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•  生体信号から脳内の活性化位置を特定する手段が求められている. 
 (脳のしくみの解明，てんかん等の脳の疾患の診断や治療) 	

•  非侵襲的かつ臨床応用に適したEEG(脳波)から脳内の活性化位置 

 規模を推定したい 

•  神経細胞が発火すると周囲に局所電流が発生する 

•  EEGは局所電流から生じた頭皮上の電位を電極で観測したもの  
	

	

 

 

 

 

 

 

 

 

 

 

 

 
	

	

	

	

	

	

	

	

	

	

	

研究背景	
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‣ 生体信号から脳内の活性化位置を特定する手段が求められている． 
（脳のしくみの解明，てんかん等の脳の疾患の診断や治療） 

‣ 非侵襲的かつ臨床応用に適したEEG(脳波)から脳内の活性化位置 
規模を推定したい．

4 E E t g

‣ 局所電流の束を電流ダイポールに置き換える． 
‒ダイポールは位置とモーメントを持つ6次元の物理量．
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http://en.wikipedia.org/wiki/Functional_specialization_(brain) http://neurotransconcept.com/diagnostics.aspx
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‣ 人工ダイポールを設定し，観測モデルを用いて人工EEGデータを生成． 
‣ 人工EEGデータからダイポールの数, 位置, モーメントを推定できるか確認．

4 fi

4
‣ 両耳への聴覚刺激に関する実EEGデータ(artifact除去済み, 62ch)を解析． 
‣ 1個のダイポールの位置とモーメントを推定．

http://cplnet.jp/index.php?Psychophysiology

‣ 神経細胞が発火すると周囲に局所電流が発生する． 
‣ EEGは局所電流から生じた頭皮上の電位を電極で観測したもの．
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：EEGの観測モデル 
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- モデルの尤度の計算方法の改良とモデル混合について
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- シミュレーション実験により，本手法の有効性を確認した． 
- 実データ解析において，生理学的知見に合う結果が得られた．4 g E E

- 複数の粒子フィルタにより位置, モーメントを推定する． 
- モデル選択基準により最適な個数を選択する．

= I C
= F P T F

0-‐‑‒ g 4 E  
E E

‣ k個のダイポールの分布を“多数の粒子の散らばり”で近似し推定する．

‣ 時刻tのEEGに最も合うモデルを最適な個数のモデルとして選択する．
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n  粒子フィルタ 

•  K個のダイポール分布を多数の粒子の集まりで近似 

n  モデル選択 

	

	

 

 

 

 

 

 

 

 

 

 

 

 
	

	

	

	

	

	

	

	

	

	

	

手法	

•  局所電流の束を電流ダイポールに置き換える（位置とモーメントを持

つ6次元の物理量）	

仮定	

Ø  EEGは脳内のダイポールから生成された信号である 

Ø  時刻tのダイポールの位置は時刻t-1のダイポールの位置から連続的に変化する 

Ø  EEG測定中に脳内のダイポールの個数，位置，モーメントは変化する 

 

 

 

 

 

 

脳波の生成モデル 

頭部（頭皮，頭蓋，脳）の誘電率を考慮し，頭皮上に脳波を形成する伝達関数（3層モ

デル）を利用 
 

 

 

 
	

	

	

	

	

	

	

	

	

取り組む問題：	

各時刻において，観測できない内部状態であるダイポールの個数・
位置・モーメントを推定する	

問題設定	

本発表は，金田有紀，中村圭太，村田昇（早稲田大学），園田翔（理研），赤穂昭太郎（産総研），川崎真弘，宮内英里（筑波大）との共同研究に基づいたものです	

4 g
z t | N |  

  

‣ 生体信号から脳内の活性化位置を特定する手段が求められている． 
（脳のしくみの解明，てんかん等の脳の疾患の診断や治療） 

‣ 非侵襲的かつ臨床応用に適したEEG(脳波)から脳内の活性化位置 
規模を推定したい．

4 E E t g

‣ 局所電流の束を電流ダイポールに置き換える． 
‒ダイポールは位置とモーメントを持つ6次元の物理量．
5 g6

1G F P TF OE
8F P TF G 8   F P TF E
1 E F P TF G A

| i

. E 4 E

�

頭部 �1�

ytdk
t

d(1)t d(2)t

•k 2 G 3�1�

http://en.wikipedia.org/wiki/Functional_specialization_(brain) http://neurotransconcept.com/diagnostics.aspx

