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ABSTRACT

We have used genetic programming
to develop efficient image processing
software. The ultimate goal of our work
is to detect certain signs of breast can-
cer that cannot be detected with current
segmentation and classification meth-
ods. Traditional techniques do a rela-
tively good job of segmenting and clas-
sifying small-scale features of mammo-
grams, such as micro-calcification clus-
ters. Our strongly-typed genetic pro-
grams work on a multi-resolution rep-
resentation of the mammogram, and
they are aimed at handling features at
medium and large scales, such as stel-
lated lesions and architectural distor-
tions. The main problem is efficiency.
We employ program optimizations that
speed up the evolution process by more
than a factor of ten. In this paper we
present our genetic programming Sys-
tem, and we describe our optimization
techniques.
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medium and large scales, such as stellated lesions and archi-
tectural distortions [19].

Poli [17] discussed genetic programming for image anal-
ysis, and he noted that without restrictions on which pixels
can be accessed, the search space becomes huge. His paper
presents a particular set of restrictions together with some ex-
perimental data. Still, his paper does not evaluate whether the
chosen restrictions actually give an advantage over working
in an unrestricted setting.

In this paper we study edge detectiorbir2 x 512 images
with a multi-resolution representation [3]. Edge detection is
a long-studied problem with many classical solutions [10].
We use strongly-typed genetic programs with (1) unbounded
size, (2) unbounded integers, and (3) unrestricted access to all
pixels. We show that a good edge detector can be evolved in a
reasonable amount of time provided that aggressive program
optimizations are employed.

In our setting, a genetic program maps a pixel index to a
boolean value, indicating whether the pixelis an edge pixel or
not. We use four well-known source-to-source optimizations
[1] that together speed up the evolution process by at least a
factor of ten. The optimizations are: 1) checks for out-of-
boundary conditions; 2) variable bindings of the needed pixel
values before evaluating the expressions; 3) use of fixnum
(small integer) arithmetic wherever possible; and 4) flattening
of and/or subtrees of expressions. The use of fixnum arith-
metic seems to be the most effective optimization, while flat-
tening and-or subtrees is the least effective. We represent the
genetic programs as LISP-lists, and after the optimizations,

Genetic programming [14] has been applied widely in im-we use off-the-shelf tools to compile the programs to C, and
age processing [20, 16, 6, 5]. For example, Harris and Buxto compile and execute the generated C programs. Our exper-
ton [11] applied genetic programming techniques to derivéments show that the optimizing C compiler alone is far from
high performance edge detectors for one-dimensional signalfatching the speed-ups we get from the source-to-source op-
The resulting programs often compared favorably with handtimizations. This confirms that powerful program optimiza-
written edge detectors. tions are easier to do for high-level programs. We conclude
The ultimate goal of our work is to detect certain signs ofthat program optimization is a viable way to reduce the time
breast cancer that cannot be detected with current methodseeded for the massive computations for image-processing
Traditional techniques do a relatively good job of segmentingenetic programming.
and classifying small-scale features of mammograms, such as|, the following section we describe the language of ge-
micro-calcification clusters [8]. We want to handle features ahetic programs and the evolution process, in Section 3 we dis-
*To appear in Proc. GP'98, Genetic Programming, Madison, WisconsinCUSS OUr optimization techniques, and in Section 4 we present
July 1998. our experimental results.




2 The Genetic Programs Depth 0

Our genetic programs are represented as LISP-lists generated
from the grammar: Depth 1

Exp := point |
|  Constant

( UnaryOp Exp

( BinaryOp Exp Exp

Constant = —4]|-3|-2|-1]0|1|2]3|4
UnaryOp := abs |divide-by-2 | not | value
| left |right |up |down Figure 1: Depths of an Image
|  deeper |shallower g - oep g
BinaryOp = +|- |*|<|and |or

Our language of genetic programs is sufficient to generate
y one of the family of biorthogonal wavelets [7, p.272].
hese wavelets have arbitrarily high approximation power
ven though they are constructed using knowledge only of
he averages of pixels on dyadic squares; thus, they can form
8 general framework for multi-resolution data representation.
It is possible that an evolving genetic programming system
ill choose the order of representation that is best for a par-

