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Abstract

Tomographic imaging is a technique for exploration of a cross-section of an
inspected object without destruction. In this research, the series of photographs taken around
the opaque object under the ambient light is completely served as the projections- the so-called
’photo-graphic tomography.  From the process of tomography, the outcome is the stack of
pseudo cross-sectional image. Not the internal of cross section is authentic, but the edge or
contour is valid. In this paper, the concept for 3D modeling using photographic tomography was
extended to the case where the camera pose can be varied arbitrary. In such case, camera
pose is .determined using general camera modeling technique. The extracted geometric
transform matrix is used to reorient reconstructed data before implementing the tomographic

process. The simulation result is very promising.
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@ﬂ‘ﬂ 212 mﬂu“a‘l?ﬂmﬂmum@w'a'\smﬂmqLmuumu.'uuwmwmzﬂzmaaﬁ:mwmmm’mu

(Equally space collinear detectors)

» d Q) ..... - » - o IQ ) . i s V‘ 1 V v
gl 2.13 WrAdingewnuAuuAsLILRATIRAN TN Tz aEinasE iR FLinAY
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Taefign 40C wirffufiugu OSC uaz D Fesvazvinssswinunasiuilnuadiiqn S fis
aafufia 0 anaunislisisadunuuruiudsuaunimisaianindagansuuufiameiuia

Tsiandulsne
27r1
) —j Ipa H(r cos(0 - )~ £)ded® (2.22)

dia f(r,4) ﬁ@mwvmw’l,&‘luszuuwnmmanau (Polar coordinates) lHunuAMANUE

annng (2.21) luaunng (2.22) azlé

1 2x—tan(s,, /D) s, sD
fr.f)=7 I I Pp+,(—J—;2—+—S—;]

—tan(s,, /D) —s,
_ D D’ (2.23)
y? +tan™ i)— S dsd
(rco‘{ﬂ (D ¢] Torrst ) asy o
e
3
ddd =—2__dsap (2.24)

(DZ +s2)3/2
a; 4 ' e: d' ] o 1 o o
AINANINETA (2.23) s, AeAunfigaaes s esasiusiaaduuariviniy ¢, saslusaaduiuy
gu —tan(s, /D) uaz 27 —tan~' (s, / D) lwamagluteq 0 e 360 a4 @aunuduiug
senindayalusaadunuuiniuuunaunuldiiy
sD } (2.25)

R (S) Dpey (_1)\/'—?
Ay

uwny R, (s) Tlsapdumniialuannis (2.23) Feuannisléidu

2z-tan(s,, /D) s,

feh=5 | R

~tan(s,, /D) -s,

. 4(s) ) sD D’ (2.26)
h(rcos(ﬂ+tan [D) ¢) m)(D2+s2)3’2 dsdp
wanaasHawmes 4 daulvailiiiy

af s sD
ron{ i I(B)“”)‘—\W

=rcos(f - ¢)m—(D+rsm(,B P)) ———— I

+Ss

(2.27)
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RIMMOTYANITY TISIUNING W IAN TSR

223 NI9ASINNINAAUINLLLING?8 (Cone-beam reconstruction)

nsa¥rnananndngiiilu 3 fRanitnisafranindasielasiarsanmisinuuaauuy
snuaLILRATEansana i laen1saieniwiniavaesinquuy 3 iRviazaladviiaiios 2 NA

udareeninmsinaaausiazaladnsaniudagi 2.14

,
\

'

'
-~

)

deccocsssncssadueae

Vgoccscncavandeas
B R s

N
’
!
\
1
~

d o o/ e
gﬂﬂ 2.14 N1FAFNNNFATINANTRAG 3 AR

lunsa¥ennsinTeiiansmiadniasiuunge Mnisiansandudeaiuiuniemy

WAULILIWA ABUNUMIANLELLTATIRI Y ETUT UL (xy) T8 musiazaladiiqamiyuei

Aumdaunasniiiauaanagyl 2.15

).- Rlir)

RN

]
<

Detection
plane

d et - - o
“a:ﬂ‘VI 2.15 ﬂ"li‘W’Q"l‘i‘m’Wl'NLﬂuLLﬂQLLUUﬂ?’JEﬂuzﬂlLUUYIﬁQLﬁULLﬂQI.I.‘LIUWﬂ

farraansansuasuunsasfeannarlunsinanulitenasdefinaligilon léFu Funody

$ddndienaidon Wewnnluwdazmazarsf@idndifeinfadea taaldfinlauaaiieduinen

83845 i



Al 215 Ry(p,g)  ihlunanduiilfanniadafediindgnanaFandussuiy 2 85 e

8
Tusapdu R, (p,s) Wiluilarifuesu B uazsinunianuszing 2 R (p,¢)

2.2.4 Tisiaagunasing 3 HR(Three-Dimension Projection)

lusiaaduresing 3 ffdsznaudae 2 douna TneafAunraamiuiunas(s,s,r)  uay
TrsefAunresing (x,y,2) SaonuduiugAuaInnsMauiegUT 2.16 (coordinate-rotation) 7 2
nIuURRIALILAY Z TB9ANFLYNNTRNEILALN L 6 Lmzﬁfegmﬁ'uﬁmmmuunu ¢ dhisgawiniu

y Fadeuaunisanduiusluiaffuaassein [3,14] Ae
t 1 0 0 cosd sind Ofx
s|=|0 cosy siny|-—sin@ cos@ 0}y . (3.28)
r 0 —siny cosy 0 0 1]z

. ... .. o

511 2.16 AnudNiufIRInsuyUIRLTULTARETALUA

=

Tsiapduntisuuaesdng 3 77 £ Haunisie

S 2.29
By tr)= [£(5r)ds (2.29)
-S,

angunsi (2.29) TWsaaduidiuflariu 4 sawlsde (,6) dwshulsdwiuszyannuas
fiannerassuufina (x, y) uaz (ry) Awfussuuifn (s,2) wilussuumnsAuuasuuunaas
(cone-beam system) unasiufianasazgnuyuieyuiniy g uazHasINTRadIRluNUdoe
Ry;(p', ¢) el

p' Dy, _ ¢'Dg (2.30)

b= =
Dy + Dpg

Dy, + D
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e D, Aeszamineszudneqaua (Center of rotation) Daunserniinuas uaz Dy Aa

3 ' =3 o dl =l [V ar a :/1 i
s:ﬂzmas:m'wiwsgummnmsmLsnﬂuﬂqmﬁuwuﬁmmmuﬂﬂm:numaLmuLmemm‘Lmﬂ@

hed » uae ¢ Hwihiiszydumiasssnuuauuuiaited fan) Aliudng

t

6=p+tan™ [L]

_ DSO

_p\/D;o"‘gz

DSO
DSO

r=g————
\/D§o+§2

(2.31)

(2.32)

(2.33)

t 74
TUNNINAAELNTLLAUNNTAFN N INARTeuLLnaatiazlduiLdnaes Shepp and Logan

head phantom wiu 3 iAnlsznaufuandngzunedd A11eii3.1 WAAITUNANAZ AT LINSSE

pingpiagiiil 2.17

d 1) a ) o [ Qo
M1919% 3.1 ‘wqmmegﬂwquﬂmmmmm%q Shepp-Logan head phantom WL 3 HF

Ellipsoid Coordinate of Axis Lengths Rotation Angle Gray Level
The Center(x, v, z) (A; B, C) B (deg) P
a (0,0,0) (0.69,0.92,0.9) 0 2.0
b (0,0,0) (0.6624,0.874,0.88) 0 -0.98
c (-0.22, 0,-0.25) (0.41,0.16,0.21) 108 -0.02
d (0.22, 0,-0.25) (0.31,0.11,0.22) 72 -0.02
e (0,0.1,-0.25) (0.046,0.046,0.046) 0 0.02
f (0, 0.1,-0.25) (0.046,0.046,0.046) 0 0.02
g (-0.8,-0.65,-0.25) (0.046,0.023,0.023) 0 0.01
h (0.06,-0.065,-0.25) | (0.046,0.023,0.023) 90 0.01
i (0.06,- (0.56,0.04,0.1) 90 0.02
i 0.105,0.625) (0.056,0.056,0.1) 0 -0.02
(0,0.1,-0.625)
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1G] ©)

d aa o o
gthn 2.17 Shepp and Logan head phantom i1y 3 ummmummm'ﬂuns:mums‘aﬁ”"\qmw

wuunge

(a) Shepp and Logan head phantom wuy 3 35
(b) NMAR1913 A aladi 98

(¢) plismadialun a9 A aladi 98

(d) nMAn191 B aladi 208

(e) glsmadinlunmiiagane B aladi 208
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225 Feldkamp %32 Ranasuiinlilsiaaguuuu 3 AR (3D Filtered Bacdprojection)

nsafenmnduatiamesuialunaatuuun 3 fif TuiiinisdwiReafiufidiamed
LiaTUs At uuLLTUNY ussnef R dun1AUIeIuas TaamnsaRarrnnniaaunasldidugiin
(Fan-beam) luszuny 2 A3 ufaszundaindrovsusauuny p naqemuegfundeiniinuas

GuusnliRa1sanaNnIInsaF 19N wNALLLLWA(Fan-beam reconstruction) Tussuunfin

(r,¢) Aa

171 (2.34)
g(r,¢)=5 OI? [R, (p)(p'- p)_\/ETo—_P-_dpdﬂ
.__Dyreos(5-9) e O (239)
P= Dg, +rsin(ﬂ —¢) h(p)— ﬂa)l ¢ dé)
U(r, ¢’ ,B) — DSO + ’;ln(ﬁ — ¢) (2.36)

Aengunizanudiiug (r,¢) WeelussuulreafRiunnsuyu (¢, s)1dAe

t=xcos B+ ysinf s=ycosB-xsinf (2.37)

- X =rcosg y=rsing (2.38)
D Dy, —

pl_ SO U(x, ¥, Z) —. 80 s (239)
Dg ~s Dy,

zmmm%‘wmwLmuﬁmlmwuiﬂfam“’a wn (¢, s ) Genlidy

= so -’ Dy .
g(t,S)—%oI( . IR (p¢) [ t—p] dpdfs (240

-8 2 2
Do Dgp +p
J ] o [} ° ' [ 1
dlauaalfeuszunllasgyy 2.18 snlfldanunsaldannisy (2.40) 1AHaRNILaEN19BIUAY

A o Q9 o
wlaeuly ﬁﬂuaums‘a?‘ﬁqmmmuwmmmu (t',s') Ae

D'yt D (2.41)
)=t R ot Do 4ap
g(t'.s) j ] £ (p:¢) ( Doy p] g dpds

so -

Thedl ¢ ARAMNEITBILALULRALLUNUMYIAE dB' MTFann
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ol

§
D, d,
Dsodﬂ=D'so dﬂ' dﬂ'= SO' ﬂ (242)
DSO
A 4
fmtt PRt ¢ gl i (2.49)
] S0 Dy, S SO Dy, -5

unudn D', #at Dy, uar B' don B Weuanns(3.41) dmiumnszsunuuasléid

) (2.45)

lZIt
glt,s)= I( _S)z IR (pg)h( e ) mdpdﬁ

be

Taeduneuresiamefutialisaaduuuy 3 sl

o o/ o D A '
1. ilsiandu Ry( p, ¢ )gnusiaeritaridu A Wawd e
VD5 +¢* +p’

Dy, (2.46)

R@Ch =R @LH) Liciin
SO

2. paulagiulisiaafu R, (p,¢) fu %h(p)‘lﬁn'ﬁ 0,(p.s) Aa

(2.47)

0. B)= R'@,Cﬂ)*%h(p)
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v
3. wialsradusosAurninafuaninaiusy sn1evaddunasdniussuuTaaafAluauLIL 3 NF

2z
o(xy.2)= =220, (ps. BN (248)
¢ (Do — )
17190
1% ot D (2.48)
fx,y,z)== R@p¢ )h( = —p) 0 dpdp
2! so_) _[09 ¢ Dy, - D} +¢*+p° ‘

226 ART Waz SART wuu 3 AR (3D Algebraic Reconstruction Algorithm)
ar a8 [ aa a Y o o/ A & & o’
AANB3aNNITATINNINULL 3 SRannsaRansan iddusgaiuiamasudalsiaadunuy 3

aa d a a o ¢=; da’ . d' o = a o
R ﬂ’ﬂW@’]ﬁ‘m'WI’NLﬂuLL@QLLUUWﬂ“/lgﬂtlﬂ‘lm-ﬂ\‘i('l"llted fan-beam) TAeIANgLUIUNNTENIRNAULANAL

o a Y d e a4 o al o o a A <
LLU'U‘lluquﬂqvmﬂ']quﬂLL@'JTHUVW] 2 YUARANATINLINWTATLANIUNDUAR

duieyanadwiizudu

i
a u,
ATTUIUNTTIG

A ldsendu
(Projection)

J1
AuuaIRANE A

(Correction)

4t
sinlysdoyanaduns

(Backprojection)

A j=3 o/ e a
g1l 2.18 uRenlaazunsuaasdaneituidinadn

HANNsTINIasEanaT NS Raadin wuy 3 RRaziuiiauduwuy 2 85 wsnetuAsasian Tl

Y

fayanmidhBuanfenmaiualafimilasaunislipe
N
(k=) (2.49)
(p i Zvn win ]
) _ ,, k-1 h=1
Vj = Vj + I W,

