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e

Yynpute output image pixel G[r, €] from neighbors of input image pixe}#i5, cl.

Flr, ¥ is an input image of MaxRow rows and MaxCol columns;

F is ufghanged by the algorithm.
GIr, ¢] Mithe output image of MaxRow rows and MaxCol columns.

The bordefpf G are all those pixels whose neighborhoods

are not whoW contained in G.
w and h are tigywidth and height, in _pixcls. defining a neighborho@d.

procedure cii nce_image(F,G,w,h);

for r ;= 0 to Ma Row - |
for ¢ := 0 to Ma ol—l

{ % '

if [r, c] is a borde ipixel then Gr, c] :=FjE cl;
else GIx, ¢] ;= comifu te_using neighbor {F.r.c v, h);
i -

procedure compute.usin r.c,w, )

g ne hbors (IN

{ T
using all pixels within W/ 2 and h/@ of Pixel IN[r, el
compute a value to return to represe _ NI, ¢l

} A

Algorithm 5.1  Compute output pixeH

: G, c] from neighbors of input

image pixel Flr, Ok

Exercise 5.7

Implement Algorithm 5.1 in
filtering operations and test

som fro gramming language. cd c both the boxcar and median

thedon some images such as in Figure 5.9.

llel. This holds because the inpu image 15 unchanged by
AP ute_using.neighbors

putations. Secondly, the procedure corh
could be implemented to pertorm either boxcar or median filtering. Foboxcar filtering, the
procedure need only addip the w > h pixels of the neighborhood of F hc] and then divide
by the number of pixelg x h. To implement a median filter, the procedurd ould copy those
w x h pixel values i a local array A and partially sort it to obtain their Mgdian value.
Control could/also be arranged so that only h rows of the image are in
at any one time. OMfputs Gr, ¢] would be computed only for the middle row r.
row would be inpiit to replace the oldest row in memory and the next output 10
would be comgitted. This process is repeated until all possible output Tows are

could all be computed in par
any of the neighborhood ¢
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Years ago, when computers
on disk and many algorithms hagd
1s still of intereskReEEns
archite -

siall main mes “the pri
[ L MemePies. The primary storage for images was
s images a few rows at a time. Today, such control

PIL 1S used in imagoPlmgessi i
imagCpimgessing boards implementing a pipelined

5.6 DETECTING EDGES USING DIFFERENCING MASKS

Image points of high co

‘ gh contrast can be detected b ing i

il ) Lok ‘ y computing intensity diffi i ;

pm: 2 ?hisnseﬁgéc%ilg, }s;uchhpomts form the border between diffgen]t j;’;:;‘:solrﬂ o
: ‘ i show how to do this usi i s

e s & . : ‘ ng neighborhood templ ;

o yals ;r:g; omie ﬂ(lilmenalo_ngl signals: this helps devel;p both the intrtl:iﬁ'ig;ezg tim ﬁkS-l -

g magerym p'lar'fa‘nt in its own right. The 1D signals could just be row i

. The section ends by studying more general 2D situations s =

5.6.1 Differencing 1D Signals

Figure 5.10 shows how masks can b
hae _ i used fo compute representati ivati
ks g:& ( ﬁzjn_m;t( Se ilgﬂal S is a sequence of sampllfars from ;z?rjeoffu:lcetiginfv att:cs
Fn Sl 2 é; 1 ;I; (x; — x; _‘1J, Assuming that the sample spacing is Ax e e]ﬁ
b o can be approximated by applying the mask M’ =[—1,1 b ths
s shown in Figure 5.10 to obtain an output signal §’. As the ﬁgt;re] s;Do e
g : WS,

fx)

|
1
|
|
I
I
I
I
I
|
1
+

R \ﬂf—l]i St | sti+ 11| sfi+2]

b % g L Fd

W Nk
e R T

S 7l -
Ll e

S[i + 1] - 28[i] + S[i - 1]

Fi s A .
apgpmm; :1;:’ f.lt:h)h'l'he first (S8") and second (5") difference signals are scaled
ions to the first and second derivati i £
kT e TG e ML e ves of the signal S; and (right) Masks M’



kyros
From: L. G. Shapiro and G. C. Stockman, "Computer Vision," Prentice Hall, 2001
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it’s enient to think of the values of 8 as occurriqg in betwa_acn the_ jmﬂplis;gr il gAh
hig COﬂ‘f. B?l alue of §'[{] indicates where the signal is undergoing rap; c agc gkl
o ab:()S!im:]:l S’ itself can be differentiated a second limg u‘sing mask. M tg %Egeti:;po n[;n :
;?:I :‘;:ch cirresponds to the second derivatlive of the (:»‘1'1g1n‘z;‘l3 1fu\:c12ct)1?a ;ft.he i
result illustrated in Figure 5.10 and derived in the equathons K o bz gy
second derivative can be computed by applying the mask M to the ong

samples S.

