LUDWIG-

MAXIMILIANS-
UNIVERSITAT
MONCHEN

Digital image processing

in medical physics

Prof. Dr. Marco Riboldi

Lehrstuhl fiir Experimentalphysik — Medizinische Physik,
Ludwig-Maximilians-Universitédt Miinchen




Organisational information

e Contact data:

Lehrstuhl fur Experimentalphysik - Medizinische Physik
Am Coulombwall 1, 85748 Garching b. Minchen

Telefon:+49(0)89 289-14171
Fax:+49(0)89 289 14072
E-Mail:

Consultation upon appointment



mailto:marco.riboldi@physik.uni-muenchen.de

Literature

Gonzalez and Woods, Digital Image Processing, 4th Ed., Pearson,
ISBN: 9780133356724
- Chapter 03
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IMAGE ENHANCEMENT IN THE
SPATIAL DOMAIN
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Spatial domain enhancement

g(x,y) = |T [f (x,¥)]

- (x? y)

3 X 3 neighborhood of (x, y)

Spatial domain

— Enhancement operator in the spatial domain:

e Operates in a defined neighborhood

* The neighborhood is moved from voxel to
voxel to generate the output image

* Size and shape of the neighborhood can be
adjusted

Limit case = 1x1 neighborhood

g(x,y) =s
f(x,y) =7  — Intensity mapping
s=T|[r]




Intensity mapping
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Intensity mapping
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Input intensity level, r




Negative transformation

Example : digital mammography

Cranio-caudal (CC) projection

Medial-lateral-oblique (MLO) projection




Negative transformation

s=L —1 —r




Log transformations

s=clog(1+r)

where Cis a constant and it is assumed r >0

Fourier spectrum Log transform (c = 1)

Expand the range of dark pixels while compressing higher-level values
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Power-law transformations

s=crY

where C and y are positive constants,

L=l | | | =/
—-—"”/_-_—_ i -
=007 f Plotwithc=1
/ y =0.10 :
The effect is dependent on the value
LA 7= 020 | of y (1is the threshold)

—> y correction

L/2

Output intensity level, s

L/4
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Input intensity level, r Oncwen G




Example: MRI

Purpose = extend range of darker pixels
(y<1)

MRI of a fractured spine
(Dr. David R. Pickens, Vanderbilt University
Medical Center




Piecewise linear transformations

Model arbitrary complex functions
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FIGURE 3.10
Contrast stretching.
(a) Form of
transformation
function. (b) A
low-contrast image.
(c) Result of
contrast stretching.
(d) Result of
thresholding.
(Original image
courtesy of Dr.
Roger Heady,
Research School of
Biological Sciences,
Australian National
University,
Canberra,
Australia.)




Gray-level slicing

ab rL-1—m—m—"-"-—-"—""—>"">--- 1

FIGURE 3.11 (a) This
transformation
highlights intensity
range [A, B] and
reduces all other
intensities to a lower ~T(r)
level. (b) This —
transformation
highlights range

[A, B] and preserves
all other intensity
levels.

abc

FIGURE 3.12 (a) Aortic angiogram. (b) Result of using a slicing transformation of the type illustrated in Fig.
3.11(a), with the range of intensities of interest selected in the upper end of the gray scale. (¢) Result of
using the transformation in Fig. 3.11(b), with the selected area set to black, so that grays in the area of the
blood vessels and kidneys were preserved. (Original image courtesy of Dr. Thomas R. Gest, University of

-Michigan Medical School.)




Histogram processing

T

T I I
Histogram of dark image

I I T
Histogram of light image

I I T
Histogram of low-contrast image
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Histogram of high-contrast image

The histogram of a digital image with gray levels
[0, L-1] is a discrete function:

h(r) = ny
Where n, is the number of pixels having gray
level k, with k = [0, L-1].

It is typically normalized by the total number of
pixels in the image n.

( )_nk_nk
PRI =" = uN

Probability of occurrence of gray level r, in the
image



Histogram transformation function

ab

FIGURE 3.17

(a) Monotonically
increasing
function, showing
how multiple
values can map to
a single value.
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(b) Strictly
monotonically
increasing
function. This is a
one-to-one
mapping, both
ways.