2V

n=l1

i
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viadewlfeelussuuiin (v, »,2) uaz (p,g, B)Re

nz ny

k- (2.50)
Poes ™ Z Z Zv:.b],cwp.s',ﬂ.a.b.c j

(k) _,,(k-D ( c=1 b=l a=I
vx,y,z _vX.,V,Z +2’ nz ny nx wp,g,/i,x,y,z

Z Z Z W;Z:,;,/x,a,b,c

c=1 b=l a=1

LARCAR A (2.51)
Pprep —ZZZVL‘.b‘.cwp,;.ﬂ.a,b,c '

c=l b=1 a=1
nz ny nx P:6.B:%.),2
Pps.pty Z w

p.6.B.ab.c

O G Ry ) c=l b=l a=1

X, ),Z XY,z
W
Ppc.8p

ad a «

ANANNTT (2.50) uaz (2.51) luannisnisairaninndudaedsidaitadinuay 3 AN

a ¥ e 1 o = ' o 1
asunadaaszunlaeafium (p,c, B, %, . 2) wudiafu w, . Bawalugjunn Flaaginglg
Erdaanisai1an naunn 64x64 finaa 4ruau 64 gladiie 64x64x64 taniaa andayalisandy

v v
IUA B4x64 AU 24 YU AITUTUIATDY W An ATUIMITNLA92299BNLTARIN 7]

P.6.B.x.y.2
B4xB4XBAXGAX6AXBAX24 = 25,769,803,776 Wiailszanny 25.769 G-byte iflasandaafiudunn
Lﬂﬂ?’ﬁwﬁnmmLLﬂ'azLé’uLLmL‘flm.l??mmﬁqgﬂﬁ 219 uazdumaunmsdmnnmefinuinaz s
Lﬁu?ﬁmﬂuwi'\ﬁqLﬁﬂlﬂ’ﬁmsﬁﬂmmmuuﬂaL%@Tﬁi'ﬂﬂﬁaﬁnd%‘lﬂluuwﬁ 2 fiada®i 2.7.3 iduutis
radaeily 100 aten FudunaunisAtuInaziniy 25,769,803,776x100 Faviutinlafldan

1]
o ¥ =

arduiudayanflaunlua

U
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/ /
P8 P8 Ppirg. B
_.-"' 3 ’ ’ L4 ....'... -~ i‘..,\ . S v X R—
"\ Val >\ e ’\ -

p PsSsPrast

P P+P6 Brasi

= < ] 2/ L)
il 2.19 mmuanadunafuusuuusing q ludeyadefinng

Forﬂ tonﬂ

For ¢ to NG
For P to Bp

Projection calculation of ray
For Cto NZ
For b to By

For 4 to NX

Correction groiectiaM voxel

Sum of weight

For Z to NZ
For ¥ to By
For X to NX

Distribution Correction to voxel

< ° a
gy 2.20 Tilsunsun1sninaueas ART UULLAN
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For ﬂ to n,B

For § to NG
For pto NP

Projection calculation of ray

For Cto NZ
For b to ny

For d to NX

Correction projection P Voxel
Projectionfsubitraction

Updatind /i
For Z to NZ
For y to By
For X to NX

Distribution Correction to voxel

Uil 2.21 Tsunsunisinatuees SART wuidu

a1ng1lii 2.20 wazziil 2.21 uAAIRIALNTIINIUIIMNATEY ART WAL SART Wuw 3 HA Feilaann

v
deennuazdufeuiivatnann Smaunmsineuianun @l

O(ARTopg) = O(nx ) ny *hz: np ) ng : nﬂ)Projeclion (252)
g O(np ‘n g i nﬂ ) Correction

+ O(nx *hy-nz-np-ng- nﬂ)BackProjeclion

Ppsrp
d a -
g1 2.22 nuassdayadafuaruuduniaiuuas
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[ 1 v ]
fansanmaiuugedq 2.22 azdhufoniussiniludayalunnsiuiled Redouvil

v

1 o o o/ @ v J c‘%’ o & 10 ;g [ ° 1 dl =y
LINUY muunmnm@mmLwlnmemuunm'lm"lLﬂummmunnmtmm mm%zwmsmﬂugﬂ

o o ¥ d. ° Q dy dl k7 d‘ 1 9 2 9/
mmwnmmu‘lmmm mmmumﬁmqmmzwummﬂaw‘lumLﬂuluu@ﬂm

O(ART,,) = O(R - np - ng - 1) pe yjecton (2.52)
+O(np - ng - 1) correction
+O(nR - np - 16 - 1) puckcpr gecion

Taef m Aadndaiisuniaesiudnaeiindumeusuasditsiaadutog

0 < m < nm Wia nm Wuswuarfativauduuas p,  , W8T nm<<nx.xy.xz
=] 1 o o [ (P r%’ ar ,A’/ < @ o 1
r PaAFaTifaumiaresAunninafivintunauudallsdadutdas 0 < r<nr

@ nr udwaudndrtizanduuas p, , UeT nr <<nx.ny.nz

) (2.53)

nm
_ (k-1)
(pp,g,ﬂ Zvaw),b(m).c(m)wp,g,p,m
w

m=1

nm 5
pr,g,ﬂ,m
m=l
nm (1)
Ppes ~ Z; Va(mybmyc(myWp.c.8m
m=]|

nm
Pps.peP0 Z w
p® (k= m=l
Virwrar) = = Vi T Z ” s
D.§.B.r

Pps.pefe

(k) =
Vimnar) = Virynam T A pBor

(2.54)

Ps.B.m
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2.3 nslasBasunaia
2.3.1 uni
a a dd" ) o & a 1 ¥ o ar =
mmﬂmmm'\ﬂmmﬂwqisrgwuﬁmwmﬂaqumenmwm']mﬂmmﬂmwnmmwm@

4
g umlﬂmwnmwu'iﬂﬂhwqmuLm@ﬂmmmﬂmmmwm

232 msutlasdasmadiauuuidadu
uumedunesfiamaina iy tneeiednufesdniniaudraninludetaumicul
eiR-78E NN u?'aﬁmw:gumw“tﬁ’agﬂmguumﬁmmmu fagnansainlilasldnnsuleads
Lﬁ‘ﬂnﬂmm(Geomemc transformation)
Ium?wmmqmmﬂmumuwmmq‘lmﬁLﬂummﬂmqmluﬁnumwm waztiianany
i ladnadainazidauag luglaeaunindg Imﬂmﬂumluﬁmmmman.lauﬂuam P iffmiu
(x,,2) lo] iladesnstesnumicresya P lddiinlnide P Gefiffn (v,y,2) Ainldlae

mathifarasge P liuansuswidndnisutlasdsine T gnnsouanayisndaaanisuladldcal
P=P+T=[x y Z|+|T. T, T.] (2.55)

wananfidleifidnrese Panguiuvindnisudas 7 WWldRinluiae P ez
' 14 v
n1sAINA N1IVYY NsazTian viaau TuegiudmmiweinieluaEndnisulasiuiazang

!/ud

FewlugtlasnviEndlsdal

a b c -
P=P.T=[x y z]|d e f (2.56)
g h i

gruiumaudssdesaadinlunnpenfiamainsfiniaedialludoazilszneudaanisuiles
a o Pz o a o8 o L% o
wanerimlsznauiy usnillasndunisduwnduplieasindieirlianlunisaruanium
a fc‘ ] o o o o
ndndguunuansineiu Asldlinmsdissunidalaliaitles (Homogeneous Coordinate System)
A b/
anlfiieudiiywil
Tusruuffalatudiflua qalussuuaadid (x, y, z) azgnunuianszundindune
1 e‘cl cj 1 i [ 1 o o
(x, y, 2, H) Wgael H flududnimeifiniiiainadeasiidbiviniugud aa (r, y, 2, H ) az
qnuasuenlad (Normalize) flu (x/ H, y/ H, z/ H,1) Tngialalufodn H aedldninfi 1 dsiluqa

(x, y, z) Wpaeiidnluszuufidalabdideadu (x, y, z,1)
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ARG o W
I '
:D E F1 :0:
i
IG H Iv.101
| R 111
A
r==—=-- 2 !
1l J K L i
~_~ - -

51 2.55 dauilsznavaassruudifialaluaitlon
aqngilil 2.55 wEndeias | udeuiinuaduiiunisuilasuule wu nasuy nsaina ns
axion g downninddes It fudouaasnnsihasumbuuundadu uarludiugadiesmisng
dae 1l Wlunissauszmdnamsiedendnefidauaznisulasiiagluginig

¥
aos Inefiseazidearesnisutladuuusngdell

2.3.2.1 M3AaURNRR (Translation)

o o

wyindmsutlas (7,) Mddviunsulssideamsideufiialansnedall

1 0 0 0
0 1 00

T, = @57)
0 0 1 0
T, T, T, 1

:1 1 | i © 1
Tnefidn T,,T, uax T, wansreaznniifesnisiadaudasunuslilluuuouwny X,Y uae

Z snudndu uariinaasqaluszunlaludidan (x',y',2', k) du

1 0 0 O
0 1 0 O
[x' y z h]=[x y z 1]- 0 0 1 0 (2.58)
I, T, T, 1
sa
[x » Z h]={x+Tx y+T, z+T, IJ (2.59)

A a g n;d a < ¥ a d’ 2/
nsaeuFndiilunisulasiifidsclominanlunaenfiaimefnsiln lasainaayanin

14 o d‘ o 174 « o ] ! 1 ] :’; XK o & d’l dl' a‘;
muauuwmmlm:ummm'aqlumumnLmuu asaiusiasnisanAanisulsauuniinaianu
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Afanananaasdeyafuativlfuregiqanuiia (0,0,0) @ereu uanslugud 4.2 Aetialddanas

dl a o G oA al o as v o « a
Lu.lmwuuLa@uwnmﬂuwug'mwm zymmmsmwmwmaﬂfaqummnmwn

1 2.55 nsirauqatanavTasFuaRsfuatiuindiqaiuiln

2.3.2.2 n19dLna (Scaling)

nssnaflunnsulaaiterfun Raurunaasingiidanis Sunndnisudas () s
S. 0 0.0
s-|0 S 00 (2.60)
0 0 S, 0
0 0 0 1

A =) Qr © - I I o o o/
Ined S,,S, uaz S, WuduilszBvinsainadmiuiin X,Y uaz  Z anuandu uaznin

gasqaluszuulalddiaa (x',y', 2, k) iy

S, 0 0 0
0 S 0 0
[x’ y z h]=[x y z 1]- 0 Oy s 0 (2.61)
0 0 0 1
1359
[x' y z h]=lex ¥S, zS, 1] (2.62)

A1 S,,S, usz S, aziflusaiuundnflunisdariaenagil nd1ahe d1 S Hermanada 1

aufluntsenaninuazda S Hartfasanda 1 auflunnsdeaunanin
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51l 2.55 n1sainadng

2.3.2.2 N15uyUIRY (Rotation)
¥ 1
nsmudnguntsvyuingrauunusasieauny Seldud uny XY wisa  Zlaanns
Fedensnedludnenzaaseananaaindialumauuauny wridndnisutlasaeinieiyusetuny
1 a & = o d”
sineluammaduuniing fsa

windnnsutlasasnismyuseuuny X Ty 6 Ae

1 0 0 0
R. = 0 cosd sin@d O
¥=10 —sind cos® 0 (263)

0 O 0 1

windnisutlasaasmevyusauun Y iduyu ¢ Ae

cosg 0 -—sing O

R, = 0 : 0 0 (2.64

"“lsing 0 cosg O 54
0 O 0 1

wrndnnsudlasesmevyusaunny 2 il ¢ Ae
cosp sing 0 O
—sing cosp 0 O
= 2.65

z 0 0 10 263)

0 0 01
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z
wyuseu z = 90° wyusau y = 90°

g1 2.55 nMsutaauuvuIaLLNUINETN

2.3.2.4 n98zNau (Reflection)

_ o

v o % a o o o a) =l v J ¥
mm:wammqLﬂumm:wauwnmmomq'lﬂmwnmmq'anmuuuwm?:mumm:wau
v
XY, YZ 38 XZ wivisndaaanisaeiauiinesialiil

wyBndeaenisasiauiussuy XY Ae

1 0 0 O
01 0 O
7 - 2.66
S 00 -10 o
0 0 0 1
aulamaniciie z Tae 2'= -z
wydndeasnnsasiauiuseuiu YZ fe
-1 0 0 O
0O 1 0O
Rf.. = 2.67
fre 0 010 .
0 0 0 1

o = ,
auulasuanicing x lag x'= —x
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Rfyz = (2.68)

o o o —
o o |

pu—
o - o o
==

4 o o/ ]
azilasaniziin y T y'=-y

vy

H

A—p Bt

51l 2.55 nsazvieuingiuszuiu XY -

33



2.3.2.5 n15t2au (Shearing)
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0 0O 0 1
h )x }":X'6

)
1 <&

g1l 2.55 madaulnadiiudiudt z e Sh, =0uaz Sh, =1



2.3.2.5 mga1gnn (Projection)
asananinslunisudasann #idlldly #—188 nasarenand 2 UssinnAsuuu@adu

ualsifudady Waneninusariuiawlaeniznisatsnwnuuidadwintu 41miunisanenin
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& .
1. NITILANLULUAIRIN (Orthographic Projections)
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2. nigRnLLLIwasaLlndiW (Perspective Projections)
dhgtuunisulasBassadinedtmisdwansnainnisudasawildngioniugs
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o d’ a o & o o 1 ] [ Y ar s
mnarasingilasuniaal inefiaouduiusuuunniduiussasinsend ingnuqaguananzes

NITREANTN

Zc

511 2.55 nsarBn wwLLEwasaLnv
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o - 1
fusld r=— aZld x*=

way y*= (2.75)
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1 0 0 0|1 0 0 O
[x 21]01000100—-[x 0rz+1] 2.76
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O o -

[x y z 1]- =[x y z qy+1] (2.80)
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1 000
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3. niswasuuuedn (Multiple Transformations)
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2.4 msdsuLgunaad(Camera Calibration)
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< 13 o < aa a rd’ A 2/ o’ o’ al v
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24.2 MAGAdusuUN1sINlY 3 AR (Geometry for 3D Vision)