5
Sl = —S[i — 11+ S[ ((5 4_)}
mask M’ = [—1, +1] (5_5)

§"[i] = =S'li1+ 8T + 11 :
= —(S[i]— St — 1+ (SE+11- SLD (5.6)
= S — l]-—25[i]+5]_t+1] (5.7
(5.8)

mask M =[1, -2,1]

iti / cOmm bsolute
If only points of high contrast are to be detected, 1tis ver}dco mon t;r;! :s; rzl:;:ﬁ i(;ﬁve
o : L = :
y ] k at signal position S[i]. If this1s om_a, ' ‘
‘ahli ﬁtﬂ;:};l;‘g;?ﬁ}if?isl + l]gor [+1, —1] and the second derivative mask can be either
mask can = ;

mask M = [-1,0,1]
T2l 12 |12 242424 ]2 2;.
s, || MJolo ool B8t

(a) Sy is an upward step edge

s ]24]24[24||24|24]12]12[12]12“@
S:)@:Iﬂ]uyo ST o [—12| =2 b = |0 {0

() 8, is a downward step edge

S oluzlz]z]15]18[21]24]24 |2
£}
s; (@[ M| o 0l0l3|6]6ls|3_1_uo

(c) S5 is an upward ramp

ST [ [EEEEElelelelole]
Se @ M| o] oJorlo]-r[ofofo]o]
4 L |

(d) S, is a bright impulse or line

al signals with first derivative edge detecting
(c) upward ramp, and
output must be zero

i =3 5 i f four speci
Figure 5.11 Cross correlation of
mf.:;c [—1,0, 1]; (a} upward step edge, (b} dﬂlwnward_sLeQ edge, il
() bright impulse. Note that, since the coordinates of M sum to "

on a constant region.
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mask M = [-1, 2, -1]

51 12112 12|12 12]24[24[24[24] 24
[Sil®|mMoJoJoJo[-12JzJoJoo]o

(a) §; is an upward step edge

S, f2a ] nfu|v/u[v]fe]je]e]r
S @ MJoJoJoJoJu][-12[o]o]o]o

(b) 85 is a downward step edge

LS Ri||2]i1s|8][2a]u]a]x
[Ss]®ImMoJoJo[-3]0oJo]Jo 3 oo
(c) 55 is an upward ramp
[s 2ipleleTalelelelele
[Se[®@[mToJoJo[-12]24][-12JoJo]o]o

(d) Sy is a bright impulse or line

Figure 5.12  Cross correlation of four special signals with second derivative edge
detecting mask M = [—1,2, —1]; (a) upward step edge, (b) downward step edge,
(c) upward ramp, and (d) bright impulse. Since the coordinates of M sum to zero,
response on constant regions is zero. Note how a zero-crossing appears at an output
position where different trends in the input signal join.

M” = [+1, =2, +1] or [-1, +2, —1]. A similar situation exists for 2D images as we shall
soon see. Whenever only magnitudes are of concern, we will consider these patterns to be
the same, and whenever the sign of the change is important, we will consider them to be
different.

Use of another common first derivative mask is shown in Figure 5.11. This mask has
3 coordinates and is centered at signal point S[i] so that it computes the signal difference
across the adjacent values. Because Ax =2, it will give a high estimate of the actual
derivative unless the result is divided by 2. Moreover, this mask is known to give aresponse
on perfect step edges that is 2 samples wide, as is shown in Figure 5.1 1(a)—(b). Figure 5.12
shows the response of the second derivative mask on the sample signals. As Figure 5.12
shows, signal contrast is detected by a zero-crossing, which localizes and amplifies the
change between two successive signal values. Taken together, the first and second derivative
signals reveal much of the local signal structure. Figure 5.13 shows how smoothing of signals
can be put into the same framework as differencing: the boxed table below compares the
general properties of smoothing versus differencing masks.