There are three types of data: indices, integers, and boolear(J:1
An index is defined by a triplet of integers, representing th
row, column, and depth. Depth O corresponds to the pixels g
the original image. A depth of 1 is obtained by aggregatinq
2 x 2 squares of pixels as showed in Figure 1. Assuming th
figure represents a matrix, the value of tRex( 2) pixel at
row 1 and column 1 at depth 1 is obtained by averaging th
V?"“es of'the pixel at row 1, column 1; ope-half the values o icular problem (e.qg., first order for edge detection, second
pixels adjacent to the four edges of the pixel at row 1, COIum%rder for curvature analysis, etc.)
1; and one—fouth the values of the four p_ix_els adjqining the We only work with geneti’c pr.og.;rams that type check [2]
ggg]tﬁrzs g ;E?aip:wl)é?jl k?; ;c\)/v(\a/ ri\'g?r?éuthmen olri giség}':?;ggz Z;:ge atFor example, the initialization process and the ge_netic oper-
squares, each centered at one of the original pixels. Thus, Oﬁc%orzngeetir::er?ct)e ;r;rl]ympirnogvrvzrzs :2?;323 (l;:uhel\;l;.n;hri ?{)éirc;ae(;h
can view the original pixel data as being transformed into éalsgo [12] Fl)EarQI] 9 P . y i

. y genetic programming systems worked with

pyramid. T . .
There are six operations that map an inde, k) to an the simplifying assumption, known a;k)sure that all vari
index: ables, constants, arguments for functions, and values returned

from these functions must be of the same data type.

1. left returns the index of the locatidf pixels left of A genetic program in our language takes a row and a col-
the present position. For example if the current indexumn as input and return true or false indicating if that cor-
has row 10, column 10 and depth 2, tHeft returns responding pixel in the image is an edge or not. The index
an index with row 10, column 6 and depth 2. If part of of that pixel will look like (¢, 7,0), and it is denoted by the
the 2¢ x 2*-pixel subsquare associated with this indexconstanpoint . The functionvalue returns for each index
lies outside the imagéeft  returns an “out of bounds” (3, j, k) the average value of the pixels on a subsquare of the
condition. image consisting a* x 2% pixels centered at the pixel at row

. . _ i and columry.

2. right , up, anddown return the index obtained by  gqr each input image, we have created a companion im-
moving right, up, or down, respectively, with respectyge \yhich contains just the edges. The goal of the genetic
to the current location. Again, if this operation leadsyragramming process is to evolve a program which for each
to moving out of the image then “out of bounds” is re- image produces the corresponding edge image.

trned. Each generation is composed of 2000 programs. Initially,

3. shallower  increases the depth by one (in effect dou-Programs are randomly generated (generation 0) and are ap-
bling the size of the data square), atebper decreases plied to every pixel in the image. The thergby computed im-
it by one. If the operation results in moving out the the@9€S are then compared to the "true” edge image. The number
image, an “out of bounds” condition is returned. For ex-Of discrepancies between the “trye" and computed images are
ample,deeper does not make sense at depth 0, sincdoted for both the set of edge pixels and the set of non-edge

in our interpretation of the data, negative depth wouldPix€els of the true image; the penalty is the sum of the squares
imply sub-pixel resolution. of the errors on these two sets. Based on this penalty the tradi-

tional genetic programming methods like cross over, mutation
These six operations are potentially slow because of thetc. are applied and the programs are successively refined in
checks for “out of bounds.” In Section 3.1 we show how theysucceeding generations in order to achieve a target penalty.
in many cases, can be executed efficiently. In this case, the target penalty is determined as follows. First



a program is generated which detects no edges at all. THamization transforms a prograexp into
penalty of this program with respect to the true edge program
is calculated and then the target penalty is seI/tbOth of

this value. After each generation the penalty is calculated foyhereexp can be executed faster.
each of the programs. If in a particular generation a progra . .

achieves the target penalty then the evolution is terminatelz}’,'2 Variable Bindings

otherwise the evolution stops after 100 generations. The value operation may be applied many times dur-

We do not copy programs from one generation to the nex{d @ computation. A naive implementation performs
After the initial generation, all programs are created by cros¥@lué exactly when specified in the program text. In
over (thus, the cross over probability is 1.) For each training®Nirast, our implementation performs a static analysis to
set, we do just one evolution. All mutation happens during!€termine how the argument tealue is offset from
cross over, with a probability of 5%. Intuitively, the cross rom the current index.  Intuitively, we then replace
over takes place with a 5% chance of a copy error. Therg1e call(value arg) by (value (make-index row
are four different mutations which all insert some code: (LFOUMN depth))  where thergow , column , anddepth
“rotate 90 degrees,” (2) “reflect in the x-axis,” (3) “reflect in Nave been determined froarg , andmake-index s an
the y-axis,” and (4) “make shallower.” They happen with theauxmary fgncnon which creates an index. For example, we
probabilities (1) 1/3, (2) 1/6, (3) 1/6, and (4) 1/3 out of the 502N OPtimize the program

chance that a mutation will happen. (< 1 (value (down (down (down point)))))