2421 madamwluns@infinalandaunuinanaas

lszuunm 2 Badaulvgldunannnisuesing 3 fddwaudresnmitenudandes
quaunaiannduisagnataaslélaenisld Perspective Transformation gl 51 uama
WULSIABE IR ELILATINNN LU UURAalan (World Coordinate System) Aatifinss
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un 1Waa (x, .y, .z, ) wnuqaiidingesdng SR (x,y,) unuqafiiaresingluszuinsesnin i
ANNATITEUNLIDIN NG fﬁ'\q‘l.ﬂwn'm'rnmmﬁmﬁmmﬁﬁhné’mimﬁ f Amenaiareaaud

Taentsldanuwmasuadaeléan

R (2.85)
ZS
G2k (2.86)
z
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(xg 1 Vs zg)

< °
g1# 2,56 UULAIABITBITTLLATINN

ANULLAABINTERNNINE AN AR NN U sEndsuuAiATan (World Coordinate

o/ - o A
System) fuszuURNATEINABIAEANNITN (2.87)
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1
y, =< (2.89)
w

2421 mautlasanmiseanueaiufinia
nsutlaamiganugndliuingaimasBuantmualifiaresnmiiqaintinegiys

anvdrerasnwsiuanlugy 5.2 nsutlasannaanuenafiufingasdaduseddinisiusng
(Aspect Ratio) *MNLwiazunwmswuﬁﬁ’mmwr-i'm'lsﬂ%’uamaLﬂumﬁizufﬁﬁuquﬁnmaﬁiwﬁq

t o or = 4’4’ o [ [ YN Ad ]
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- ¥ ~ \ o o o a o

XoYo ) ‘vlsfamaﬂNgnL?ﬂrmf-gmmnmwmmwm@wmumsﬂw‘imw k, AaANsLfusinaly
fiemns x, k, Aadnslfuainaluianie y uaz s wunsdinesrasninden wdaulugliieu
ndas (Camera Calibration Procedure) tfuqasinszudnsunudaufafuszuiunmiingeasyn

(x,y,) mlFamnanuduiug

X e = kX, + 8y, + %, =kxfx—s+sf&+x0 (2.90)
ZS ZS
Vs 2.91
- Vo =,y o =k S Ty (2.91)
A . ,
Vo Y . Im_a,}epoint
g Gy )
Yol Imageleenter x|
Cle |me
gUfl 257 Afinasanm
anansaaglugiaesreaavisnd il
N
u' a s u O
0
X Y
vii=| 0 a, vy O
o0 z, (2.92)
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L
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o o, =k, x, daflurnaugotiialuiia x lumbssasinaauas o, =k,x,Tufuinm

anlrfalufia y Wwnlsswesfiniza amnsaidion

a, s u O ¢, s 0Of1 00O
0 @ v, O[=[0 e 00 1 0 0|=kly|o;] (2.93)
0o 0 1 0f [0 0 0f0 010

o .8 o/ i . A ) .- . .
vend K fénmusiuanwiaaudreun (Upper Triangle) 1um 3x3 H%iadn Calibration Matrix

a i o a . . AO o
Sluwviindfilsznauwisifmainnelu (ntrinsic Parameter) idnAty124ndag

oa o ' v o aw
2423 ns@nnnnuaslanlifauiuiufiinuainaas
lunsdiinalanlideuiuiufifandeuiusiazfiarsanaingiin 2.58 lagasiiudnqe
d' o/ v yd'o |d’ A‘ ! ° [ o o O t & o 3 4
AnarsrasmsTinaadureindesgnanliidnuiduilildmulafaefuiuiunisdifinlanyiali
K

d‘ b7 P ] a o o ¥ a
ﬂﬂ\‘iﬂﬁ’l\i‘ﬂﬂﬂﬂﬁ’ﬂ\mﬂ’\i‘d’]ﬂLL@ZL@HQWﬁHNﬂULLﬂuﬂ'N@Q

v,z

e e L e
519 2.58 LULIAIABINITNANTN

ddg o’ « o } 7 v
lunsaifisnainrsamaruduiufaasninianinainnfasgransanlédneinenis
o . | - - _
wlaeuwlas (Modify) aunng (2.92) Taanng é’qams@mé’qaLum‘nima‘mﬁ'auéha (Translation) LAY
. : aa o P 4 o & a e o
nsuaM (Rotation) 11 3 &f W ldfaunish (2.92) ﬁqLﬁ"\fa;‘lo’i’aumsmmﬁ’uwumjmwnmiannu

o/ '%4

-~ AQ o [} [ 4 [ 4 o o A
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u' ¥s
R -Tj{Yy

vi=K[l.|o § (294)
' [3 | 3]|:o§' 1 il Zz
v 1

Taef R unmsndiiunasonaaanisvgussuu@iia uaz T unwnameilidunamuaansine

SUURARA TNRTNINT

R -T (2.95)
o] 1

gnso@euannis (2.94) lugtwwuidelfiludasnisi (2.96) uaz M Aayiandaas

Perspective Transformation

x=MX (2.96)

2.4.3 msisutfleunaas (Camera Calibration)

[ 4 a o AQASJB 1 dl
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o Ly o i o T ooy {
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o

[ T d { [ ¥
ganadasti [u,v] Teagldannishiadlusannis (2.96) dall

au my, m; m; my
Qv =My My My My (2.97)

a my My My My

o B S

au _mux"' m,y+ mpz+ my, (2.98)

oy |=|myx+ myy+ muz+ My

(94 _m3lx+ MypyY+ Mypz+ My,

o s a A ¥
sannsuafuaalatldaundng 3 1l 1 wasldaunis

U(My X + My Y + Mgy Z + My ) = My, X+ My, Y + My Z + My (2.99)

V(Mg X+ Mgy Y+ My Z + M3y ) = My X+ My Y+ Mgz + My, (2.100)
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Fousacldaunis@adu 2 aunsdwiugaluain 3 fAnilaqauazqaluniw 2 dndeanieaiu

yinnsdauaanis (2.100) ailugulassaviingléilu

m

x yz 10000 -ux —uy —-uz —u R
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0 000 xy z 1 -vx —-vw —-vz -V :'2 =0 (2.101)
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azdiudniidawlsitlainsudn 11 fuls wnufiasdu 12 faulnilesanunamesnisteaned
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Decomposition (SVD) 184 A tvind M Aeunagavneaes v (dieldunind M udadumausaliio
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M =[KR|-KRT] =[A|B] (2.102)

44



' :’/ a L] [y ¢ YK ¥ =l v e‘d‘d a &
AIUULNNINTEIAE 3x3 LNUAE A LIALADTARANUTIINUAZALNUAIE b LALAATNNNITINLRABT

&‘ dl ) -1 I 4 9 9 dl &£ o 1 lﬁl
?zﬂztﬂ@ﬂuﬂﬂ’m']?ﬂLLEIﬂ’c]‘ﬂmJ’l‘lﬂx‘]’]ﬂIﬂEl t=-A b LIALRADT t ’meau“awmnmmwmmnmwm

Image Plane

antiufansan A = KR Taed K fhwvidndanumaauuu(Upper Triangle) waviiiang R
uawiindaalsnauaa nsuanavisnd K uaz R drunsamlataeldmatin QR Decomposition

AmFuNisnd A

45



2.5 NISNARARILATNANTITNARRY
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m[f (x,y,2) - f'(x,y,2)]’ drdydz 1 (2.103)
[[[Lf Gy, )Y’ dvdydz
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-
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< o ° i ° aa
519 2.60 (n) LAASNINAAL219T29ULLAN AR 1 lUN1TNARAL (1) UWAAILLILIATAD 316
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= v o ' S - - o/ dl dl
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40 14.7 460
| 30,
25 |
20 -
9
4
g 15 -
w
10




d o ) o 4 A A ol ) )
s1a 2.61 s uanspuduiufssndirsdnuilnaafuiiufeundasivAanuRanan

500 -
450 -
400 -
350 -
300 -
250 -

Time(s)

200 -
150 -
100 -

50 -

18

24

Number of Projections

40

d |- ’ 4 o/ A i -
sUn 2.63 neuamsdiusssninsdulinaaduinifeuudaaiuegn

< o a o o . .
AN 2.3 Ltamﬁl'ﬂu“afﬂﬁ‘wmmmmﬁ Cone beam {11i35984 Camera Calibration

Cone beam

Camera

Calibration

Cone beam

Camera

Calibration

Cone beam

Camera

Calibration

48




usapdu 1

sapdu 2

lusandu 3

lUsiandu 4
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Cone beam 19.9

Camera Calibration 14.7

Spiral Cone beam 14
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3. wmamanunang M arndayaluwsiaclisiaadu
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Wnaadu | Bunume | Amgase em’) | wwudneea 3 | Aanaia (%)
NBATN 1A (cm?)
(cm3/voxel)
wilanin 24 1x10° 415 453 9.2
N 24 1x10° 710 827.252 16.5
qia 24 1x10° 400 483.248 20.1
Wy 24 1x10° 924 1017.643 10.1
wii 40 1x10° 510 483 5.3
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Indirect X-Ray Detector Panel

Using Multiple Camera

T. Chanwimalueang, N. Srisuk and C. Pintavirooj
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Abstract— This paper presented a design of an x-ray-
detector panel using array digital camera. The main
components consist of series of digital camera, and image
intensifier screen. Image intensifying screen converts x-ray
to visible light. The radiogram on the screen is captured
with an array of digital camera which is aligned in the
similar orientation. To assist the orientation process,
camera calibration is used to derive the information of how
the individual camera is oriented. The captured images
after non-linear distortion correction with thin-plate spline
warp and speckle noise removal with median filter are
registered to yicld the complete radiogram image.

Keywords — x-ray detector, array digital camera

1. INTRODUCTION

X-ray detectors are nowadays common in various
quality inspections. They are used for finding foreign
objects in food products, checking for missing products in
packages, inspecting castings from malformations,
checking fill-level, inspecting contents of ones’ luggage
and constructing cross-section of subject in x-ray CT. X-
ray detector can be divided into two classes: those that
employ direct methods to convert x-rays into an electrical
charge and those that use indirect method. Direct detector
use a semiconductor material — amorphous selenium —(a-
Se)- to directly convert x-ray photons into an electrical
charge. No intensifying screens, intermediate steps or
additional processes are required to capture and convert
the incident x-ray energy. Many indirect detectors use
some type of scintillator to transform the incoming
radiation into visible light. The emitted light is then
coupled to photo detector device for measurement. To
achieve high performance, many coupling techniques to
various type of detectors have purposed including (i) the
scintillator optically coupled to photomultiplier [1-4], (ii)
The scintillator optically coupled to array of a-Si
photodiodes and/or photo-transistor [5-6], (iii) Image
intensifier which is photomultiplier coated with
scintillator optically coupled to CCD (charge coupled
device) [7] and (iv) Crystals optically coupled to line
array CCD with fiber optic face-plate. 81

In this paper, the design and construction a low-cost

indirect x-ray detector panel is purposed. The system unit
consists of an array of digital camera optically coupled

978-974-8308-56-2 ©2007 KMITL

with x-ray scintillation screen. The radiogram on the
screen is captured with an array of digital camera,
specifically 2x2 cameras. The captured image of
individual camera is registered to derive the complete
image of radiogram. To facilitating the registration
process, each digital camera must be aligned in the
similar orientation differed only translation. ~Camera
calibration process is hence needed to acquire the
orientation of the camera. The pre-processing and post
processing required prior to the registration of the
captured image is polynomial warping that corrects the
non-linear distortion of the image and the median filtering
that removes the salt-and-pepper noise caused by x-rays
interacts with the electronic part of the camera
respectively.

The paper is organized as follows: Section II is devoted
to the non-linear deformation correction which is the
crucial pre-process. Section III described the image
registration. Section IV explains designed system. The
results are given in section V. Conclusion and Discussion
is provided in section VI

II. NON-LINEAR DEFORMATION CORRECTION
WITH
THIN-PLATE SPLINE WARP

The concept of polynomial warp is used to correct the
non-linear deformation of the captured image from the
image intensifying screen. This subsection is devoted to
theory related to Polynomial warp. Let (u;,v;) and (x;,y)s
i=1,2,3..n beasetof corresponding  landmarks in
the two images to be registered. We supposed the set
of landmarks are related by polynomial transform by the
equation

u=a0+a1x+a2y+a3x2+a4xy+a5y2 ¢))

2 2
v=by +b1x+b2y+b3x +b4xy+b5y 2



In the matrix form, we write

[u]- ao al 02 03 a4 05
. by by by b3 by bs

or

“N‘: kt\a‘< ® o~

U=4X
The coefficient matrix 4 can be recover using the
minimized mean square error (MMSE) as

A=XX"x'U) @)
Once recovered, the coefficient matrix 4 can be used to
non-linear transform the deformed image to the target
image. Fig. 1 show the result of polynomial warp that
transforms the image in Fig. 1 (a) to (b)

a) b)

Fig. 1. Non-linear deformation correction of the captured image; a)
original; b) result after correction

I1I. IMAGE REGISTRATION

A 2x2 array of digital camera after perfectly aligned is
positioned to capture some parts of the complete image.
The common part of the complete image captured by
adjacent camera is need in the registration process. The
section overview the basis concept of image registration
process

The image transformation is defined by the
following equation:-

X, =s5,(M()) @)
Y, =3,({,),i=1,..N 5)
where _t-,denotes the spatial location, s,(?) and s5,(1) denote

two original images, X=(Xp,...Xy) and Y; = Y. Yn)
denote the transformed and normal image, si(M())
denotes a spatial transformation and interpolation of s;(*).
The aim of image registration is to align the transformed

639

image with the original image. Generally, a similarity
model is sufficient to regulate the unregistered images.
Therefore, the transformation model M can be formed by
multiplication of scaling S, rotation R, and translation T
matrices in the order that there is no non-orthogonal
scaling.