Some properties of derivative masks follow:

+* Coordinates of derivative masks have opposite signs in order to obtain a high response
in signal regions of high contrast.
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box smoothing mask M = (13, 13, 13]

12 24|24 24 | 24 |

z
{a) §, is an upward step edge
el

(d) Syis a bright impulse or line

Higher intensities

f:\. = ({38 — 12)/2 + (66 — 15)/2
+(65 — 42)/2)/3
=(13+25+11)/3 =16

I = ((65 — 38)/2 + (64 — 14)/2
+(42 - 12)/2)/3
= (13+25+15)/3=18

# = tan~'(16/18) = 0.727 rad

2 degrees

Gaussian smoothing mask M = [1/4, 172, 1/4]
5 Dl |2]12|2e|2d|24[2]2
51
s|e |||l 15121 |2¢ 2424 |24

(a) §, is an upward step edge

IVfl = (162 + 18317 = 24

Figure 5.14 Estimating the magnitude and direction of contrast at I[x, v] by estimating
the gradient magnitude and direction of picture function f(x, ¥) using the discrete
samnples in the image array.

plrle|e|su|rjr{r|l2]V
[s.]® MH?llzllz—l_EJiﬁll_S!lzllZ]lZJﬂ

(d) 5, is a bright impulse or line

the contrast at image location I[x, y] along the x-direction by computing (I[x + 1, y] —
ITx — 1, y])/2, which is the change in intensity across the left and right neighbors of pixel
[x, y] divided by Ax = 2 pixel units. For the neighborhood shown in Figure 5.14, the
: : ; in the x direction would be estimated as (64 — 14)/2 = 25. Since our pixel val
S Smoothing of step and impulse with box mask : constrast in the p ues
El?;r:;l?f3][:25";\”(;[:::;‘) Bt ows) smoothing of step and impulse with Gaussian are noisy and since the edge might actually cut across the pixel array at any angle, it should
s f ,f;t, 12, 1/41. help to average 3 different estimates of the contrast in the neighborhood of [x, y]:

; : affox = fr = HUlx +1,y1 = I[x - 1, yD/2
The sum of coordinates of derivative masks is zero so that a zero response 15 obtained -

; ) +Ux+1,y-1-Ix—1,y-1D/2
on constant regions. : : .
« First derivative masks produce high absolute values at points of high contrast.

+ x4+ 1, y+ 11— I[x—1,y+11)/2)] (5.9)
i i igh contrast.
. ivati ks produce zero-crossings at points of hig e - e
Second derivalive masks p ¥ This estimates the contrast in the x-direction by equally weighting the contrast across
For comparison, smoothing masks have these properties: the row y with the row below and above it. The contrast in the y-direction can be estimated
« Coordinates of smoothing masks are positive and sum to one so that output on constant similarly:

regions is the same as the input. : : o £ : ‘
+ The amount of smoothing and noise reduction is proportional to the mask size. oy = £, & M9+ T =15y - D2
* « Step edges are blurred in proportion to the mask size. _ g e
+Ux+Ly+1=Ix+1,y—11/2] (5.10)
5.6.2 Difference Operators for 20 Images n

in ¢ irecti culus, we
Contrast in the 2D picture function fx, y} can occur in anyfd:ﬂ_l;ecnzzi;rlog; fha; e
axi g rs along the direction of the gr - Fumetio
know that the maximum change occurs along ( e
ich is i irecti B ol -ture plane. Figure 5.14 shows tha
which is in the direction [ﬁ£~ ayl in the picture plz ; Edj Bl
intuitive when one considers discrete approximations in digita ges.

Often, the division by 6 is ignored to save computation time, resulting in scaled
estimates. Masks for these two contrast operators are denoted by M, and M, at the top of
Figure 5.15. The gradient of the picture function can be estimated by applying the masks
to the 8-neighborhood Ng[x, y] of pixel [x, y] as given in Equations 5.11 to 5.14. These
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ifo 1] !'1\_1__3
prewitt M,=|-110]1): M, ={olo0o]o]
1o 1 [~1[=1]-1]
EVEEs I ESE R

[ o1
somt M.=[=2[ 0] 2] My=[0 010
EYLAR! =
Figure 5.15 Masks used to estimate the

|—--,—"|r 1 aradient of picture function flx, ¥n
= 0 (top row) Prewitt: (middle row) Sobel: and

011 :
Roberts: M, = _-ﬂ D M, = r,_r—‘
'_|1 0] s (bottom row) Roberts.

masks define the Prewitt operalor credited to Dr. Judith Prewitt who used them in detecting

boundaries in biomedical images.