F P TF  

‣ 人工ダイポールを設定し，観測モデルを用いて人工EEGデータを生成． 
‣ 人工EEGデータからダイポールの数, 位置, モーメントを推定できるか確認．

4 fi

4
‣ 両耳への聴覚刺激に関する実EEGデータ(artifact除去済み, 62ch)を解析． 
‣ 1個のダイポールの位置とモーメントを推定．

http://cplnet.jp/index.php?Psychophysiology

‣ 神経細胞が発火すると周囲に局所電流が発生する． 
‣ EEGは局所電流から生じた頭皮上の電位を電極で観測したもの．

1 4 E 22222 g
1 4 E 2

p(dk
t |y1:t)

k̂

yt

dt

�
g

：時刻tのEEG 
：時刻tのk個のダイポール 
：EEGの観測モデル 
：ダイポールの位置の遷移モデル

t 1

t 1t 1

�

t 1
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dt dd
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- モデルの尤度の計算方法の改良とモデル混合について
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- シミュレーション実験により，本手法の有効性を確認した． 
- 実データ解析において，生理学的知見に合う結果が得られた．4 g E E

- 複数の粒子フィルタにより位置, モーメントを推定する． 
- モデル選択基準により最適な個数を選択する．

= I C
= F P T F

0-‐‑‒ g 4 E  
E E

‣ k個のダイポールの分布を“多数の粒子の散らばり”で近似し推定する．

‣ 時刻tのEEGに最も合うモデルを最適な個数のモデルとして選択する．
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‣ 生体信号から脳内の活性化位置を特定する手段が求められている． 
（脳のしくみの解明，てんかん等の脳の疾患の診断や治療） 

‣ 非侵襲的かつ臨床応用に適したEEG(脳波)から脳内の活性化位置 
規模を推定したい．

4 E E t g

‣ 局所電流の束を電流ダイポールに置き換える． 
‒ダイポールは位置とモーメントを持つ6次元の物理量．
5 g6

1G F P TF OE
8F P TF G 8   F P TF E
1 E F P TF G A

| i

. E 4 E

�

頭部 �1�

ytdk
t

d(1)t d(2)t

•k 2 G 3�1�

http://en.wikipedia.org/wiki/Functional_specialization_(brain) http://neurotransconcept.com/diagnostics.aspx

F P TF  

‣ 人工ダイポールを設定し，観測モデルを用いて人工EEGデータを生成． 
‣ 人工EEGデータからダイポールの数, 位置, モーメントを推定できるか確認．

4 fi

4
‣ 両耳への聴覚刺激に関する実EEGデータ(artifact除去済み, 62ch)を解析． 
‣ 1個のダイポールの位置とモーメントを推定．

http://cplnet.jp/index.php?Psychophysiology

‣ 神経細胞が発火すると周囲に局所電流が発生する． 
‣ EEGは局所電流から生じた頭皮上の電位を電極で観測したもの．

1 4 E 22222 g
1 4 E 2

p(dk
t |y1:t)

k̂

yt

dt

�
g

：時刻tのEEG 
：時刻tのk個のダイポール 
：EEGの観測モデル 
：ダイポールの位置の遷移モデル
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t 1t 1