Our genetic programming system is implemented in
Scheme [4] (a dialect of LISP) using Gambit-C [9], a ver-INtO
sion of the Gambit system that generates portable C code(< 1 (value (make-index (+ r 3) c d)))
and Meroon [18], which implements an object system on top
of Scheme. Gambit-C is used to convert the generated pravherer, c, d are the current row, column, and depth. This
grams into C. We use gcc with compiler optimization settingoptimization allows us to eliminate all index-to-index opera-
-01 to compile the generated C code. The setti@g turns  tions.
out be an inferior choice because the compile time increases Sometimes the same value is needed in more than one
more than the decrease in cumulative run time of the conmplace. Consider the following program:
piled code. Notice that although gcc attempts to do the same | . | .
style of optimizations as we do at the source level, it does a(< (value point) (+ (value point) 1))

much poorer job because much of the program structure i§ najve implementation looks up twice the pixel at index

if condition then exp else error

lost when reaching the C level. point . In contrast, our implementation does common
o ) subexpression elimination, and transforms, intuitively, the

3 Optimizations program into:

3.1 Check for “Out of Bounds” Conditions (let ((g (value point))) (< g (+ g 1))

If an index-to-index operation moves an index out of theThus, thevalue operation is only executed once instead of
boundary of the image during the execution of a program withwice.

the argumenpoint , then the program should immediately  Together, the two optimizations in this subsection trans-
return "don’t know” instead of "true” or "false” as to whether forms a progranexp into

point is an edge pixel. A naive implementation performs

a boundary check before each index-to-index operation. In(l€t ((@1 (value ..))

contrast, our implementation performs a static analysis to de-

termine a condition for when a given program never moves (gn (value ..)))

out of the boundary, and this condition is checkedoreeach compact-exp)

boolean clause of the program is cglculated. If' Fhe Checlfvhere compact-exp does not use index-to-index opera-
succeeds, then we can use mdex-to-lndex operamﬂ'mut tions, or thevalue operation

boundary checks, and if it fails, then an error can immedi- . ] )

ately be reported. Being able to omit the boundary checks-3 Fixnum Arithmetic

significantly speeds up execution. For example, if the currem®ur programs compute with unbounded integers. A naive im-
position has a column greater than four, then feftr oper-  plementation performs all integers operations on a represen-
ations will never result in a position out of the image. Beforetation which supports unbounded integers. In contrast, our
execution we therefore check that the column is greater thamplementation performs a static analysis to eliminate some
four. In effect, we place a compact representation of all thexpressions entirely, for example, a comparison of two con-
boundary checks at the beginning of the execution instead atants, and otherwise to insert fixnum, or small integer, oper-
each individual index-to-index operation. Intuitively, this op-ations wherever possible. Particularly useful is the property



that thevalue operation always returns an integer betweerthe most complicated, took 52 generations to attain the tar-
0 and 255. In essence, this optimization is a restricted forrget penalty while F16 took only 20 generations. In order to
of partial evaluation [13]. Our static analysis is based on intest the robustness of the generated program, the edge detec-
teger interval arithmetic. An alternative would be to use aion program of Lenna was applied to both Bank and F16 and
more precise analysis based on Tarski’'s theorem, but this h#se images are given in Figures 5.1 and 5.2. Both are close
a time complexity which is doubly exponential in the size ofto the actual edge images, which gives us confidence on the
the program. robustness of the generated program. The penalties obtained
; with application of the program generated for Lenna on F16
3.4 ) Flattening gnd/or ) was 0.9 x 108, which is less thari.0 x 108, the minimum
Consider the following expression: penalty obtained for F16 at generation 20 (Table 1). How-
(and (or A B) ever, thegpenalty ob'tained when applizd to the Bank image is
(and C D)) 2.2 x 10°, slightly higher thanl.8. x 10° that was obtf';uned
when the program generated using the Bank image itself was
One can assume that the boundary checks and variable bindsed.
ings for A must be computed before those frand D, so The time taken with no optimization, and with each of the
we can use them in computit@andD. However,B may not  four optimizations incrementally applied is given in Table 1.
be computed, so we cannot rely Bis boundary checks or The time taken is the sum of user and system times necessary

variable bindings irC andD. On the other hand, in: to obtain the target penalty. This time includes the source-to-
source optimizations (where applied), the Scher@etrans-
(and (and A B) lation, the compilation of the C code, and running the result-
(and C D)) ing programs.