M=SRT

sx 0 0 0 cos® sing 0 Of1 0 00
_OsyOO—sinecoSOOOOIOO
“lo o 1 0f o 0 1abr o0 05150
0 0 0 1] 0 0 0 1fax av 0 1

In the registration process, the 6 unknown parameters
in equation (6) are optimized while the validation of
registration is measured using correlation coefficient
between two aligned images. The correlation coefficient
method is most likely able to measure similarity of
unregistered images with the simplicity. Given vectorized
image X and Y, the correlation coefficient p is defined as
follows

;,I(X,yhﬂ(ﬁl’l, —1<p,(X,1)<1

©)

7
£ M
where covariance ¢,(X,Y), variances &7, &), and
means X, Y are defined by
a T o =
C,(X,Y)EFZ(X,--X)(Y,-—Y) 3)
=1 ¢=1
51 n$ K, - %) 82 a3 - FY
T N=1&g" % )
s=—) X, Y=—)>Y,
N§ ' N:};{ : (10)

Hence, the correlation coefficient method can be used as
an objective function which has to be optimized to
maximum value.

IV.IMAGING SYSTEM

Fig. 3 shows the designed x-ray detector panel .The
system consisted of 4 USB cameras aligned in the 2x2
array and installed on the back plate of the metal box. The
USB cameras interface with PC via USB Hub. The 8x10
Inched intensifying screen is attached on the front plate of
the box. The distance between the screen and the camera
is 15 cm which is the focal depth of the camera lens. To
eliminate the speckle noise caused by x-ray interacted
with the digital camera, a sheet of lead is placed between
the camera and the screen. The hole on the lead sheet
with the diameter equal to that of that of the lens is
punched. The camera lens is then placed in the center of
lead hole at Fig .4.



V.EXPERIMENTS AND RESULT

Image of chess board is captured by the 2x2 array
cameras. The camera calibration of Matlab Toolbox is
then used with the chess-board image to get the
orientation information of individual camera.  The
cameras are then aligned to derive perfect alignment.
Non-linear distortion of the captured image is performed
using TPS. This step is considered as a pre-processing.
The partial captured image of the 2x2 images is
transformed and registered to get the complete image.
The validity of the registration is checked using the
correlation coefficient of the intercepted image. The
system is then ready to capture the radiogram image on
the intensifying screen. Though protected by the lead
sheet, the salt & pepper noise is still presence in the
image. To completely remove the speckle noise, median
filtering — a post-processing- is exercised. Fig 2 shows the
result of the pre-processing and post processing.

Fig. 5 shows the captured radiogram.

Fig4 Lead hole is placed at center of camera lens

(a) (b)
2.2 Pre-processing result; (a) original image;  (b) Pre-processed result

Fig.3. Experiment setup for x-ray source, sample and detector
prototype
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(e)

Fig 5. (a)-(d) Captured image from a 2x2 array digital camera; ()
Registered image.

VI. DISCUSSION AND CONCLUSION

An x-ray detector panel is studied in this paper. Our
detector system consisted of a 2x2 array camera optically
coupled with x-ray scintillation screen. The partially
captured image from the 4 cameras is registered to
increase the captured area. The advantages of our x-ray
detector is not only its ease to design but is also provides
excellent spatial resolution.

(1
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Bone Mineral Density and Bone Mineral Content
Estimation using Low-Cost X-ray Detector
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Abstract— This paper presented a design of a low-cost x-ray-
detector using CMOS camera with an application on bone
mineral content estimation. The main components consist of
CMOS camera, optical lens, and image intensifier screen. CMOS
camera offers various advantages including miniature-sized, low
power consumption and cost effective. To apply the CMOS
camera as x-ray detector, x-ray-to-visible light convector is
required. Our key component of x-ray-to-visible light converter is
intensifier screen. The application of x-ray detector for bone
mineral density (BMD) and bone mineral content (BMC) is also
given in this paper. The concept of dual energy x-ray is adopted
to estimate the BMD on the finger bone. To compute BMC from
BMD, the area of the bone is required. The concept of aative
contour is applied to estimate the finger-bone area.

Keywords—BMD, BMC, Dual energy x-ray

L. INTRODUCTION

X-ray detectors are nowadays common in various quality
inspections. They are used for finding foreign objects in food
products, checking for missing products in packages,
inspecting castings from malformations, checking fill-level,
inspecting contents of ones’ luggage and constructing Cross-
section of subject in x-ray CT. X-ray detector can be divided
into two classes: those that employ direct methods to convert x-
rays into an electrical charge and those that use indirect
method. Direct detector use a semiconductor material —
amorphous selenium —(a-Se)- to directly convert X-ray photons
into an electrical charge. No intensifying screens, intermediate
steps or additional processes are required to capture and
convert the incident x-ray energy. Many indirect detectors use
some type of scintillator to transform the incoming radiation
into visible light. The emitted light is then coupled to photo
detector device for measurement. To achieve high
performance, many coupling techniques to various type of
detectors have purposed including (D) the scintillator optically
coupled to photomultiplier [1-4], (1) The scintillator optically
coupled to array of a-Si photodiodes and/or photo-transistor [5-
6], (IIT) Image intensifier which is photomultiplier coated with
scintillator opticalty coupled to CCD (charge coupled device)
[7] and (iv) Crystals optically coupled to line array CCD with
fiber optic face-plate. [8]

One of the key factors affecting the performance of the
indirect x-ray is the scintillator. The most commonly used
scintillator is Gadolinium based phosphor, Cadmium

1-4244-0983-7/07/$25.00 ©2007 IEEE

Tungstate, CAWO4, and Thallium doped Cesium lIodine, CsT
(TI). The new scintillation material includes Gadolinium based
ceramic scintillator, such as Gd202S2 and Y203Gd203
(YGO), which are used in advanced medial CT detector. The
suitability of specific application of scintillator depends upon
the following characteristics: (1) absorption coefficient, @
Afterglow and (3) light output. The absorption coefficient and
the afterglow of Gadolinium based ceramic scintillator is
distinguished when compared with Cadmium Tungstate and
Thallium doped Cesium lodine. Yet Cesium lodine yields the
prominent light output. To coupling scintillator with any photo
detector, the spectral characteristics of the light output need to
be considered, i.e. the wavelength of the emitted light of the
scintillator should match with response of the photo-detector.

In this paper, the design and construction a low-cost
indirect x-ray detector is purposed. The.system unit consists of
a CMOS camera optically coupled with x-ray scintillation
screen. We also demonstrate the application of our system for
bone mineral density (BMD) and bone mineral content (BMC)
on the phalangeal.

The paper is organized as follows: Section 2 is devoted to
the specification and design concept of CMOS camera. Section
3 explains the principle of dual energy x-ray and its application
to BMD estimation. Section 4 is devoted to active contour
which is used to estimate the area of the bone. Experiments and
results are given in section 5. Conclusions and Discussion is
provided in section 6.

[I. X-RAYDETECTOR

X-ray Detector contains three main components (shown in
figure 1) which include intensifier screen (to convert X-rays to
light), optical lens (to de-magnify the light image down to the
size of the CMOS chip), and CMOS camera chip to detect the
light image as an electric charge image. The electric charge
image is read out of the CCD chip and digitized (converted to
binary numbers) then fed into a computer. After geometric and
intensity corrections are applied, the resulting data are similar
to data from other types of X-ray detectors and can be
processed by most standard software packages. The
advantages of our x-ray detector is not only its ease to design
but is also provides excellent spatial resolution as shown in
Figure 2.

ICICS 2007



Figure 1. Experiment setup for x-ray source, sample and detector
prototype.

Figure. 2. The result image a) Proximal bone b) Distal bone

III. DUAL ENERGY X-RAY

Osteoporosis is the condition that often affects women after
menopause but may also found in men. Osteoporosis involves a
gradual loss of calcium, causing the bones to become thinner,
more fragile and more likely to break. There exist many
techniques for measurement bone density, i.e. the important
index for osteoporosis, including using ultrasound, laser and x-
ray. Our purposed x-ray detector can be applied for the
measurement of calcium density which is the key index for
bone density using x-ray technology which is today’s
established standard measurement for bone density. The
subsection is devoted to the basis principle

If we traverse the x-ray energy to the object and measure
the transmitted x-ray denoted as I, we can have the
relation.before you begin to format your paper, first write and
save the content as a separate text file. Keep your text and
graphic files separate until after the text has been formatted and
styled. Do not use hard tabs, and limit use of hard returns to
only one return at the end of a paragraph. Do not add any kind
of pagination anywhere in the paper. Do not number text
heads-the template will do that for you.

I=1y™ 1)

Where x in the thickness of the object traversed by x-ray and
is the mass attenuation coefficient. We can linearize equation
(1) as

I=1, exp—(uM, +psMy) ©)

Now if we radiate 2 level x-ray energy, 101 and 102
measure the transmitted x-ray I' and I respectively, we can
derive the following 2 equation.

Low energy:

I'=I,',exp—(,u;MS+,u'BMB) (3a)
High energy:

1=10exp—(,usMs+,uBMB) (3b)

Where M is the area density, subscripts B and S
respectively denote bone and soft tissue. Equations (3a) and
(3b) are simplified by writing V in place of the logarithmic.

Transmission factor £n — (] 0 ), giving.

v =(uM, + uyM,) (42)
V=(uM,+pMy) (4b)
BMD=M, = —V—llfV— ©)
Mg — kg
Where:
k=u/n

The Equation 5 show the BMD determination which relate
to the difference of averaged intensity which measured at high
and low energy of the x-ray image captured.

BMC can be derived by dividing BMD by the area. The
next subsection describes the active contour which is used to
segment the bone prior to estimate the area.

IV. ACTIVE CONTOUR

A parametric active contour or snake is a curve, with
parameter s O[0, 1]. The curve can move on the image plane
under the influence of two types of forces - internal and the
external forces. The former constrains the snake to be smooth
while the latter guides the snake to seek desirable image
properties, such as edges. The external forces are computed
from the image data. Such an active contour model seeks to
minimize the following functional [11]

1] P P
EX) = (j);[a|x'(s)| +,B|Xn(s)| ]+ Epg(x(s)ds  (6)

Where terms in the bracket associated with internal energy
and E ext is external energy. The x'(5) and x" (s) of the energy
control the smoothness and the rigidity of the contour
respectively by exercising on the parameter O and

[3 respectively.



In order to attract snakes to salient features in images, the
iternal energy is needed. The typical external energy designed
| lead an active contour toward object boundaries [1] are

1 2
Epyy 63) = V15 ) )

2 2
E24 () = VG (5.3)* 165, ) ®)

Where I(x, y) is a gray-level image, is a two dimensional
jaussian function with standard deviation and is the gradient
perator. The key problem of a traditional external force is its
mited capture range. Increasing  can enlarge the capture
ange but the larger  will result in inaccurate boundary
scalization. Several methods such as distance potential force
12), gradient flow vector force [13] has been proposed to
ignificantly increase the capture range of a traditional snake.
jut they all use only edge information.

Gradient flow vector force is derived by the following
nergy function

I FORTE. < 4
Egyr @) = — I gdlvrly +uy +vy + ), Jdxdy
2

1 2 2
s=la-gvf-f,)" +@=1,) ddy O
2

Where f(x) is the edge map and g is a decreasing function
»f the gradient magnitude defined as

2
fts ) = -|VG 639 * 1) (10)

o/

g(|vr]) = exp| - (10)

Solving (7) derives the Gradient Vector Flow Field (GVF)
force field (ova) that minimize (4).

a) b)

Figure. 3. Digital DXA images of hand: a, low energy and b, high energy.

Figure. 4. Images of the middle phalangeal of the third finger of 2 subject
shows result of active contour

TABLE L. RESULTS OF BONE MINALRAL DENSITY (BMD) AND
BONE MINALRAL CONTENT (BMC) OF PHANTOMS.

Plaster Pov:lelrg' 7e\‘\‘;::‘:r / Calcium 2‘:3 B(MS)C
(g/cclg)
40/80/10 0.2245 12.5727
40/80/20 0.3461 19.3847
40/80/30 0.5249 29.3996
40/80/40 0.7134 39.9538
40/80/50 0.8611 48.2229
40/80/60 1.0328 57.8416
40/80/70 1.2653 70.8574
i 40/80/80 1.4516 81.2940
40/80/90 1.6139 90.3785
40/80/100 1.7873 100.0943

TABLE IL. RESULTS OF BONE MINALRAL DENSITY (BMD) AND
BONE MINALRAL CONTENT (BMC) OF PHALANGEAL .

Plaster l’owl’:f ;e\(‘i;: :ctr / Calcium ‘;?l? B(IZ)C
(g/cc/g)
1 0.7245 12.5727
2 0.8461 19.3847
3 0.5249 29.3996
4 0.7134 39.9538
5 0.8611 48.2229

The active contour is used to extract bone structure as general
segmentation scheme such as threshold fails to segment the
bone. To implement the active contour, the Gaussian kernel is
first filtered to smooth the digitized radiograph image, the
edge detection is then performed followed by computing the
Gradient Vector Flow (GVF). The GVF is then used as
external force in equation (7) to drive the initial contour (circle
contour) to fit the contour of the bone. Figure 4 show the
result of segmentation using active contour.



V. EXPERIMENTS AND RESULTS

To calibrate the system, ten phantoms of calcium powdered
sixed with the plaster mixture has been fabricated. The
oncentration of calcium and hence the quantity in each
hantom is known. Each phantom is radiated with 2-level x-
ay energy 60 kV, and 78 kV,

The result which is in the linear response of the detector.
“ie BMD and BMC have been computed and tabulated. Table
show the detail. Figure 5 shows the graph of The BMD and
3MC values versus calcium density.

The purposed x-ray detector is then applied to estimate
yone mineral density (BMD) and bone mineral content (BMC)
n the phalange. The results are shown in table 2.