�

t 1

��
dt dd

yy yt

k kk

g g g g

0 100 200 300 400

−0
.3

0.
1

time step

T8

0 100 200 300 400

−0
.3

0.
1

0 100 200 300 400

−0
.3

0.
1

time step

F4

0 100 200 300 400

−0
.3

0.
1

0 100 200 300 400

−0
.3

0.
1

time step

C
z

0 100 200 300 400

−0
.3

0.
1

0 100 200 300 400

−0
.3

0.
1

time step

Pz

0 100 200 300 400

−0
.3

0.
1

0 100 200 300 400

−0
.3

0.
1

time step

F3

0 100 200 300 400

−0
.3

0.
1

0 100 200 300 400

−0
.3

0.
1

time step

T7

0 100 200 300 400

−0
.3

0.
1

●●
●
●

●

●●●
●●
●
●●●●
●

●

●

●●

●
●●●●
●
●●
●●●●●

●

●●●●

●

●●●●●
●●
●
●●●
●
●

●

●
●
●●
●
●
●
●
●●●
●
●

●●
●●
●
●
●●

●●●●●●●●●●●●
●
●●●●

●

●●
●
●●
●●

●

●●●●●
●

●●●●

●
●

●

●●

●●●

●
●

●
●●

●●
●
●

●

●
●

●●●

●

●

●

●●●
●●●●●

●

●●●●●●

●

●●
●●
●
●

●●

●●●●

●

●●●●●●

●

●●

●

●
●
●●●●
●●●●●
●●●
●●●●●●

●
●●
●●●●●

●

●

●

●

●

●●●

●

●●●●●●●
●●●●●●●●●●●●●●●●

●●●●
●
●●●●●●●●●●

●●
●

●

●
●●●
●
●●●●●●

●●●●
●
●●
●●
●●●

●

●●●●
●
●●●●

●

●●

●

●●●●●

●

●●●●
●●
●
●
●
●

●●●●●
●●

●

●●●●●●

●

●●●

●●

●

●

●●●●●●

●●●●●●●

●

●

●

●

●

●●
●
●

●

●

●
●
●

●●

●

●

●●●●

●●

●●●●
●
●
●●●

●

●

●●

●

●●●●●●●●●●●●●●●●●
●●●

0 100 200 300 400

−0
.0

5
0.

05

time step

lo
ca

tio
n 

x

0 100 200 300 400

−0
.0

5
0.

05

●●

●

●●
●●●

●
●
●

●●●●
●
●●●●●

●
●●

●●

●●

●●●
●●

●

●●●
●●●

●●●●
●
●

●●●

●●

●●●
●
●●●●
●

●
●●●
●
●
●●
●●●●●●

●
●

●●●

●

●●●●●

●
●
●
●●●

●
●●●

●

●

●

●

●

●

●
●
●

●
●

●●●●

●●

●

●●

●●●

●
●
●
●●

●
●
●
●

●
●
●
●
●●

●●●

●
●●●
●●
●

●

●

●●

●●

●
●

●●●
●●●

●

●●

●●●●

●

●
●

●●●

●

●
●

●

●

●
●

●

●●●

●●●●
●
●
●
●●

●●
●●●

●

●

●●●

●●
●

●●●

●

●●●●
●
●

●●●●

●●
●
●

●●●●●

●●
●●
●

●

●
●

●

●
●
●●

●●

●●
●●●
●

●●

●

●
●
●

●●

●●●

●
●

●●●●●

●●●●

●

●●

●●

●●●●●●●

●●●

●
●

●

●●●

●

●●●●
●
●

●
●
●
●

●
●

●
●
●●●
●

●
●●

●●

●
●

●●●

●●

●

●●●

●●

●
●
●●●●●●●●●

●
●●●
●
●
●
●
●●●●●
●●

●

●

●●●●

●

●●
●
●

●●

●
●
●●

●
●
●●●
●●●●●

●●●●●●●●●●●
●●●●
●●●●●

0 100 200 300 400

−0
.0

5
0.

05

time step

lo
ca

tio
n 

y

0 100 200 300 400

−0
.0

5
0.

05

●●
●
●

●

●●●

●●

●

●●

●●

●

●

●

●●

●
●●
●
●●
●●●●●
●
●

●

●●
●
●

●

●
●●

●●
●●

●

●●
●
●

●

●

●

●

●●
●
●
●
●
●●●

●

●

●●
●●
●

●

●●

●●●●
●
●●
●●●●●
●

●
●●●

●

●
●●●
●

●●

●

●

●
●●
●

●

●●●●

●●

●

●
●

●●●

●
●

●
●●

●●

●

●

●

●

●

●
●●

●

●

●
●●●
●●●
●
●

●

●●●●

●
●

●

●●
●●

●
●

●●

●●
●●

●

●●●●
●
●

●

●●

●

●

●

●●●●●
●
●●
●

●●●

●
●●●●
●

●
●●●●
●●●
●

●

●

●

●
●●●

●

●●●
●●●
●●●●●●●●●

●
●●●
●●●●
●

●

●
●

●

●●●●●●●●
●
●
●●
●

●

●
●
●
●
●●

●●●●
●
●●●
●
●
●
●●●●●●

●●
●●
●

●

●●●●●●
●
●●●●

●●

●

●
●●
●
●
●
●

●
●

●

●●●●
●
●●

●

●
●●●●●

●

●●●

●●

●

●

●●●●●●

●●●
●●●●

●

●

●

●

●●●●●

●

●

●

●

●

●●

●●●●●
●

●●

●
●●●
●

●

●●●
●

●

●
●

●

●●●●●●●●
●
●●
●●●
●
●
●●●●

0 100 200 300 400

−0
.0

5
0.