1/ o Nalx. YD G.11)
8 (1/6)(My o Nalx, YD) (5.12)
dy
,’5% dj"
M ol i
|V fl = + 3y (5.13)
0 ~ tan™" (a—f- i (5.14)
=\ 3y 0% :

The operation M o N is defined formally in the next section: operationally, mask M is
overlaid on image neighborhood N so that each intensity NV;; can be multiplied by weight
M;;; finally all these products are summed. The middle row of Figure 5.15 shows the two
analogous Sobel masks; their derivation and interpretation is the same as for the Prewitt
masks except that the assumption is that the center estimate should be weighted twice as
much as the estimate to either side.

The Roberts masks are only 2 x 2: hence they are both more efficient to use and
more locally applied. Often referred to as the Roberts cross operator, these masks actually
compute a gradient estimate at the center of a 4-neighborhood and not at a center pixel.
Moreover, the actual coordinate system in which the operator is defined is rotated 45° off the
standard row direction. Application of the Roberts cross operator is shown in Figure 5.16:
the original input image is shown in the upper left in part (a), while the output from slightly
different Roberts operators is shown in (b) and (c). Parts (d) and (e) show the results
of using just the intensity differences along the image columns and rows respectively,
and (f) shows the row and column detections ORed together. Qualitatively, these results
are typical of the several small-neighborhood operators—many pixels on many edges are
detected but many are missed. There are responses on the textured grass region and the top
of the garage is missed because its intensity matches the sky. The Roberts results should
be compared to the resulls obtained by combining the simple 1D row and column masks
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(e)
Figure 5.16 | iginal i : 5
R()gbu“3 mbmas[{ :: S:glna] image; (b) top 3 percent of the sum of the absolute values of the tw
Tl abs;j;:meat;}:i t:rpti percent of the mean-squared value of the two Roberts masks; ?d) top
3 e responses from y-direction ed <[ 3 p
e e ¥ ion edge mask [—1, +17; (e) t :
wekles mprt;:;eoi fdr‘oﬂrtt x-direction cdge mask [—1, +1]"; and { ) images of (d) 3.1'11’.3 fi) }O?{ij EF;‘:‘*;“‘
erences among (b), (c), and ( f). (Image courtesy of Ida Stockrﬁan )] e

Fi : A i
S;;,;:ZS I'T Sa,« I_rr;age uf_nmsy squares and rings; (&) mean square response of 3 x 3
perator; and (¢) coding of gradient direction computed by 3 x 3 Sabel fnpenfor

shown in Figu =F) i i

is ‘{gﬁre 5.16(:?' f). It is common to avoid computing a square root in order to

3 pute grdF. ent magnitude; alternatives are ma.x(l?l, 1%, 1L [+ ) or (2 + 24/2
omparing Fi ) - B A g e -

Wlthpt e é; - S;re 5.16(b) and (c, f) seems to justify avoviding ‘thc s;iiare mgf opegt:ién

et Ch by atei;s: one ;nust be careful when trying to interpret the actual gradient 01:

n. Figure 5.17(b) shows the results i

; : i g ts of using the Sot

e o : } ¥ _ g the Sobel 3 x 3 operat

Umd?em dire;r;.aquarc gradient magnitude and Figure 5.17(¢) shows an el‘iCO(fiIl)l E::-‘?rtlm

; . ion. The small squares in the original image are 8 x 8§ pixels: : ) .
perator represents many, but not all, of the image edges B e

g s.
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1

Exercise 5.8 . & o
If a true eradient magnitude is needed, why might the Sobel masks provide a faster solutio
a = = (=4 ’ =

than the Prewitt masks?

Exercise 5.9: Optimality of Prewitt masks.* : .
The problem is to prove that Prewitt masks gi\_}c the weights .for.[he l;e;t;il;;mlisp;zgz
approximating the intensity surfaceina3 x 3 ncl_ghborllmn‘d, .a?umlmg al ap )5)3 ot
equal weight. Suppose that the 9 intensities I[r +i,c+jL i, ] = —_ + _.+ e
neishborhood are fit by the least squares planar model [[r, c] = ¢ = L{-i”; mg pre;[;u =
tha? the 9 samples are equally spaced in terms of r aFld c.) ShO\]v aj st i
compute the estimates of p and g as the partial derivatives of the least squares p

the intensity function.