VI. CONCLUSION AND DISCUSSIONS

An x-ray detector is studied in this paper. Our detector isa
“MOS camera optically coupled with x-ray scintillation screen.
[he advantages of our x-ray detector is not only its ease to
fesign but is also provides excellent spatial resolution. We also
ipplied our designed x-ray detector for estimating the bone
nineral density (BMD) and bone mineral content (BMC) on
he phalangeal. The results are very promising.
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Tomographic imaging is a technique for exploration of a
cross-section of an inspected object without destruction.
In this research, the series of photographs taken around
the opaque object under the ambient light is completely
served as the projections- the so-called photo-graphic
tomography. ~ From the process of tomography, the
outcome is the stack of pseudo cross-sectional image.
Not the internal of cross section is authentic, but the
edge or contour is valid. In this paper, the concept for
3D modeling using photographic tomography was
extended to the case where the camera pose can be
varied arbitrary. In such case, camera pose is
determined using general camera modeling technique.
The extracted geometric transform matrix is used to
reorient reconstructed data before implementing the
traditional tomographic process. The simulation result is
very promising. -

Keywords: Image Reconstruction, 3D Rendering,
Photographic Tomography

1 Introduction

Shape extraction is the first step of many 3D
applications, including a 3D modelling, object
recognition, robot navigation, machine inspection,
geometry measurement, and so on. To satisfy these
applications, it requires an appropriate shape extraction
method. Nowadays, several shape extraction systems
are proposed, and each one is suitable in the limited
range of applications. Some of those include stereo
disparity [2, 8], laser range finder [1, 3-4, 7, 21],
structured light [5, 10, 15, 18], shape from shading [11,
13-14, 19-20], optical flow [6, 12, 16], etc.

In the tomographic process, by directly replacing
the projections of an object with the silhouetted
photographs from sufficient viewpoints, one can acquire
the pseudo cross-sections of an object, which means that
only the outlines are correct, regardless to the internal
regions [12, 18] Therefore, the photographic

tomography could be inferred as the one of a shape

extraction system capable of reconstructing  the
volumetric data of an object from the sequence of
photographs taken around the object. The advantages of
the shape extraction using photographic tomography are
as the following:-

0-7803-9514-X/06/$20.00 ©2006 IEEE

» Giving the full 3D shape of an object in an individual
process with neither image registration nor other
supplementary techniques.

» Disregarding to both material property and light
position.

s Using locally available, less complicated, and
affordable equipment.

= Working on a simple
reconstruction problem.

= Having an ability to adjust the accuracy, depending
on the resolution of photographs.

Nevertheless, the prerequisites of tomographic
process applied to photographs for 3D shape extraction
that should be denoted here are as the following:-

s The inspected object is a convex shape, or not a
totally concave occlusion.

s The center of a rotation and the center of photographs
is an identical line.

» For easily segregating the object from a background,
the color of background is recommended to be
contrasting.

In this research, the concept of photographic
tomography is applied for the system where the camera
orientation can be varied arbitrarily and hence does not
require the sophisticated circular scanning system. The
process is divided into 2 steps: (i) the camera calibration
to determine the intrinsic and extrinsic parameters of the
camera and (ii) modified tomographic process to
reconstruct the pseudo cross-section of the object.

This work is organized as the following: - Section 2
discusses theory involved in tomography in various
beam geometry. The camera model is discussed in
section 3. Experiments and results are provided in
section 4. Discussions and conclusions are given in
section 5.

and well-developed

2 Reconstruction Algorithmm

An important problem in image processing is to
construct a cross section of an object from several
images of its trans-axial projection- a so-called
tomographic process. A projection Py’(t) is a
shadowgram obtained by illuminating an object with an
electromagnetic source, such as x-ray in CT, yray in
PET and SPECT, etc. In the case of photographic
tomography, the silhouetted photographs are served as
projection data

ICIEA 2006



2.1 Tomographic Image Reconstruction
from Projection and Parallel-beam
Tomography.

The goal of image reconstruction is to obtain an image
fx,y) of a cross section of the object from the
projections. When the object is placed at the long
distance, the ray of light reflected from the object to the
camera can be approximated as a parallel ray. In such
case the parallel-beam tomography can be applied. The
equation for the parallel-beam algorithm is rewritten as

f(i3) = [ By (xcos@+ysind)dd  (2.1)
0

where f{x, ) is the cross-sectional function, Py’(?) is the
one-dimensional silhouetted projection, and 6 is the
rotational angle. Equation (2.1) s called a
backprojection process. Figure 1. To demonstrated the
backprojection process for parallel beam trajectory.

2.2 Tomographic Image Reconstruction
from Projection and Cone-beam
Tomography.

In general, image reconstruction algorithm can also be
classified based on the geometry of the beam into
parallel-beam, fan-beam and cone-beam tomography.
While the projection data for the parallel-beam
tomography is a 1D vector, the projection data for the
cone-beam tomography is a 2D array. The well-known
algorithm for cone-beam tomography is called
Feldkamp cone-beam tomography [9, 17]. The
Feldkamp algorithm  based on 3D filtered
backprojeciton. The generalized cone beam image
reconstruction is expressed as follows:

2r 2
o el Bl o

0 (D:n _5)2 Rﬂ

where f{x, y, 2) is the volumetric data, Rs'(p, { is the
two-dimensional silhouetted projection, f is the
rotational angle, Dso is the cone distance, and (%, s) are
the coordinates which are rotated from (x, ). The 2D
image taken from the camera normally is served as the
projection data for Cone-beam photo-graphic

tomography

3 Camera Modelling

A photograph taken by a camera undergoes a linear
transformation from the 3D projective space p3 to the

Figure 1 Parallel-beam backprojection of silhouetted
projections

2D projective space P’ which can be described by the
equation:

- x
u
R -Tly
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A scene point [X Y. Z, 1]" is expressed in a world
Euclidean co-ordinate system (see figure 2) and
[x,y.z i]T is the image of a scene point in pixel unit in

camera coordinate system. Matrix K in equation 3.1)
is the camera calibration matrix

fa 0 B
K=|0 b v, O (3-2)
Lt R TS

where f is the focal length of the projection, a and b is
the conversion factor from physical unit to pixel unit
and (u,,V, ) is the principal point of the projection.
Matrix R and T contributes to the extrinsic parameter
of the camera. Rotation matrix R expresses three
elementary rotations of camera Euclidean co-ordinate
axes with respect to the world Euclidean Coordinate
system- rotation along x, y and z are termed pan, tilt and
roll respectively. Translation vector T gives three
elements of the translation of the origin of the world
co-ordinate system with respect to camera co-ordinate
system. To obtain M, observe each known point

X=[xyz 1)” and its corresponding 2D image point

[uv w]" yield an equation



xyz10000 -ux-uy -uz-u
0000Xxy z1-vx-Vvy-vZ-V :2=0
M4
or AM=0 3.3)

If n such points are available, A will be of size 2n x 12.
To solve for M, perform Singular Value Decomposition
(SVD) of A to derive A=UDV". The last column of v is
the solution for M. To separate extrinsic parameter,

observe that M can be written as M =[A]|b] then

T =- A”'b. To determine R, we decompose A into a
product of two matrices K and R using QR
decomposition

In this paper, multiple photographs are taken at
arbitrary pose around the object. At any position, the
camera calibration is performed to extract matrix M
(and hence matrix R) prior to capture the photograph of
reference object (cube). This can be done by analysing
the photograph of reference object where the known co-
ordinate placed at the same position of the object as
shown in figure 3.

Figure 3 Calibration Process

Images’ Sequence

Pseudo Cross-Sections Applications

Figure 4 The process diagram of the photographic
tomography

4 Experiments And Results

The entire process for the shape extraction from a series
of photographs is shown as a diagram in Figure 4. The
pre-process starts with capturing a number of images of
reference object (where the 3D coordinate with respect
to the world coordinate is known) with camera in
arbitrary orientation. The reference object is a cube
with three axes of world coordinate passing through the
lower corner of the cube. The 3D coordinates with
respect to the world coordinate and their correspond
image coordinates with reference to image coordinate
system (which passes through the centre of image) are
used to compute the projection matrix M for each
camera orientation as described in the previous section.
The reference object is then replaced with object to be
modelled. The series of image of the object are then
captured with the same series of camera.

The captured images are then turned into binary
format where the background is equal to zero and the
foreground is equal to one. As a result, this kind of
shape extraction algorithm can extract the shape of any
object regardless of the type of surface either the
Lambertian or non-Lambertian surface. The binary
images or the silhouetted projections are passed into the
modified reconstruction algorithm in which the 3D
reconstructed volume for each projection is reoriented
using the extracted rotation matrix such that the Z
coordinate of the world coordinate system (through the
object) aligned with the z axis of camera ordinate
system before implementing the general cone-beam
tomography.



Figure 5 Sample of projection data of the tested object

a) Cube

b) Cup

Figure 6 3D modelling of the tested objects

Figure 5 displayed samples of the projection data of the
tested object. Figure 6 shows surface rendering of the

tested objects. The number of projection data of objects
in 6.1 (a) and 6.1. (b) are 12 and 40 respectively.

5  Conclusion And Discussion

The 3D shape extraction using photographic
tomography is studied extensively. The main idea of the
method is that the tomographic imaging is used to
reconstruct the stack of pseudo cross-sectional images
from a series of photographs taken around the object.
The shape of the stack can closely resemble the shape of
original object. Compared with other 3D shape
extraction techniques, the equipment used to collect the
data for this technique is much lesser in complexity. It
mainly consists of the rotating platform and the digital
camera which is locally available and affordable. In this
research, concept of photographic tomography is
applied for the system where the camera orientation can
be varied arbitrarily and hence does not require the
sophisticated circular scanning system. The proposed
technique is tested successfully to generate the shape of
a variety of objects and is very promising to perform
visualization of the moving object.
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Abstract—Tomogram of the soft tissue can be
reconstructed by using its projections resolved from the
ultrasonic broadband pulsed waves which pass through the
tissue. While a data from ultrasonic transmission mode
tomography cannot be used to image the character of soft
tissue where shadowed by a bonme, an ultrasonic reflection
modc tomography is realized to be a solution for this. There
are many ways to extract the projections, in most case the
integrated attenuation coefficient, of the tissue from the
pulsed wave. Almost all of these methods were proved to
jmplement with the transmission mode signal, but however,
some adaptation may takes benefit from those method to
implement with the reflection mode. The system requited for
reflection-mode  ultrasonic tomography, however, is
somewhat complicated and hence hampers it from clinical
realization. The modified reflection-mode ultrasonic
tomographic system using the linear array transducer is, on
the other hand, practical and feasible toward clinical trail.
This paper discusses about the modified system and the
suitable algorithm for image reconstruction.

I. INTRODUCTION

The conventional pulse-echo B-scan imaging is a
method that use the reflected pulse for reconstruct the
tomogram, but the image only shows the interfaces of
tissue, not the local properties of it. On the other hand, the
ultrasonic transmission mode can image the local
properties such as the sound velocity, refractive index or
the attenuation coefficient of the tissue from the received
pulse [1]. However, the major problems of the ultrasonic
tomography are expanded into two cases. Firstly, the
diffraction and refraction of the ray while it get through the
interfaces of the tissue having difference reflective indexes
make it travels not in the straight line, so we cannot use the
line integral geometry as in the X-ray case. The
approaches to this problem are somewhat more complicate,
known as the Fourier diffraction theorem (2] and the
filtered backpropagation algorithm [3]. But anyway, we
still can use the straight line integration if we assume the
soft tissue having a little change in the refractive index.
The next problem is — the transmitted pulse almost
completely reflected with the hard tissue like a bone, give
a null signal to the receiver located on the opposite
direction. This makes it hard to find the application in
human. But again, the reflected pulse also contains the
character of the tissue; brings us a possibility to utilize this
waveform.

Many attempts [4,5] have been tried during the last
decade to realize the ultrasonic tomography toward clinical
application. The system differed form the conventional B-
scan imaging, however, hampers such realization. In this
paper, we explore the concept of modifying the B-mode
ultrasound imaging to function as a reflection-reflection
mode ultrasonic tomography. The system is similar to that
of the limited-angle transmission tomography [6,7]. We
also purposed to use algebraic reconstruction technique as
it provide the better image quality in the case of limited

projection
This paper is organized as follows. Section II presents
mathematical background of ultrasonic reflective

tomography theory. Section III overviews the algebraic
reconstruction technique. Sections IV shows the
acquisition system for gathering the projection from
phantom. The experimental results are provided in section
V. Section VI is the discussion and conclusion.

II. THEORY

r d(t) ]
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Fig. 1. The waveform of incident and reflected pulse. Where the
reflections occur at the tissue interfaces.

When the specimen is issued by the broadband
ultrasonic pulse pi(?), the reflection of the pulse will occur
every time it passes each interface where the refractive
indexes are difference, subsequently retum us the
attenuated waveform pr() as illustrated in Fig. 1. Only the
latest pulse in the waveform or rN(?) that we need, because

it passes the entire tissue’s length from / I to / N and



reflected at the N th interface. The equations for the
reflected waveform and concern parameters are written
below. Keep in mind that we never know about the
character of the reflectance and transmittance between
each layer.

N
Pr(t)= 2 ren(t) (1)
n=1

I
-2 ;[va(x,y,fo}ﬂ

n-1
)= 7 Jeale=adee !

@

where Rn and Tn are the reflectance and transmittance of

th . .
the power at the n interface, T, i the delay time

corresponding to the distance from the transducer to the

th , .
n" interface, and (x,y, ) is the frequency-dependent
attenuation coefficient of the tissue at coordinate (x, ) .

The latest recorded pulse must be converted to be in the
frequency domain as shown in equation 3, so the
frequency where the amplitude of the signal is maximum
can be detected.

N-I IN
Ren (f) = m X Pi(f)xe_z II]a(x,y,',f)dl o

In
v Y JB

where B(f) is the phase shift of the tissue.