05

time step

lo
ca

tio
n 

z

0 100 200 300 400

−0
.0

5
0.

05

●●
●
●●

●

●●

●

●●

●●

●

●

●

●

●
●
●●
●

●
●

●●●

●
●
●
●
●

●

●

●
●

●

●●

●●●

●
●

●

●●

●
●

●

●

●

●●●

●

●

●

●●

●●
●
●
●
●

●
●

●

●

●

●

●

●

●

●
●●
●
●●●
●

●●

●●

●
●
●

●

●●●

●

●

●●●●

●●
●

●

●●●

●●●
●

●●

●
●●
●
●

●●

●●
●
●

●

●

●
●

●

●

●
●

●
●
●
●

●●

●●

●
●

●
●

●
●●
●
●

●

●
●●●

●
●●

●

●

●

●●●●

●
●
●

●
●
●
●

●●
●●
●

●

●●

●
●

●
●
●

●
●
●

●
●

●●
●
●●●
●
●
●

●

●

●

●●●

●●
●

●
●

●

●

●
●●

●

●
●

●●

●
●
●

●
●

●

●

●

●
●
●

●●
●●
●●●

●

●

●
●

●
●
●
●

●●
●●

●

●●●

●
●
●

●

●
●●

●

●●
●

●●
●
●

●

●

●
●

●

●●
●

●
●

●

●

●

●

●

●
●
●

●

●

●
●

●
●
●

●●

●

●

●●
●

●
●
●
●

●
●●●

●
●

●

●

●

●

●

●

●

●

●

●

●●
●●

●

●●
●●

●
●
●●
●

●

●

●
●

●
●
●
●
●●

●●●
●

●

●
●
●●

●●
●●●
●
●

●
●

●

●
●

●●

●

●
●●

●

●
●●●
●
●
●
●

●

●●●●●

●
●●

●
●
●●

●
●

●
●

●

●
●

0 50 100 150 200 250 300 350 400

0.
0

0.
4

0.
8

time

G
O

F

前

右

頭頂
z

y

x

0-‐‑‒ (    0-‐‑‒ ) 4 g

電
極

http://simple.wikipedia.org/wiki/Neuron http://www.miyuki-net.co.jp/jp/seminar/densearrayeeg/densearrayeeg.shtml

5 6

����
��
- モデルの尤度の計算方法の改良とモデル混合について
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- シミュレーション実験により，本手法の有効性を確認した． 
- 実データ解析において，生理学的知見に合う結果が得られた．4 g E E

- 複数の粒子フィルタにより位置, モーメントを推定する． 
- モデル選択基準により最適な個数を選択する．

= I C
= F P T F

0-‐‑‒ g 4 E  
E E

‣ k個のダイポールの分布を“多数の粒子の散らばり”で近似し推定する．

‣ 時刻tのEEGに最も合うモデルを最適な個数のモデルとして選択する．
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実験結果	

•  粒子フィルタによる予測分布の期待尤度 大化に基づき情報量基

準を導出： Information Criterion for Multiple Particle Filter  
 

 

 

 

 

 

 

 

 

 
	

	

	

	

	

	

	

	

	

	

	

which satisfies

�1

2
⇥MPIC(k) !d E⇡⇤ [log ⇡k], (15)

as the number S of electrodes tends to infinity. The proof is given below.

We select

bk := argmin
k

MPIC(k),

as an estimator of the dipole number. For a technical reason, we intention-

ally forgot the location parameter s. Namely, we identify an EEG record,

{Y (si)}Si=1, as a collection of i.i.d. samples drawn from an unknown proba-

bility distribution ⇡⇤ that does not depend on s.