Table 1 shows that the optimizations speed up the evolution
rocess by more than a factor of ten. The optimizations are
ot equally effective. Flattening and/or’s do not help much.
The savings is hardly one hour but still the runtime decreased

we do know thatB must be computed befoi@ and D. To
make this clear to our optimizer, we rewrite subtrees consisE
ing solely ofand expressions or solely afr expressions as,

for example: (and the optimization takes only about 10 lines of code to im-
(and A plement.) Use of fixnum arithmetic resulted in big savings.
(and B For example, for the Bank image with fixnum arithmetic, the

(and C D)) runtime was 19.8 hours while without it was 136 hours. Also
adding variable bindings and boundary checks caused a sig-
In this caseC andD are evaluated in the environmentRfso  nificant decrease in runtime. Boundary checks and variable
some boundary checks and variable bindings can be avoidebindings together decreased further the runtime by 2.5 times
We call this “flattening” of and/or trees. We apply this opti- (from 350 hours to 136 hours for the Bank image) with the

mization before the others. boundary checks responsible for most of it (boundary checks
cut down the run time by more than a factor of two.) The same
4 Experimenta| Results trend can be observed in all the images and the results indicate

It takes i imization. W ) q _that using fixnum arithmetic caused the maximum difference
ttq es t|me to carry'out an qptlmlzauon. care mFereste "hile out-of-line boundary checks were the next most effec-
optimizations for which the time to carry them out is smaller

han the reduction i . f th o tive optimization strategy. Variable bindings also provided
than the reduction in “"."“me oft € programs. DU eXperly, hstantial savings while flattening and/or hardly made much
ments show how much time each optimization gains or loseg . jitference

Our approach is to add one optimization at a time. In order to determine further the savings obtained due to

_We used three images, of a bank, Lenna, and an F16, S“E‘)If)timization, penalties and run times at the end of 0, 9, 19
Figures 2.1, 3.1 and 4.1. The true edge pictures for each o,y 31 generations are given in Table 1 for both optimized
thgse are given in F'gu“?s 22,3.2 and 4'.2' Genetic Programiyg unoptimized cases for the bank image. The run time per
ming was applied to derive programs which could determing o e ation increases for later generations since the programs
the edges successfully. The target penalties used werf1/1Qyre much more complex than in initial generations. For the
the penalty of the program which could not determine anysame reason, the effect of optimization is more profound dur-
of the edges for Lenna and Bank, while it was chosen to bgg these later generations. For example at generation 0, the
1/12 for the F16 image since using 1Hlhe value did not  runtime for the unoptimized version was about 8 times the
give satisfactory results for this image. Figures 2.3, 3.3 anguntime for the optimized version, while at the end of 31 gen-
4.3 give the results obtained; by comparison with the actuarations the runtime for the unoptimized case was more than
edge figures the programs seem to be successful in determin7 times of the runtime of the optimized case, indicating great
ing most of the edges. Table 1 summarizes the penalties argdvings during later generations.

the number of generations that were necessary to obtain the

results for each of these images. The Lenna image, being



Figure 5: 1) The bank and F16 edges determined by the program generated based on Lenna.

Number of Final Optimizations
Image | Generationg Penalty | None| 1 [1-2] 1-3] 14
Bank 31| 1.8x108 350 150 136 19.8 19.4
Lenna 52 | 1.9x108 583 250 228 36.0 35.]
F16 20 | 1.0x108 230 99 86 10.7 10.6

Table 1: Total runtime in hours; optimizations: (1) boundary checks, (2) variable bindings, (3) fixnum, (4) flatten and/or.

Bank Image,| Penalty | Optimizations
Generation None| 1-4

0| 6.8x108 3.9 0.5

9| 45x108 40.8 4.4

19| 2.3x10% | 139.0 10.3

31| 1.8x10% | 350.0 19.8
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