Y
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0 Multiple Single 1
values  wvalue

Let us assume: a) T(r) issingle-valued and monotonically increasing

b) 0<T(r)<1 for0<r<1
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Intensity probability distribution

%)

ps(s)

ps(s) ds = pr(r) dr

' pr(1r)

i ; pr(r)dri

ps(s) ds = p,.(r) dr

dr
ps(S) — pr(r)g



Histogram equalization

Let us consider:

r
s=T() = (L= 1) | p,(w)dw
0
\ J | J
A/Y |
Output image with L intensity Cumulative distribution function of r:
values in the [0,...,L-1] range e Single-valued

* Monotonically increasing
* Defined in the [0, 1] range

=0 = (L - )= [f] p,w)dw]=(L - Dp,(r)
# pi(s) = pr(r) E - Li 0=s =Ll # Uniform probability

independently of p.(r)




Histogram equalization

Let us now consider discrete values:

r k
=T =0-1 [ pwaw B s=TEI=C-D) p)
O i

Suppose that a 3-bit image ( L = 8) of size 64 x 64 pixels (MN = 4096 )

pr(rk)
I n; p.(ry) = n,/MN i
25+ o
rp=0 790 0.19 ol | e
rn=1 1023 0.25 T .
ry =2 850 0.21 - LT
ry =3 656 0.16 10+ | e
ry =4 329 0.08 05+ 1LY .
rs=>5 245 0.06 | N R S
re = 6 122 0.03 01234567
r,=1 81 0.02




Histogram equalization

0
so=T(r,) = z p, (1) = pr(1y) = 0.19 - so = 0.19x7 = 1.33

j=0

Rescale to
maximum intensity (7)

Apply the same calculation, and round to the closest integer (in the [0, 7] range)

5,=133—>1 5=308—>3 s5,=455>5 5 =567—6
5,=62356 5.=665—7 5,=686—7 s5,=7.00-7

Sk
A

7.0 4
5.6 -
4.2 -
2.8 + |
1.4




Histogram equalization

AR
s, =133 =1 ’308%’3 S, —455—>5 5 =567—‘e§_{,\'
l'-‘ pr ~\
s4=6_231\+6) 665—;)7,5 —686—‘¢7 15, =70057)
I Tk ny pe(r) = ni/MN
So = 1: 790 pixels ro =0 790 0.19
Sl - 3: 1023 pixels r = 1 1023 0.25
r =2 850 0.21
2 = 53 Jiaith L — =3 656 0.16
53 =6 985 (656+329) plxels - ry=4 329 0.08
e rs=>5 245 0.06
Ss—>7:¢” 448 (245+122+81) pixels > r— 6 12 0.03
p(52) r; =17 81 0.02
4
25 + o .
20T ¢ T Divide by MN = 4096
SEE S
djo+ L e
05+ | .
A .
0O 1 2 3 4 5 6 7




Histogram equalization

0 50 100 150 200 250 300 n k }
Gray level *i” ] 4 "



Histogram matching

T
s=T(r)=(L—- 1)J p,(w)dw  Cumulative distribution function of r
0

Let us define a variable z (and corresponding probability distribution) so that:
Z

62 = @ = 1) [ PO =
0

# G(z) =T(r) # z=G"YT(r)]

Procedural steps for histogram matching:

 Calculate T(r) from input p.(r)

* Calculate G(z) from desired p,(z)

* Compute G1

* Obtain output image values by applying G1to T(r) [i.e. matching p,(2)]




Histogram matching: graphical representation

....
a®

-Gl . G(z) given
" ab
Cc

FIGURE 3.19
(a) Graphical
interpretation of
mapping from r,
to s, viaT(r).
(b) Mapping of z,,
loits
corresponding
value v, via G(z).
(c) Inverse
mapping [rom s,
. ! to its
corresponding

’ value of z,.

L -1




Histogram matching example

Suppose that a 3-bit image (L=8) of size 64 x 64 pixels (MN = 4096) has the
intensity distribution shown in the following table (on the left, same example as
before). Get the histogram transformation function and make the output image
with the specified histogram, listed in the table on the right.

Tk ny p(r) = ni/MN Specified

Zq p:(zq)

ro=70 790 0.19 o o
rn=1 1023 0.25 0 = .