The attenuation, B , is estimated from the reflected
ultrasonic signal using the centroid-shifting method {8].
The ultrasound signal s(r) reflected by a biological tissue
is digitized with a sampling interval 4= l/Fg in N

samples (Fs is the sampling frequency, T is the signal
duration). We estimate the center frequency or spectral
centroid defined by:

P L @
i/~ mo(Ti)
Where
+o0 |
m)= 1 15604 )

Due to the random position of scatters in the medium,
the output of the estimator fluctuates. The variance of the
estimate is reduced by averaging the spectra of 4
independent (uncorrelated) echo signals for each window
position. One centroid is determined for this depth and
noted f(t)i, where denotes the averaging process over A
uncorrelated lines.

With the classical assumption of a linear-with-
frequency attenuation:

al) = BSf ©

Where o is expressed in dB/cm and f is the attenuation

coefficient expressed in dB/cmMHz, the following relation
can be shown :

-868
p=—5 .—df Q)
co” (1)

Where ¢ denotes the speed of ultrasound in the tissues,

df/dt is expressed in MHz/s and cz(r) is the spectral
variance (MHZ’)

N
To estimate the integrated attenuation, [A()dl , the
{

spectral of both incident and reflected ultrasonic signal are
computed. The frequency centroid equation (4) is
evaluated. The difference of frequency centroid of
spectrum between incident and reflected ultrasonic signal
is linearly related to the integrated attenuation and hence
the projection data along the ultrasonic ray.

III. RECONSTRUCTION ALGORITHM

The Algebraic Reconstruction Technique (ART) is
inherently a pixel-based reconstruction algorithm, i.e., a
grid correction is based on the projection and
backprojection of a single image pixel at a time. This is
usually performed via image-order projection methods, i.e.
the image is projected by casting rays into the image, pixel
by pixel

Algebraic Reconstruction Technique (ART) explored
by [10] has shown an ability to reconstruct the cross
section with convergence. However, salt and pepper noises
constantly dominate the data caused by roughly
interpolating of the weighting function. The Simultaneous
Iterative Reconstruction Technique (SIRT) [11] can reduce
the noise, but suffering from computational cost. By
combining the virtues from both ART and SIRT, the
Simultaneous Algebraic Reconstruction Technique (SART)
[9] can convert the data to high quality in a few iterations.
The concept of the SART is to resample the normal pixel’s
grids by the equidistance lattices as shown in Fig. 2., in
which each element on the lattice can be assigned the gray



level from bilinear interpolation of 4 adjacent points. Also
the supporting region is reduced to a circle instead of a
rectangle. Another concept is to update the data within one
projection, not a ray-by-ray style as in the ART case.

i

1
R

Reconstruction
Circle

Fig. 2. Resampled reconstruction plane

The projection equation of the SART can express
mathematically as the following (see Fig. 2.).

pi zz::f(sim)As

, where p; is the projection for the i ray, As is the arbitrary
equidistance between two lattice’s elements, and f{si) is
determined from 4 adjacent pixels (f’s) by bilinear
interpolation, or given by

n N
f(sm) o zdijnlf]
Jj=1

coefficient dj, remarks the contribution of the j* pixel to
the m™ point on the i ray. Substituting Eq. 9. into Eq. 8.
yields

@®)

®

N

pPi = Zaljfj (10)
j=1
"

ay = d,hs an
m=1

ay is clearly the weighting function of j* pixel associated
with the # ray. After the projection equation was modeled,
the formula for updating the ™ pixel on the reconstruction
grid for the (k+l)"' jteration can be derived as in the case
of the ART, or

N
o S zaljfjm
2|a i
’ 2.9

e , (12)

2.9

i
where the summation with respect to i is for all rays in one
projection. The complicated equation can be explained
step-by-step as the following:-
(a) Find the weight a; from Eq. 11. for all pixel j
within i* ray.

k k
0 =s0+

(b) Calculate the summation of i or numeration term
in Eq. 12., the summing is done for rays within one
projection. Note that, for the first iteration, the initial
values of fj are normally set to zeros.

(c) Update the f;’s by Eq. 12.

(d) Move to the next projection, repeat (b) and (c).
Do this repeatedly until all projections are completed. This
is counted as one iteration.

(e) Repeat (b) to (d) by using the same weight as (a)
for the succeeding iterations.

oo §IB M, | it
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Fig. 3. Imaging Setup

IV. IMAGING SETUP

The linear-array reflection ultrasonic tomographic
system is simulated in Fig. 3. The system is capable of
transmitting a pulse from a single channel while the
remaining channels acquire a complete echo data set. The
number of array is of 128. The resolution is 1 pixel./mm.
In the simulation process, the 3.5 MHz broadband
ultrasonic pulse is inosified to the phantom, the reflected
pulse is sampled at 40 MHz. The reflected pulse is then
resolved by the frequency-centroid shift method to get the
value of the integrated attenuation coefficient, the
projection data.

V. EXPERIMENTAL RESULTS

Tomographic model can be created using parameters
inside it from Table I, which conclude center of image (X,
y), radius in unit of pixels, gray level (0-255) respectively.
Fig4 shows the reconstruction result. To provide
numerical evidence, we opt to use the mean square error
(MSE) equation to determine the ERROR between the
reconstructed image and the original image. The formula
of MSE is given by

oty -0 @) dsay
] [o(x, ,V)]Z dxdy

100 (13)



Table II shows the error of reconstruction in
percentage and with signal per noise ratio in decibel. As
well, the profiles of the reconstruction are plotted against
the original profiles in Fig. 5.

TABLEI
PARAMETERS IN CREATED PHANTOM

Center Radius Gray level Alpha

(x,y) (pixels) (0-255)

(45,32) 5 49 Muscle
(99,28) 4 49 Muscle
(36,85) 12 128 Tissue
(76,66) 6 128 Tissue
(98,104) 3 128 Tissue

© (C))

Fig. 4. Original models and Reconstructed models
(a) original object, (b) from noise-free object
(c)and (d) are the noise objects by 30.45dB, 25dB signals per noise ratio
respectively.

TABLE I1. Error of reconstructed models in difference conditions.

Signal Per Noise Mean Square Error
(dB) (%)
Noise-Free 11.49
30.45 15.33
25 20.88

A u
Pl
(©

Fig. 4. Profiles at the 85th line on Y-axis of the reconstructed models,
(a)from noise-free object
(b) and (c) from noise objects by 30.45dB, 25dB signals per noise ratio
respectively

(Real profiles are remarked as magenta dot lines, Reconstructed profiles
are remarked as the blue solid lines)

VI. DISCUSSION AND CONCLUSION

The linear-array ultrasonic  reflection mode
tomography using the algebraic reconstruction technique
was purposed in this paper. The simulated system
resembles the conventional B-scan ultrasonic imaging
system and hence makes the system appropriate for
clinical application. The reconstruction results demonstrate
that the system is promising.
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Abstraci—We develop a multi-channel electromyogram
acquisition system using PSOC microcontroller to aquire multi-
channel EMG signals. An array of 4 x 4 surface electrodes is
used to record the EMG signal. B-spline interpolation technique
has been utilized to map the EMG signal on the muscle surface.
The topological mapping of the EMG is then analyzed to classify
the pattern of muscle contraction. The proposed system was
successfully demonstrated to record EMG data and its surface
mapping. The muscular contraction classification of mapping
using independent component analysis demonstrates promising
results.

Keywords— PSOC, EMG, PCA, ICA

I. INTRODUCTION

Electromyography (EMGQG) is the study of muscle electrical
signals. EMG is sometimes referred to as myoelectric activity.
Many muscular abnormalities such as muscular dystrophy,
inflammation of muscle, peripheral nerve damages could
results in an abnormal electromyogram [1-6]. EMG can be
recorded by two types of electrodes; invasive electrode the so-
called wire or needle electrodes and non-invasive electrode the
so-called surface electrode. Wire or needle electrodes records
individual muscle fiber action potentials which is an ideal
choice to evaluate the muscle activity [9]. However, fine wire
intramuscular electrodes require a needle for insertion into the
muscle and may cause a significant pain. The choice of surface
electrode is then preferable. However, when EMG is acquired
from surface electrodes mounted directly on the skin, the signal
is a composite of all the muscle fiber action potentials
occurring in the muscles underlying the skin. Estimating this
force in general is a hard problem due to difficulties in
activating a single muscle in isolation, isolating the signal
generated by a muscle from that of its neighbors, and other
associated problems [7-8]. The clinical application of EMG
can be classified into two mains categories. (i) Standard EMG
[8] is recorded from discrete sites on a muscle and thus
provides only a limited picture of the actual muscular electrical
activity in the vicinity of the recording electrode. (i) Array
EMG recorded by an array electrode which facilitates the
clinical interpretation of electrical activities through the

1-4244-0983-7/07/$25.00 ©2007 IEEE

" necessity to monitor the multi-channel of EMG.

mapping of these signals on the muscle surface [9]. In this
paper, a PSOC-based multi-channel surface electrode array
data acquisition system is developed to acquire EMG data. The
EMG signals are then mapped using B-spline interpolation
technique. The EMG topological Mapping is then used for
classification of muscular contraction. There exists a number of
2D-pattern classification [9-12], in this research, we applied the
technique called independent component analysis(ICA) which
is very efficient and widely used for classification. [14]

The paper is organized as follows: Section II is devoted to
the specification and design concept multi-channel
electromyogram system. Section III described feature
extraction and topological mapping process. Section IV briefly
introduced Principle component analysis. The classification
results is shown in section V. Conclusions and Discussion is
provided in section VI.

II. DESIGN AND CONSTRUCTION OF MULTI-
CHANNEL EMG

EMG measurement is accomplished by the instrument
called electromyograph. The system, in general, consists of
instrumentation amplifier, notch filter, offset adjustment,
isolator, main amplification, and the CRT display. The
instrument amplifier is a front-end, high CMRR differential
amplifier which functions to pick-up a low amplitude signal
submersed in the high-frequency noise. The notch filter gets rid
of the 50Hz noise while keeping the EMG signal intact. The
offset adjustment maintains the baseline level especially during
the subject’s motion. The function of isolator is to separate the
front-end section from the rear-end section to protect the
possible electrical shock to the patient. The main amplification
conditions the EMG prior to be display with CRT. The
complexity of the electronic circuit becomes realized with the
Such
complicate designs, however, are made possible by the
creation of entirely reconfiguration and programmable
components the so-called Programmable System On Chip
Microcontroller(PSOC Microcontroller)

ICICS 2007
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Figure 1.

The designed EMG system is capable of monitoring 16
channels of EMG simultaneously. Each channel consists of 2
main parts; (i) EMG signal conditioning unit and PSOC
microcontroller. Fig. 1 shows diagram of multi-channel EMG
acquisition system

The EMG signal conditioning units consists of 3 sub-units

(i) Instrumentation Amplifier. This subunit uses the INA
2128 BUR-BROWN Integrated Circuit. The IC can achieve a
CMRR up to 120 dB and gain up to 1000.

(ii) Noise filter. The function of the filter is to get rid of the
10-20 Hz noise which is classified as a motion artifact.

(iiii) Amplifier and Offset Adjustment. The objective of this
sub-unit is to Amplifier EMG signal and maintains the
appropriate offset voltage prior to interface with the PSOC.

The PSOC microcontroller consists of 4 subunits

(i) PGA (Programmable Gain Amplification) This subunit
acts as the buffer and the main amplification of EMG.

(i) Low pass filter. The function of the filter is to remove
of the high frequency noise. The cut-off frequency is at 500 Hz.

(iii) DELTA-SIGMA. This subunit functions as a 8-bit
analog to digital converter.

(iv) UART. This subunit functions to perform RS-232
interfacing unit with PC.

Figure2. Multi-channel electromyogram acquisition system

.........................................................

PSOC Microcontroller

@

EMG Mapping And Classification

16 channel electromyogram acquisition system

Figure 3. Raw EMG signal on laptop computer

IIl. EMG FEATURE EXTRACTION AND MAPPING

Multi-channel | Feature B-spline
EMG data extraction Interpolation
<«— Classification |« EMG <

(ICA) mapping

Figure 4. Feature extraction and mapping

Figure 4 show the feature extraction and mapping process.
Each of the 16 EMG channels will be converted to frequency
domain by taking the Fourier transform. The energy content of
the EMG signal is then evaluated by computing area under the
magnitude squared of the Fourier transform. The energy
content on the 4x4 grid corresponding to the 4x4 electrode
shown in figure 5 is then interpolated to derive the 49x49
topological maps which are later applied to ICA for muscular
contraction classification. Figure 6 shows the topographical
mapping of various muscular contractions.

16 Channel electrode placements

Figure 5.
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Figure 6. Topographical mapping of the EMG

IV. FROM PRINCIPAL COMPONENT ANALYSISTO
INDEPENDENT COMPONENT ANALYSIS

Principal Component Analysis (PCA) is a statistical
technique which used to describe a large dimensional space
with a relative small set of vectors. It is a popular technique for
finding patterns in data of high dimension, and is used
commonly in both face recognition and image compression.
[13] Application of PCA to face recognition is known as. Eigen
face. The Eigen face technique is a powerful yet simple
solution to the face recognition dilemma. It uses much more
information by classifying faces based on general facial
patterns. Here we focus on the application of PCA for
muscular-contraction classification

The procedure for using PCA is divided into 2 steps. (i)
Training step and (ii) Classification step.

The Training step is as follow:

(i) Convert each cropped topological mapping matrix
into a vector 7, of length N (N= mapwidth*mapheight). For
the M data set, we let the training set represented by,
{T,,T,,T,..., Ty} where M is the vector of N?

