 1 4 5 5 4 1
mn=1 5 5 5 5 5 8
. 1 7 18 24 24 18 7 1
B=2 25 25 25 25 25 25 25 25
(a)
B=0 1 1 1 1
- 1 3 4 4 3 1
B=1 4 4 1 & T4 a
- 1 5 11 15 15 1 5 1
m=2 16 16 16 16 16 16 16 18
(b)
m=0 1 1 1 1
- -1 1 0o 0o 1 -1
m=1 20 20 20 20 20 20
-9 -13 13 9 _9 13 -13 =9
n=2 100 200 400 400 400 400 400 400

(<)
(@) S /o0 Fa sl wg
(B) SHa1A57E 1/49) &4 Babiraine) vhg:

(c) 5 ¥kg-9f =}

Fig 4. An example of the responses of diffusion
neural networks to external excitation,

(a) the response of an excitatory diffusion
neural network with the diffusion
coefficient of 1 /5,

{(b) the response of an inhibitory one
with that of 1/4,

(¢c) the difference of two responses,
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Fig 5. Comparison of a DOG by diffusion(d.=0.25,
m=16, d,/d.=1.004) with a LOG(g*=8).
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Fig 7. Lincoln picture as an input image
with 64 X64.
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Fig. 8. The results of edge detection of Lincoln
picture by the diffusion neural network
with the diffusion coefficient
of 0.167, when.

(a) m=3,
(b) m=6.
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Fig. 9. The results of edge detection
of Lincoln picture by LOG masking, when.
(a) o2=1,
(b) 6?=2.
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