{1 = 1 0.00

r =2 850 0.21 - — 2 000

r; =3 656 0.16 Z§ 3 015

rq =4 329 0.08 24 = 0.20

s = 245 0.06 25 =5 0.30

re = 6 122 0.03 Z6 = 6 0.20

ry =17 81 0.02 27 = 0.15




Histogram matching example

Obtain the scaled histogram-equalized values (see previous slides),

so=1,5s1=3,5=5,5=6,5,=6,5c=7,5=7,5,=7

Compute all the values of the transformation function G,

G(z,) =720: p,(z,)=0.00 —0

G(z)=000 —50 G(z,) =0.00 — 0
G(z,)=105 —1 G(z,)=2.45 — 2
G(z,)=455 —5 G(z;) =595 =6

G(z,)=7.00 —>7

Specified

Z P:(2y)
Zp = 0 0.00
1 = 1 0.00
I = 2 0.00
73=3 0.15
74 =4 0.20
Z5 =15 0.30

26:6
z7 =17

0.20
0.15




Histogram matching example

Specified
zq Pz(zq)
: : . 0=0 0.00
Obtain the scaled histogram-equalized values, o 1 000
7 =2 0.00
;=3 0.15
SO=1,51=3,52=5;53=6;S4=6155=7IS6=7'S7=7 ;:ig ggg
Zg =6 0.20
z27=17 0.15
Compute all the values of the transformation function G,
0
G(2,) =7 p,(2;)=0.00 —0
j=0
G(z)=0.00 —0 G(z,) =0.00 — 0 Finds =G (2)

G(z,)=105 —1 s, G(z,)=245—>2 S;
G(z.)=455 —9 Sz G(z,)=595 —>6 S35,
G(Z7) = 700 _) 7 55 SG S7




Histogram matching example

=7

1,s;,=3,5,=5,5=6,5,=6,5c=7,S =7,5S7

So

N | N O~

I I A |

o | ™ 0w O I~

N

= O 4 N 0 < 10 O I~



Histogram matching example

o — £, p,(0) = p,(1) = p,(2)=0
790 Tk n
,(3) =——=10.19
0—>3 P2(3) = 755 R -
1023 = 1023
1 % 4 z 4) = = (0.25 F
e e ry =2 850
2 —> 5 p,(5) = 2096 0.21 ry = 3 656
- ry = 4 329
656 + 329 _
36 | P2 (6) = = 0.24 5= 245
4096 Yo = 122
456 - -
557

245 + 122 + 81

6—>7 - p,(7) = 1096 =0.11
{7




Histogram matching example

pr(rk) pz(zq)
A
30 30 -+ .
25+ e 25 +
204 ¢ 20 + 5 s
A5+ * 15 + . L.
101+ e 10 | L
| @ I i
05 | e . 05 + | i
| e . >z,
012 3 45 6 7 01 2 3 45 6 7
G(z4) P:(24)
'y A
T e 25 + . *
6 _I—I. 4
s | | .20 . 'Il'
4+ | A5+ i
3+ 10+ | o
2+ |
il I 05—+ i
-2, I 1z,

ab
cd

FIGURE 3.22

(a) Histogram of a
3-bit image. (b)
Specified
histogram.

(c) Transformation
function obtained
from the specified
histogram.

(d) Result of
performing
histogram
specification.

Compare
(b) and (d).




Histogram matching: CBCT / CT example

planning CT CBCT mCBCT-RR
100 - head and neck -
i phantom T T
| oo
i ¢
- CBCT | ;
a3 :
I
= i ,
E i
)
% planning CT E
e | = -
=+ | y ¥
v | | G
5 |
E HU values of | ~
3 mCBCT | Z f by
1 »
1 - G
A / E V
/ / i patient -— -
I v o
A 1 ‘ ' A,
s (& i ki
HU value e 4, =

Phys Med. 2017 Jan;33:68-76.
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Local histogram processing

e Global histogram processing may fail to enhance details over small areas, whose intensity
distribution does not match the gray level content of the entire image

* Histograms can be defined locally, considering specific neighborhoods centered at a
predefined location (X,y):

A Spatial Domain of Image
¥

6 -

3x3 neighborhood of (x.y) _ o
0[0]0 Calculating the < 4 -

0l0[1 SN ET

ol111 local histogram .= > .