Proof of (15). The predictive distribution is given by

⇡k(Z | Y t) =

Z
fk(Z | x)⇠k(x | Y t)dx

=

ZZ
fk(Z | r, q)p(q | r, Y t)dq ⇢k(r | Y t)dr.

Thus the expected log likelihood is given by

E⇡⇤ [log ⇡k(Z | Y t)] = E⇡⇤


log

ZZ
fk(Z | r, q)p(q | r, Y t)dq ⇢k(r | Y t)dr

�
.

Fix r and write bq = bq(r, Yt). Then,

f(Z | r, q) ⇡ (2⇡)3k/2|SJ |�1/2f(Z | r, bq)�(q; bq, (SJ)�1). (16)

As bq is the maximum likelihood estimator, bq !d �(q⇤, (SJ)�1) as S ! 1.

Hence we can assume that

p(q | r, Y t) ⇡ �(q; bq, (SJ)�1). (17)

Put (16) and (17) together, we have
Z

fk(Z | r, q)p(q | r, Y t)dq ⇡ (2⇡)3k/2|SJ |�1/2f(Z | r, bq)
Z ⇥

�(q; bq, (SJ)�1)
⇤2
dq

= 2�3k/2f(Z | r, bq), (18)
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Figure 7: Estimation errors obtained by 10 sets of tracking results for three dipoles (Type:F) with SNR 10 dB (left) and 5 dB
(right). For the location variable, the estimation error decreases over time.
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Figure 8: Comparison of the accuracy among AIC, BIC, MPIC (for particle filters respectively), and DYNAMO (AIC for EKF)
examined with 6 types of 10 sets of trials. In all cases, DYNAMO and AIC come to the worst and the second worst places
respectively. As the dipole number increases from Type:D to F, AIC comes to perform better, by contrast, BIC comes to
perform worse, and MPIC developed a stable high performance.
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Y
new

= y
new

occurs from the posterior knowledge. By the independence assumption on f , the joint predictive
distribution of Y n

new

= {Y
new

(si)}ni=1

is given by

Y

n
new

⇠

nY

i=1

⇧k(Ynew

| y

nt; si).

We select k of the most predictive DSL procedure in the sense of the predictive distribution ⇡k. In other
words, we select k that attains

min
k

KL(⇡⇤
k ⇡k).

Here ⇡⇤ is the ground truth distribution of EEG Y

n
new

.
Recall that the KL divergence is given by KL(⇡⇤

k ⇡k) := E⇡⇤ [� log ⇡k(Y n
new

| y

nt)]�E⇡⇤ [� log ⇡⇤(Y n
new

|

y

nt)], and the second term is a constant. Thus, the KL minimization is equivalent to the minimization of
the first term, or the cross entropy:

min
k

E⇡⇤ [� log ⇡k(Y
n
new

| y

nt)].

By the definition of Y
new

, we cannot obtain ⇡⇤, and we only have “observed data” y

nt. Namely, we
have to estimate the cross entropy from y

nt. As a tractable estimator of the cross entropy, we derived the
following:

E⇡⇤ [� log ⇡k(Y
n
new

| y

nt)] ⇡ Eb⇢[� log f(yn
t | r

k
t ,

c
q

k(rkt ,y
n
t ))] + 3k log(

p

2e). (17)

The proof is given in Appendix B. Here, Eb⇢ means the particle approximation of the expectation E⇢ with
respect to the posterior ⇢(rkt | y

nt), namely, Eb⇢[f(Rk
t )] :=

1

m

Pm
i=1

f(rkt|t,i) for an arbitrary function f .

By using (17), we define MPIC, or an information criterion for multiple particle filters, as below.

MPIC(k) := 2⇥
⇣
Eb⇢[� log f(yn

t | r

k
t ,

c
q

k(rkt ,y
n
t ))] + 3k log(

p

2e)
⌘
. (18)

Namely, 1

2

⇥MPIC(k) is an estimator of the cross entropy E⇡⇤ [� log ⇡k(Y n
new

| y

nt)]. We select

bk := argmin
k

MPIC(k), (19)

as an estimator of the dipole number.155

2.4. Simulation with Artificial EEG data
We applied MPIC to artificial EEG datasets to examine its performances: tracking and dipole number

estimation. In Experiment I, we run a single DSL procedure with known dipole number to examine the
tracking performance. In Experiment II, we run multiple DSL procedures with unknown dipole number
and use MPIC to estimate the dipole number to examine the performance of dipole number estimation. we160

compared our method, the particle filter with MPIC, with existing techniques: AIC, BIC and DYNAMO.