(ii) Compute the mean vector ¥ and the set of deviation
from the mean vector @ =[®,,D,,. D] which is
defined as

L B
YWeaee . 1
e (0
o, =7-Y 2
(iii) Compute the covariance matrix C which is defined as
1
C=—00" 3
Y 3)

(iv) Compute the Eigen value and Eigen vector of C
represented as

Cv,=uy, @)

where y, is the corresponding Eigen value of Eigen

vector V i

(v) Project each training set on the Eigen -space using the
operation

Q=V-® )

Where V is the Eigen matrix where each row is the eigen
vector V; can be written as

Qz[wl,wZ,.-.,wM] (6)

Where @, is the coefficient of the training map ith

The Classification step is as follow:
Project vector form of the tested topological mapping

matrix Tp to the Eigen space using equation (5) to derive W
wg =V-[T, =]

as

The tested topological mapping matrix is classified to
class k which minimized

ool g

with 1<k<M

The goal of independent component analysis (ICA) is to
minimize the statistical dependence between the basic vector.
Mathematically, we can write

WX =U 8)

ICA searches for a linear transformation W that minimize
the statistical dependence between each row of U. There exists
a number of iterative algorithm to solve for W [15,16]. Most of
them are optimized for the dependence criteria including



Kurtosis, Negentropy, etc.[17]. In this paper, we applied the
well known ICA algorithm the so-called InfoMax purposed by
Bell and Sejnowski [18]. The idea of InfoMax has been applied
to Eigenvector of PCA by Barlett et. al. [19] by minimize the
the statistical dependence between each row of U in

wv =U )
where V as an Eigen Basis matrix where each row is the

_eigen vector V, defined in (4). The new basis W 'IU is then

used in place of V. The Projection of each training set on the
new basis -space is hence defined as

wg = (W-IU)-[Tn -yl (10)

V. EXPERIMENTAL AND RESULTS

The 5 patterns of topographical mapping of six muscular
contraction of forearm (30 maps) are used in the training
process of PCA. The topographical mapping of the five
unknown contraction is then used as the tested set. Fig. 7 shows
the training sets , the derived ICA Basis and the result of
classification.

TABLE L THE RESULTS OF CLASSIFICATION

Muscular contraction % Accuracy
1.Wrist extension 80 %
2.Wrist flexion 100 %
3.Wrist pronation 80 %
4.Hand closed 100 %
5.Radial flexion 100 %
6.Ulnar flexion 100 %

(@) (b)

(©

Figure 7. (a) Training Topological-Mapping Input of ICA;

(b) ICA Basis; (c) Result of classification

VI. CONCLUSION AND DISCUSSION

A multi-channel electromyogram acquisition system using
PSOC is designed and constructed to perform a topological
map of EMG signal on the muscle surface. The mapping for
various pattern of muscular contraction are then recorded and
later analyzed with independent component analysis (ICA) to
classify the pattern of muscular contraction pattern. The
classification result is very promising.
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Abstract—Fingerprints are the most popular biometric
modality. Fingerprint features include core, delta, ridge
bifurcation, ridge ending, enclosure and short edge. In order
to increase the performance of fingerprint identification
system, it is essential that these directional-related features
are needed to be enhanced. In this paper, we purpose the
directional filter bank to enhance the fingerprint features
which later used in classification step. Our classification
scheme is based on geometric invariance which is the area of
triangular patches bounded by three features points. These
triangular patches are derived by applying Delaunay’s
triangulation on the extracted feature point. Our proposed
technique demonstrates the promising results.

Keywords—Directional  Filter  bank, Biometric,

Fingerprint, invariance

I. INTRODUCTION

The term Biometric system is essential a pattern
recognition system that recognizes a person based on a
feature vector derived from specific physiological or
behavioral characteristics. Application of such system
include Internet access computer system security, secure
electronic, passport control, banking, mobile phone, credit
card, secured access to building, health and social
services, parenthood determination, terrorist determination
and corpse identification. Humans have used body
characteristics for century to either confirm or determine
the identity of an individual. Many physiological features
of human are typical invariant, easy to acquire and unique
for each individual. These features includes DNA [1], ear
[2], face [3], fingerprint [4], gait [5], hand and finger
geometry[6], Iris [7], keystroke [8], odor[9], palmprint
[10], signature [11], voice [12], etc. Among all,
fingerprints stands for one of the most suitable biometric
modality for medium and low security application. The
main reason for the popularity of fingerprints as method
if identification results form the fact that each fingerprint
of a person is unique and easy to access. A fingerprint is
the pattern of ridge and furrows on the surface of fingertip
that contributes to a number of important features as
shown in Fig. 1. The automatic fingerprint matching
depends upon the comparison of fingerprint features to
make person identification. The performance of the
fingerprint depends on the quality of the fingerprint
image. In practice, the performance of fingerprint system
is variant to a number of conditions
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Fig. 1. Example of a fingerprint The ridges are black and the valleys
are white in this figure.

including skin conditions, impression conditions, ridge
configuration, etc. To bypass such problem, the
fingerprint image needs to be enhanced so that the
clarity of ridge structure is improved [13]. One of the
most promising enhancement techniques is the
technique that utilized directional filter bank (DFB).
Once the finger-print image is enhanced, the feature
points are then located followed by computing the
Delaunay’s triangulation net [16-17]. The ratio of the
triangle area after sorted in a conformal order is then
served in the identification process.

This paper is organized as follows. A brief
overview of Directional Filter bank is given in Section
IL. Section III explained the area invariance.
Experimental results are shown in section IV.
Discussion and conclusion are presented in section V.

II. ENHANCEMENT WITH DIRECTIONAL FILTER
BANK (DFB)

This subsection we summarize the concept of
directional filter bank. DFB was first introduced by
Bamberger and Smith [14]. DFB realizes a division of
2D spectrum into 2" wedge-shaped sub bands using n-
levels iterated tree-structured filter bank. An eight
directional subband filter is shown in Fig. 2. DFB
basically consists of prototype filter, quincunx down
samplers (Q), diamond conversion matrices (R) and
modulators. The basic prototype filter is referred as a
fan filter Ho(ml,wz) and Hl(ml,ﬂ)z) with

H (0,0,) is modulating
H 0((.01, ®5) in both directions with 7U. The quincunx

derived by



down sampler is the process to construct
Hyp (MTOJ) where M is defined as
I 1
M= 1.1
] Ly

This results the down sampling and rotation of
H (0, ®- ) as shown in figure 3. The diamond

conversion matrices (R) change a filter Hy (0, ®5)
with diamond-shaped passband into one of the four
parallelogram passband filter Rb (®;,®,),i=1,2,3 and
4 shown in figure 4. where '
1 -1
Ry =

11
Mol
10
SRk

In the first stage of DFB, the input image filtered with
Hy(®,0,) and H;(®,®;) resulting in two

subband images as shown in figure 3. In the second stage,
the two subband was further divided into 4 subband by
filtering each subband with Hg(®(,®,) and

H;(®,®,)and downsampled with quincunx down

(12)

samplers Q. The resulting images from the second stages
are cascades into the third stages. The procedure in the
third stages is also similar to the second stage except
quincunx matrix is replaced by diamond conversion
matrices R. The diamond conversion matrices are
required to transform the parallelogram-shaped passband
into one with diamond shape. By using DFB, we can

obtained subband image subjected to eight directional -

filter. These directional images can be regards as
decomposition of the original image in eight pieces that
contains features based on direction.

gD

Fig. 2 Schematic Diagram of DFB
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III. GEOMETRIC INVARIANCE

The area is preserved under an affine transformation
[14). A sequence of relative invariants is constructed by
considering the sequences of area patch which is area of
the parallogram spanned by a set of three feature points.
The area patch can be computed by Delaunay’s
triangulation net of the feature points. Denote the area
patch sequence of the affine-transformed net as [A(1), ..,
A,(n)] Area patch of the transformed net is related to that
of the original patch by the following relative invariant

11
21

AK)= AK), k=1,2,...n G.D)

a a2
a 2

where JA| represent determinant of transformation matrix.
By taking the ratio of the consecutive elements of the area

sequence after sorted in an increasing order, absolute
invariant is derived. Let

_ A, (k)
1= |A; (k+1) mod n| G2
and
1(k) =A%) (33)

|ACk +1) mod n]

for k=1,2,..,n. The absolute invariant of the original patch
equals the that of the transformed patch, i.e. L(ky=I(k).

In the absence of noise, occlusion and local
deformation, the number of intrinsic invariant of the
original and the affine transformed is equal. Each of L,(j)
will have a counter part I(i) with I()=I(i). The
counterparts are easily determined through a circular shift
involving n comparisons, where n is the number of
invariants. In the presence of noise, occlusion and local
deformation, however, this won’t be the case. We elected
to allow for a small error percentage. Having a smaller
threshold will force the matching technique to allow for
only small differences between the areas before declaring
them as matching. This reduces the length of the matched
sequence elements. The lower the error percentage the
more strict the matching is. For example if an error
percentage of 5% is adopted, then a match is declared if

eG) - ()] < 0.05 113,

IV. EXPERIMENT AND RESULT

We demonstrate the application of DFB for
enhancing fingerprint image. Using DFB, we obtain
subband image of original fingerprint image subjected
to eight directional filters. Fig. 3 shows the
enhancement for each subband image. The
enhancement subband images are then recomposed to
yield the DFB enhanced fingerprint image. Fig. 4 (a)



shows the original image and Fig. 4 (b) shows results
after the enhancement process.

The thinning results, the feature extraction and also
the computed triangulation net are shown in Fig. 4 (c).
The area of each triangle is derived and sorted in an
increasing order. The absolute invariance equation (3.2)
and (3.3) is then computed. The sequence of absolute
invariant between that in the database and the test subject
is compared. We declared the match on the longest match
sequence  and minimum error scheme. Table I show
results of finger print identification across eight individual
namely person A through H. The least error results in the
match. Evidently, the identification yields satisfactory
results

S

7

7
=
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)

Nt

Al
N
=

Fig. 3. The enhancement result of each band.

Fig. 4. (a) Original finger print; (b) Enhance fingerprint; (c) Thinning,
feature extraction and Delaunay’s triangulation
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TABLE L
ERROR OF IDENTIFICATION
BT Cinl DGR
. { - - 1.4654 - LISTL | 08677
- - - - 1.0409 - 0.8821
- 0.9998 1.1062 - - 11854 | 10198
- - - - 0.9403 08742 | 0.7522
1.0136 . - - - 0.8258 -
- - - - 09664 | 09513 | 08553

Note: - mean No match sequence of invariance

V. DISCUSSION AND CONCLUSIONS

In this paper, the concept of geometric invariance is
applied for finger print identification. The purposed
algorithm begins with enhancing the image with
directional filter bank (DFB) . The enhanced image is then
performed the thinning process. The feature point is then
computed and the Delaunay’s triangulation across the
feature point is then performed. The area of each triangle
is derived and sorted in an increasing order. The ratio of
the triangle area after sorted in a conformal order is then
served in the identification process.
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Abstract— This paper presented a design of a low-cost x-
ray-detector using CMOS camera with an application on
bone mineral content estimation. The main components
consist of CMOS camera, optical lens, and image intensifier
screen. CMOS camera offers various advantages including
miniature-sized, low power consumption and cost effective.
To apply the CMOS camera as x-ray detector, x-ray-to-
visible light convector is required. Qur key component of x-
ray-to-visible light converter is intensifier screen. The
application of x-ray detector for bone mineral density
(BMD) and bone mineral content (BMC) is also given in this
paper. The concept of dual energy x-ray is adopted to
estimate the BMD on the finger bone. To compute BMC
from BMD, the area of the bone is required. Tlie concept of
adaptive contour is applied to estimate the finger-bone area.

Keywords— BMD, BMC, Dual energy x-ray

I. INTRODUCTION

X-ray detectors are nowadays common in various
quality inspections. They are used for finding foreign
objects in food products, checking for missing products in
packages, inspecting castings from malformations,
checking fill-level, inspecting contents of ones’ luggage
and constructing cross-section of subject in x-ray CT. X-
ray detector can be divided into two classes: those that
employ direct methods to convert x-rays into an electrical
- charge and those that use indirect method. Direct detector
use a semiconductor material — amorphous selenium —(a-
" Se)- to directly convert x-ray photons into an electrical
charge. No intensifying screens, intermediate steps or
additional processes are required to capture and convert
the incident x-ray energy. Many indirect detectors use
some type of scintillator to transform the incoming
radiation into visible light. The emitted light is then
coupled to photo detector device for measurement. To
achieve high performance, many coupling techniques to
various type of detectors have purposed including (I) the
scintillator optically coupled to photomultiplier [1-4], (II)
The scintillator optically coupled to array of a-Si
photodiodes and/or photo-transistor [5-6], (III) Image
intensifier which 1is photomultiplier coated with
scintillator optically coupled to CCD (charge coupled
device) [7] and (iv) Crystals optically coupled to line
array CCD with fiber optic face-plate. [§]

978-974-8308-56-2 ©2007 KMITL

One of the key factors affecting the performance of
the indirect x-ray is the scintillator. The most commonly
used scintillator is Gadolinium based phosphor, Cadmium
Tungstate, CdWO4, and Thallium doped Cesium Iodine,
CsT (TI). The new scintillation material includes
Gadolinium based ceramic scintillator, such as Gd202S52
and Y203Gd203 (YGO), which are used in advanced
medial CT detector. The suitability of specific application
of scintillator depends upon the following characteristics:
(1) absorption coefficient, (2) Afterglow and (3) light
output. The absorption coefficient and the afterglow of
Gadolinium based ceramic scintillator is distinguished
when compared with Cadmium Tungstate and Thallium
doped Cesium lodine. Yet Cesium lodine yields the
prominent light output. To coupling scintillator with any
photo detector, the spectral characteristics of the light
output need to be considered, i.e. the wavelength of the
emitted light of the scintillator should match with
response of the photo-detector.

In this paper, the design and construction a low-cost
indirect x-ray detector is purposed. The system unit
consists of a CMOS camera optically coupled with x-ray
scintillation screen. We also demonstrate the application
of our system for bone mineral density (BMD) and bone
mineral content (BMC) on the phalangeal.