O -

0 1
Bin




A Spatial Domain of Image

Local histogram processing o negnoomondor .

a bl

FIGURE 3.26 (a) Original image. (b) Result of global histogram equalization. (c) Result of local
histogram equalization applied to (a), using a neighborhood of size 3 X 3.
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Local histogram statistics for enhancement

Let us consider Syy, i.e. a neighborhood (subimage) of specified size, centered at (X,y)

Mms,, = Z Tst P(Tst) Local mean (average gray level)
(s,t)ESxy

03, = [1s,c — Ms,, 12 p(7s,e) i

Sxy s,t Sxyl PUst Local variance (measure of contrast)
(S,t)ESxy

where p(7s ) is the neighborhood normalized histogram component for corresponding
gray level 75t

Can be used to implement simple enhancement techniques based on statistical measures
that have a close, predictable correspondence to image appearance.




Local histogram statistics: example

Ef(x, y) lf mey < kOMG and leG < O-Sxy 1G4 kZDG
f(y) otherwise

g(x,y) ={

With E>1, k,<1 and M/ Dg are the global image mean / variance

ab

FIGURE 3.27

(a) Original
image. (b) Result
of local
enhancement
based on local
histogram
statistics
Compare (b) with
Fig. 3.26(c).




Local histogram statistics: example

Ef(x, }7) lf mey < kOMG and leG < O-Sxy < kZDG

9.y) = f(x,v) otherwise

With E>1,k,<1 and M / Dg are the global image mean / variance

—_ -

a hlie

FIGURE 3.27 (a) SEM image of a tungsten filament magnified approximately 130X.
(b) Result of global histogram equalization. (¢) Image enhanced using local histogram
statistics. (Original image courtesy of Mr. Michael Shaffer, Department of Geological
ciences, University of Oregon, Eugene.) maamins: |
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Spatial filtering

N SR MxN image
- \} m xn filter mask (odd filter size)
; / a b
\ [ Pt 7] wx f(x,y) = z z w(s, t)f(x+s,y+t)
_/f s=—at=-b
m-—1
with: aqa = ————
tmag 2
)i; b = n—1
w(l,—1) w(1,0) w(l,1) - 2

Filter coefficients

flx—=1,y-1) fla—=1y+1)

Image convolution with a filter
(kernel)

fle.y+1)

flx+Ly—=1) flx+Ly)

fla+1Ly+1)




Spatial filtering: border effects

Origin Possible solutions:
X
e e -+ Ignore the contribution of
missing pixels/voxels (null term)

— Border effects visible
(considering reduced number
of samples)

e — Slow-down (need to check
when you reach the border)

* Image Padding

— Assign a reference values
outside (e.g. 0)
e Mirroring at the border (up to
half of the kernel size)

* Resize the output image (the
filtered image will be smaller)

Y4 f(X,Y)




Smoothing spatial filters

Used for blurring and noise reduction

Smoothing filtes average the pixels contained in the neighborhood of the
filter mask

Reduces sharp transitions in gray levels
Negative effects on contour preservation (sharp transition by definition)

a b
9(x,y) = Y=g dt=—pW(S,Df(x +s,y + t)/ ,
) a
Zs=—a Zt:—b W(Sl t)
Average Weighted average
ab
. . . FIGURE 3.32 T
1 1 1 1 2 1 I X3 smoothirlwgO
(averaging) filter
masks. The
1 COI:ISI:EIH[ multipli-
x| 1 1 1 x| 2 4 2 mask 1y equal 1o 1
divided by the
sum of the values
of 1:ts coefficients.
Lo | U2 || e
average. Lo o mm w b maximiLians







Order statistics filters

* Rank pixels / voxels in a given neighborhood and replace with a value
determined by ranking results

* An example in the median filter (50%) = effective for salt & pepper noise




Gaussian filter kernels

s24t2 r2

w(s,t) = G(s,t) = Ke ™ 207 = Ke 207 Circularly symmetric Gaussian kernel

(m—1) {m—1)
——2 2
AGURE 3.34 i“*ﬁ 5 245
Dhstances from I 5 |32 13 10
the.rceuterrinr :ZJ_ e
various sizes of 1243 Jﬁ:u’i 2.5
square kernels. i""fﬁ i) 5 '-"ﬁi
Ly 302 4
1
| 77| JT0! 5 Nl
05 | JTENE B 2 5 o | oA |
|5 |32 i3 i3 \io Vi3 33| 5|
I —————
WZ 5 25 JIT_4 T2 5 47,




Gaussian filter kernels

-z m X W X

&a

. k3
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FIGURE 3.36 (a)A test pattern of size 1024 x 1024. (b) Result of lowpass filtering the pattern with a Gaussian kernel
of size 21 = 21, with standard deviations o = 3.5, (c) Result of using a kernel of size 43 x 43, with o = 7. This result
is comparable to Fig. 3.33(d). We used K =1 in all cases.