Figure 5.18(b, ¢) show plots of thF inltensqi;i:s :Ji tl;lvco;;‘i\:;o;?;e ﬂl:lf;OPrI:) if??;?;?e(zg-a E}li

:E:: ;;i‘:t(ﬁ-}eil;: (EZ:COr I:;srsnf:;u;()d;r; (;;g(lé))n[zss P;cfwi(n‘slc hair a;léiodtr:s;s 718)&; ;(z:t)e;( :Z}EEE
3 adow of the rightmost chair (columns

L ) N e s e o D

gg;v(g?fbagtbl%t\;fxeeri?;;c 3gpcr TOW proﬁle_.‘shown in (¢), shows sharp transitions where

J sl i 3
: 0 50 I00 150 200 20 300 350 200 450 D S0 100 150 200 250 300 350 400 450
) (e)

2 prewittFyI20 —

250

! M0 360 A0 450
Jo S0 100 150 200 250 300 330 400 450 0 S0 100 150 200 250 300

(e) (63

Figure 5.18 (g} lmage of Judith Prewitt with two rows selected; .(b) plot zf 1n:?::ti:$:.;:1§g et
selected lower row: (¢) plot of intensities along s.elecltcd upper row; fd} gmn:.::}r aiimt e i
of | fx| + | fy] using the Prewitt 3 % 3 operator; (&) plot of selected lower r ar. fad
(f);plt)[ of intensities along gradient of selected upper row.
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it cuts across the picture frames, mat, and pictures. The picture at the left shows much more
intensity variation than the one at the right. Figure 5.18(d)—( /) shows the results of applying
the 3 x 3 Prewitt gradient operator to the original image. The sum of the absolute values of the
column and row gradients f, and f, is plotted for the same two image rows shown in parts
(a)~(c) of the figure. The highest values of the Prewitt operator correspond well with the
major boundaries crossed: however, the several medium level spikes from Dr. Prewitt's chair
in (d) between columns 170 and 210 are harder to interpret. The contrasts in the upper row,
graphed in ( f). are interpreted similarly—major object boundaries correspond well to the
object boundaries of the picture frame and mat; however, there is a lot of intensity variation
in the leftmost picture on the wall. Generally, gradient operators work well for detecting the
boundary of isolated objects, although some problems are common. Boundaries sometimes

drop out due to object curvature or soft shadows: on the other hand, good contrast often

produces boundaries that are several pixels wide, necessitating a thinning step afterward,

Gradient operators will also respond to textured regions, as we shall study in more detail in
Chapter 7.

5.7 GAUSSIAN FILTERING AND LOG EDGE DETECTION

The Gaussian function has important applications in many areas of mathematics, including
image filtering. In this section, we highlight the characteristics that make it useful for
smoothing images or detecting edges after smoothing.

46 Definition. A Gaussian function of one variable with spread o is of the fol-
lowing form, where c is some scale factor.

g(x) = ce™w? (5.15)
A Gaussian function of two variables is

[P ]

g(x,y) =ce” ¥ (5.16)

These forms have the same structure as the normal distribution defined in Chapter 4,
where the constant ¢ was set so that the area under the curve would be 1. To create a mask
for filtering, we usually make ¢ a large number so that all mask elements are integers. The
Gaussian is defined centered on the origin and thus needs no location parameter u as does
the normal distribution: an image processing algorithm will translate it to wherever it will
be applied in a signal or image. Figure 5.19 plots the Gaussian of one variable along with its
first and second derivatives, which are also important in filtering operations. The derivation
of these functions is given in Equations 5.17 to 5.22. The area under the function g(x) is 1,
meaning that it is immediately suitable as a smoothing filter that does not affect constant
regions, g(x) is a positive even function; g’(x) is just g(x) multiplied by odd function —x
and scaled down by o', More structure is revealed in g”(x). Equation 5.21 shows that g” (x)
is the difference of two even functions and that the central lobe will be negative with x = 0,
Using Equation 5.22, it is clear that the zero crossings of the second derivative occur at