The paper is organized as follows: Section 2 is
devoted to the specification and design concept of CMOS
camera. Section 3 explains the principle of dual energy x-
ray and its application to BMD estimation. Section 4 is
devoted to adaptive contour which is used to estimate the
area of the bone. Experiments and results are given in
section 5. Conclusions and Discussion is provided in
section 6

II. X-RAY DETECTOR

X-ray Detector contains three main components
(shown in figure 1) which include intensifier screen (to
convert X-rays to light), optical lens (to de-magnify the
light image down to the size of the CMOS chip), and
CMOS camera chip to detect the light image as an electric
charge image. The electric charge image is read out of
the CCD chip and digitized (converted to binary numbers)
then fed into a computer. After geometric and intensity
corrections are applied, the resulting data are similar to
data from other types of X-ray detectors and



Fig. 1. Experiment setup for x-ray source, sample and detector
prototype.

Fig. 2. The result image a) Proximal bone b) Distal bone

can be processed by most standard software packages.
The advantages of our x-ray detector is not only its ease to
design but is also provides excellent spatial resolution as
shown in Figure 2.

III. DUAL ENERGY X-RAY

Osteoporosis is the condition that often affects
women after menopause but may also found in men.
Osteoporosis involves a gradual loss of calcium, causing
the bones to become thinner, more fragile and more likely
to break. There exist many techniques for measurement
bone density, i.e. the important index for osteoporosis,
including using ultrasound, laser and x-ray. Our purposed
x-ray detector can be applied for the measurement of
calcium density which is the key index for bone density
using x-ray technology which is today’s established
standard measurement for bone density. The subsection is
devoted to the basis principle

If we traverse the x-ray energy to the object and
measure the transmitted x-ray denoted as I, we can have
the relation.

I=Le"* (1)

Where x in the thickness of the object traversed by

x-ray and is the mass attenuation coefficient. We can
linearize equation (1) as

I=1, exp—(u,M, + uyM ) @
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Now if we radiate 2 level x-ray energy, Iy, and Iy,
measure the transmitted x-ray /I and / respectively, we can
derive the following 2 equation

low energy:
I'=l, exp—(,u;Ms+,u'BM,,) (3a)

high energy:
1=10 exp—(/l.\'M.r‘*-ﬂBMB) (3b)

Where M is the area density, and subscripts B and S
respectively denote bone and soft tissue. Equations (3a)
and (3b) are simplified by writing V in place of the
logarithmic.

transmission factor -In(Io), giving:

V= (/‘:Ms +.U;5MB) (4s)
V=(/ISM_\_ +lu.rMB) (4b)
BMD=M, = ﬂ 5)
Mg —kpy
where: .
k=p/u,

The Equation 5 show the BMD determination which
relate to the difference of averaged intensity which
measured at high and low energy of the x-ray image
captured . .

BMC can be derived by dividing BMD by the area.
The next subsection describes the active contour which is
used to segment the bone prior to estimate the area.

IV. ACTIVE CONTOUR

A parametric active contour or snake is a curve, with
parameter s €[0, 1]. The curve can move on the image
plane under the influence of two types of forces - internal
and the external forces. The former constrains the snake
to be smooth while the latter guides the snake to seek
desirable image properties, such as edges. The external
forces are computed from the image data. Such an active
contour model seeks to minimize the following functional

[11]
1] 2 2
Eag=1- [alx' )" + Bl X" 6| ]+ Epxy (x())ds  (6)

Where terms in the bracket associated with internal
energy and E., is external energy. The x'(s) and x"(s)

of the energy control the smoothness and the rigidity of



the contour respectively by exercising on the parameter
otand B respectively.

In order to attract snakes to salient features in images,
the external energy is needed. The typical external energy
designed to lead an active contour toward object
boundaries [1] are

1
EL (o y) = -|vie ) @

2
E2y(3) = -|VG (5 )+ 165, ) ®)

Where I(x, y) is a gray-level image, G, is a two

dimensional Gaussian function with standard deviation
and V is the gradient operator. The key problem of a
traditional external force is its limited capture range.
Increasing can enlarge the capture range but the larger
will result in inaccurate boundary localization. Several
methods such as distance potential force [12], gradient
flow vector force [13] has been proposed to significantly
increase the capture range of a traditional snake. But they
all use only edge information.

Gradient flow vector force is derived by the following
energy function

1 2 2 2 2
Egypv) == g|vr|)a, + uy, +vy + v, Jdxdy
2
1 2 2
s=la-gdvrnu-£,)" +v- 1,0 aaty ©
2

Where f(x) is the edge map and g is a decreasing
function of the gradient magnitude defined as

2
f69) = VG, 69+ 1,y) (10)
4
g|vr]) = exp| -| — (1n
k

Where k is constant controlling the smoothness of the
result field [12-13]. Calculus of variation is applied to
minimize (4) leading the following Euler equation [13]:

2
gV u—(1-gu-f,)=0

2
gV v-(1-g-f,)=0 (12)
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Solving (7) derives the Gradient Vector Flow Field (GVF)
force field (ova) that minimize (4).

a) b)

Fig. 3. Digital DXA images of hand: a, low energy and b, high energy.

Fig. 4. Images of the middle phalangeal of the third finger of a

subject shows result of adaptive contour.

TABLE 1
RESULTS OF BONE MINALRAL DENSITY (BMD) AND BONE MINALRAL
CONTENT (BMC) OF PHANTOMS.

Ingredient::

Plaster Power / Water / Calcium BMD i
(g/cclg) g/em (8
40/80/10 0.2245 12.5727
40/80/20 0.3461 19.3847
40/80/30 0.5249 29.3996
40/80/40 0.7134 39.9538
40/80/50 0.8611 48.2229
40/ 80 /60 1.0328 57.8416
40/80/70 1.2653 70.8574
40/80/80 1.4516 81.2940
40/80/90 1.6139 90.3785
40/80/100 1.7873 100.0943

The active contour is used to extract bone structure as
general segmentation scheme such as thresholding fails to
segment the bone. To implement the active contour, the
Gaussian kernel is first filtered to smooth the digitized
radiograph image, the edge detection is then performed
followed by computing the Gradient Vector Flow (GVF).



The GVF is then used as external force in equation (7) to
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Fig. 5. Shows the graph of The BMD (a) BMC (b) Values versus
calcium density.

Tasce I
RESULTS OF BONE MINALRAL DENSITY (BMD) AND BONE MINALRAL
CONTENT (BMC) OF PHALANGEAL .

Subject gl By
1 0.7245 12.5727
2 0.8461 19.3847
3 0.5249 29.3996
4 07134 | 399538
5 0.8611 48.2229

Drive the initial contour (circle contour) to fit the contour
of the bone. Figure 4 show the result of segmentation
using adaptive contour.

V. EXPERIMENTS AND RESULTS

To calibrate the system, ten phantoms of calcium
powdered mixed with the plaster mixture has been
fabricated. The concentration of calcium and hence the
quantity in each phantom is known. Each phantom is
radiated with 2-level x-ray energy 60 kV,, and 78 kV,,

The result which is in the linear response of the
detector. The BMD and BMC have been computed and
tabulated. Table 1 show the detail. Figure 5 shows the
graph of The BMD and BMC values versus calcium
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density.

The purposed x-ray detector is then applied to
estimate bone mineral density (BMD) and bone mineral
content (BMC) on the phalangeal. The results are shown
in table 2.

VI. CONCLUSION AND DISCUSSIONS

An x-ray detector is studied in this paper. Our
detector is a CMOS camera optically coupled with x-ray
scintillation screen. The advantages of our x-ray detector
is not only its ease to design but is also provides excellent
spatial resolution. We also applied our designed x-ray
detector for estimating the bone mineral density (BMD)
and bone mineral content (BMC) on the phalangeal. The
results are very promising.
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reflected at the N th interface. The equations for the
reflected waveform and concern parameters are written
below. Keep in mind that we never know about the
character of the reflectance and transmittance between
each layer.

N
Pr(t)= h ren(t) (1)
n=1

/
-2 ?,a(x, »f, 0 )1'1
!

1
ren(t)=@(:§1TK)xPi(t—tn)xe 2)

where Rn and Tn are the reflectance and transmittance of

th
the power at the r interface, T is the delay time

corresponding to the distance from the transducer to the

th . .
n  interface, and (x,y, f) is the frequency-dependent
attenuation coefficient of the tissue at coordinate (%, y) .

The latest recorded pulse must be converted to be in the
frequency domain as shown in equation 3, so the
frequency where the amplitude of the signal is maximum
can be detected.

N-1 I'n
Ren (f) = J@ x P; (f)xe_z I.[Ia(x,y.f)dl "

IN
v B

where S(f) is the phase shift of the tissue.

The attenuation, § , is estimated from the reflected
ultrasonic signal using the centroid-shifting method [8].
The ultrasound signal s(¢) reflected by a biological tissue
is digitized with a sampling interval 4t =I/Fg in N

samples (Fs is the sampling frequency, T is the signal
duration). We estimate the center frequency or spectral
centroid defined by:

P L @
Cti _mo(ri)
Where
+o |
mj(Ti)= I fl-S(T,',ﬁ-df ()

Due to the random position of scatters in the medium,
the output of the estimator fluctuates. The variance of the
estimate is reduced by averaging the spectra of A
independent (uncorrelated) echo signals for each window
position. One centroid is determined for this depth and
noted f;(7)i, where denotes the averaging process over A
uncorrelated lines. ,

With the classical assumption of a linear-with-
frequency attenuation:

af) = Bf ©

Where o is expressed in dB/cm and B is the attenuation

coefficient expressed in dB/cmMHz, the following relation
can be shown :
-8.68 4
b= @

002(1) dr

Where ¢ denotes the speed of ultrasound in the tissues,

df/d ¢ is expressed in MHz/s and 0'2(1) is the spectral
variance (MHZ?)

N
To estimate the integrated attenuation, [pB()dl , the
l

spectral of both incident and reflected ultrasonic signal are
computed. The frequency centroid equation (4) is
evaluated. The difference of frequency centroid of
spectrum between incident and reflected ultrasonic signal
is linearly related to the integrated attenuation and hence
the projection data along the ultrasonic ray.

III. RECONSTRUCTION ALGORITHM

The Algebraic Reconstruction Technique (ART) is
inherently a pixel-based reconstruction algorithm, ie., a
grid correction is based on the projection and
backprojection of a single image pixel at a time. This is
usually performed via image-order projection methods, i.e.
the image is projected by casting rays into the image, pixel
by pixel

Algebraic Reconstruction Technique (ART) explored
by [10] has shown an ability to reconstruct the cross
section with convergence. However, salt and pepper noises
constantly dominate the data caused by roughly
interpolating of the weighting function. The Simultaneous
Iterative Reconstruction Technique (SIRT) [11] can reduce
the noise, but suffering from computational cost. By
combining the virtues from both ART and SIRT, the
Simultaneous Algebraic Reconstruction Technique (SART)
[9] can convert the data to high quality in a few iterations.
The concept of the SART is to resample the normal pixel’s
grids by the equidistance lattices as shown in Fig. 2., in
which each element on the lattice can be assigned the gray
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level from bilinear interpolation of 4 adjacent points. Also
the supporting region is reduced to a circle instead of a
rectangle. Another concept is to update the data within one
projection, not a ray-by-ray style as in the ART case.

Reconstruction
Circle

Fig. 2. Resampled reconstruction plane

The projection equation of the SART can express
mathematically as the following (see Fig. 2.).

pi® Zf(sim)As

, where p, is the projection for the i* ray, As is the arbitrary
equidistance between two lattice’s elements, and f{5;,) is
determined from 4 adjacent pixels (f’s) by bilinear
interpolation, or given by

= N
f(sim)= Z dl’]mfj

Jj=1
coefficient dj,, remarks the contribution of the j* pixel to
the m™ point on the /* ray. Substituting Eq. 9. into Eq. 8.

yields

@®)

&)

N

b = zaijfj (10)
j=1
¥,

a, =3 d,As (1
m=1

a; is clearly the weighting function of J™ pixel associated
with the i ray. After the projection equation was modeled,
the formula for updating the j* pixel on the reconstruction
grid for the (k+1)" iteration can be derived as in the case
of the ART, or

N
pi— Zaijfj(k)
j=1
Z a; ¥
i Za
j=1
f_(lm) =f~(k) + J
Jj J Zaij
i

i

(12)

where the summation with respect to i is for all rays in one
projection. The complicated equation can be explained
step-by-step as the following:-

(a) Find the weight a; from Eq. 11. for all pixel j
within * ray.

(b) Calculate the summation of i or numeration term
in Eq. 12, the summing is done for rays within one
projection. Note that, for the first iteration, the initial
values of fj are normally set to zeros.

(c) Update the £’s by Eq. 12.

(d) Move to the next projection, repeat (b) and (c).
Do this repeatedly until all projections are completed. This
is counted as one iteration.

(e) Repeat (b) to (d) by using the same weight as (a)
for the succeeding iterations.

128 mm. —————————»

A
b
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Reflect Plate

Fig. 3. Imaging Setup

IV. IMAGING SETUP

The linear-array reflection ultrasonic tomographic
system is simulated in Fig. 3. The system is capable of
transmitting a pulse from a single channel while the
remaining channels acquire a complete echo data set. The
number of array is of 128. The resolution is 1 pixel./mm.
In the simulation process, the 3.5 MHz broadband
ultrasonic pulse is inosified to the phantom, the reflected
pulse is sampled at 40 MHz. The reflected pulse is then
resolved by the frequency-centroid shift method to get the
value of the integrated attenuation coefficient, the
projection data.

V. EXPERIMENTAL RESULTS

Tomographic model can be created using parameters
inside it from Table I, which conclude center of image (x,
y), radius in unit of pixels, gray level (0-255) respectively.
Fig4 shows the reconstruction result. To provide
numerical evidence, we opt to use the mean square error
(MSE) equation to determine the ERROR between the
reconstructed image and the original image. The formula
of MSE is given by

Moty -0 ») dsay
Moo ) day

100 (13)
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