Data Generation
First, we generated sample paths x

k(t)
t (t = 1, . . . , 60) of artificial dipoles with time-dependent dipole

numbers k(t), according to 6 types of creation and annihilation patterns as depicted in Figure 4. The
dipole number changes in Type:A–C, and does not change in Type:D–F. This is not stochastic but simply165

deterministic. At the moment of the dipole creation, we generate a single dipole with random position and
moment. At the moment of the dipole annihilation, we randomly select a single dipole and remove it. For

each type we generated 10 sample paths. The location r

k(t)
t transits according to the transition model (7)

with �2

loc

= 0.012 µV2. The moment q

k(t)
t oscillates sinusoidally with frequencies ranging from 7 to 13Hz

and it rotates circularly. Then, we generated artificial EEG records ynt according to the observation model170

(4) with SNR 5 dB and 10 dB. We arranged the n = 62 electrodes in reference to the international 10-10
system of EEG sensor placement, depicted in Figure 5. Following Berg & Scherg (1994), we set the radii r`
and conductance �` as shown in Table 2.
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Figure 4: Creation and annihilation patterns of artificial dipoles. Gray band indicates that the corresponding dipole exists.
For each pattern, 10 sample paths are generated.

Table 2: Parameters for Artificial Head Model

brain (` = 1) skull (` = 2) scalp (` = 3)

radius r` m 0.074 0.080 0.085
conductance �` Sm�1 0.33 0.0042 0.33

Hyperparameters of Particle Filter
According to our preliminary trials, we determined the numbers of particles as in Table 3.175

Table 3: The Number of Particles

one dipole two dipoles three dipoles

2, 000 10, 000 30, 000

Comparison to Existing Techniques
We compared MPIC to ordinary AIC and BIC as defined by

AIC(k) := 2⇥

✓
min
r

k
t

[� log f(yn
t | r

k
t ,

c
q

k(rkt ,y
n
t ))] + 3k

◆
, (20)

BIC(k) := 2⇥

✓
min
r

k
t

[� log f(yn
t | r

k
t ,

c
q

k(rkt ,y
n
t ))] +

3k

2
log n

◆
(21)

as the criterion for determining the dipole number.
In addition, we compared our method to “DYNAMO” proposed by Antelis & Minguez (2013), which is

the most relevant method to ours. DYNAMO ran extended Kalman filters (EKFs) for each dipole numbers
in parallel, and statistically selected the best EKF by using AIC. We used particle filter and MPIC, instead of180

EKF and AIC. Note that some assumptions are significantly di↵erent, and thus we had to tailor DYNAMO
to fit our settings. Those di↵erences are, (1) DYNAMO assumed that they have given both EEG and MEG,
on the other hand, we assume that we have given EEG only, because EEG is easier to acquire than MEG;
(2) DYNAMO assumed that an ideally low-noise signal (50 db SNR), on the other hand, we assume that
much realistic noisy signal (10 and 5 db SNRs). Furthermore, the synthetic data used in the DYNAMO185
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•  ダイポール数が様々なパターンで切り替わる人工データを作成し，提案手法でダ

イポール個数・位置・モーメントを推定．ダイポール位置はマルコフモデルに従い，

モーメントはランダムに遷移． 

 

 

 

 

 

 

 

 

 
	

	

	

	

	

	

	

	

	

	

	

•  １０セットのデータに対してダイポール数を推定した際の時間平均精度 
←提案手法が多くの場合他手法と同等以上の精度を達成した 

 

 

 

 

 

 

 

 
	

	

	

	

	

	

	

	

	

	

	

•  両耳への聴覚刺激に対する実EEGデータ(62ch)を解析し，提案手法により神経生

理学的な知見と整合性の取れる位置にダイポールを推定できた． 

 

 

 

 

 

 

 

 
	

	

	

	

	

	

	

	

	

	

	

1

2

MPIC(k)
d�! E⇡⇤

[� log ⇡k(Y
n
new|ynt

)]
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