Sharpening filters

* Highlight image discontinuities (gray level changes)
* Typically rely on first / second derivative

Intensity

Scan
line

1st derivative

Intensity

Intensity transition
Ve y
o N — =B — @ a—-u— = -m
50 \ Constant " /
intensity < Ram /
P /
4 l\\/_ Step -~
3 .\ I;
2 “u !
~ /
1+ — 2 — 82— E—-u— @
0 x

Lofelelels|alafafrft]rfr]t]t]e]6]6]6]6]~>

o 0-1-1-1-1-1 0 O O O O 5 0 0 O O
2nd derivative O 0-1 0 0 O 0 1 O O 0 O 5-=5 0 0 0
> o
s [i
Y
3 !’ . l'\_
21— iii l‘l :
1 ul [
I/ \‘ | ] -‘.
0 -----@--EI_\—D--D-D-D—/E—@—-@---@ji---@---@--@
1L “@f-e--e-—e_—e_« Zerocrossing — 1 |
S N - ".
-3 e FHist derivative lnl
O Second derivative | ;’

X

i: f(x+1)—f(x)
OX

o* f
—=f(x+D)+ f(x-1)-2f(x)
0°X
a
b
C
FIGURE 3.36

[lustration of the
first and second
derivatives of a
1-D digital
function
representing a
section of a
horizontal
intensity profile
from an image. In
(a) and (c) data
points are joined
by dashed lines as
a visualization aid.




Laplacian filter

H 1 1 . 2 azf azf
The Laplacian operator is defined as: V2f = n
O0°X 0%y

Where partial derivatives are calculated as follows:

2

ng =f(x+Ly)+f(x=-1Ly)-2f(x,y)
X

o° f

p =f(X,y+)+ f(x,y=1)-21(x,y)
y

V2 =[f(x+1y)+ f(x—1,v) 0|11]o0
=

+ f (X, y+1D)+ f(X,y—1] m B

—41T(X,y)




Laplacian filter

g(x,y)=f(xy)-V°f

Original image Laplacian Image subtraction




Unsharp masking

fum (X, y) = ” i 3 [af (x,y) — Bfip(x,¥)] witha = >0 Unsharp masking

Blurred version of the original image

\af (x,y) — Bfip(x, y)} = afy(,y) +af(x,y) — fip(x, ¥)] - Bfip(x, y)}

\ \—Y—} \

4

fum (%, y) = fip(x, ) + —ﬂ [f (x, ) — fip(x, ¥)]

\—Y—)

Gain factor at high frequency




Original CT data Filtered CT data

FIGURE 2.4 Filtering CT data using unsharp masking. The high-pass information of the original image (left) is twice as high in the rest
image (right). Note how details have been amplified. This technique works well due to the lack of noise in the image.
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G| _
7iGy) = [Gy} of

Image gradients

of
9x

|dy

Je= fs— [5

y

21

<2

<3

<4

<5

36

= 2/6,? + G2
Ve, y)l =

Jy~fe — [5

21

<2

<3

<4

<5

36




Gx] _
Vf (X, Y) — [Gy

Image gradients

ox
af

Je= fs— [5

/

|dy

21

<2

<3

<4

= 2/6,? + G2
Ve, y)l =

Jy~fe — [5

21

<3

<4




Image gradients

v

<1 22 23
24 75 Zg
47 <8 g

v

Roberts operator
(cross-gradients)

~1 0 0 —1

0 1 1 0
-1 -2 -1 —1 0
0 0 0 -2 0

Sobel operator

a
bc
dilE

FIGURE 3.41

A 3 X 3region of
an image (the zs
are intensity
values).

(b)-(c) Roberts
cross gradient
operators.
(d)-(e) Sobel
operators. All the
mask coefficients
sum to zero, as
expected of a
derivative
operator.

Vf = H(z7 + 225 + 29) — (21 + 22, + 23)]
+ 1(23 + 226 + Zg) - (Zl + 224 + Z7)|.




Sobel operator: example




