
Reducing imagesto setsof colored segments: A real-timealgorithm with
applications in tracking and interpretation in structur edenvir onments

Abstract

We describean algorithm to compute a setof segments
characterizedwith color information froman input image.
Themethodis reversible, in thesensethat an approximate
reconstruction of the original image from the segments is
possible. Therefore, it can be considered as a lossycom-
pressionmethod,usefulfor sceneswhere segments are the
main primitives, such as interior of buildings, man-made
objects, and so on. Thecompressionfactor is interesting
byits own–approximatelytwoordersof magnitudewith re-
spectto theoriginal image, dependingon thestructure and
detailof thescene–,but perhapsthemainadvantagesof the
algorithm areother: First, thecompresseddatacanbevery
usefulfor further processing, as they are basedon a sim-
ple though powerfulgeometricprimitive, thesegmentwith
color informationalongeach of its two sides.Second, the
algorithm worksin real timewith low-costhardware, such
asanoff-the-selfimageacquisitioncardandastandardPC.
We showexamplesof segmentsextraction and reconstruc-
tion on someinput images,discussingcompressionfactors
andexecution times.Finally, weproposepossibleapplica-
tionsof thealgorithm.

1. Intr oduction

Segments are powerful mediumlevel primitives com-
monly usedin machinevision systemswheresubsequent
postprocessingconsistsin 3D reconstructionof the scene
[8], or the identificationof patternsin it, perhapsusinga
databaseof known objects[1]. Theseproblemshave been
activeresearchtopicsin thelastyears,mostlydueto signif-
icantadvancesin theapplicationof projective geometry to
computervision [4].

Projective geometry usespoints and lines as its main
primitives.Segmentsandinterestingpoints (alsoknown as
features) areeasilyfound in structuredenvironments. Fur-
thermore,althoughthereexistmany methodstofindcorners
in an image,they canalsobe easily localizedby crossing
two segments whoseextremesarenearenough.

Color information,on theotherhand,hasalsobeensuc-
cessfullyusedin several visionproblems,suchassegmenta-
tion [2], tracking [6], or learningandclassification[3]. But
theseapproximations usuallydiscardany geometric infor-
mation, often working only with unstructuredsetsof spa-
tially relatedpixels.

In thispaper, weproposeanefficientalgorithm to reduce
imagesto setsof colored segments, trying to take advan-
tageof both thecolor informationandgeometric structure
of thescene.We justify thattheobtained output dataeffec-
tively summarize thecontentsof the input image,asusing
themwe canrecover a very approximatereconstruction of
theoriginal image.Finally, giventheefficiency of thealgo-
rithm, we proposeseveral applications of the algorithm in
systemswith real-timerequirements,suchasrobot naviga-
tion andenvironmentreconstructionandinterpretation.

2. Segment Detection

Findinglinesor segmentsin animageis abasicproblem
studiedin many genericcomputervision references.Most
of theavailablemethods aredifferent variations of thewell
known Hough Transform [5]. Otherauthors, on the con-
trary, preferto find segments by locally grouping edgepix-
els into contours (for example, using the Canny operator,
andthenapproximating themby piecewiselinearpolygonal
approximations [4]).

In fact, theprocedureusedto get thesegmentsis irrele-
vant to our algorithm. Theonly requisite is that it mustbe
fast,asit is intended to beusedin real-timeapplications. In
our case,we usea methodbasedon an inexpensive high-
passfiltering of theimage,followedby anefficientsequen-
tial grouping stage,that takesinto accountthe local orien-
tation of the edges. The method cannotbe explainedhere
because of the spacelimitations. Suffice to say that it is
implementedusingtheIntel ImageProcessingLibrary (op-
timized to run in Pentiumprocessors),andthat it works at
10-20 fps (dependingon the complexity of the scene)for
288� 384 indoor imagesrunning on a 533MHz CPU.We
show someexamplesof theresultsobtainedwith thealgo-
rithm in sections5 and6.



3. Characterizing Segmentswith Color

Oncethesegmentsof thescenehavebeenfound,thenext
stepis to labelthemwith robustcolor information.We use
themediangrayvalue(or RGB, in color images) of image
pixels in bothsidesof thesegment. Figure1 showsanalgo-
rithm thatgeneratesa tableto runorderlythrough theenvi-
ronmentof a given input segment. It is basedon Bressen-
ham’s algorithm, a standardcomputergraphics method for
drawing lines on pixel grids. We extendthis algorithm to
“thicken” the segment, by replicating the pixels in both
sidesof it. Observe that the algorithm usesonly integer
operations,thusbeingvery fast.

Tablescomputedwith this algorithm have two advan-
tages:First, they cover thesegment environmentin a dense
way, thatis, without leavinguncoveredpixels. Second,they
arrangethepixelsin theenvironmentin anorderedway, by
means of a rectangular arrayof positions(Figure2 shows
thetablegeneratedfor a given examplesegment).

Having computedthesetables,it is easyto find theme-
dianvalueof grayfor theleft sideof eachsegment:
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Where
�-= # > is the gray valueat pixel position ��?4@BA < . The

right side value can be obtainedanalogously using �C�D 
 E�FHGJILK-K	K �NM I
. Themediangrayvalueof eachsidecan

beefficiently computed,for example, by accumulating the
pixel valuesin a histogramtable,andthenrunning through
it from left to right, addingthe histogram valuesuntil the
cumulative sumexceeds � D 
 E F � <PORQ (half the total number
of pixels for eachside). Thevalueat which this number is
reachedis theexpectedmedianvalueof thedistribution. Fi-
nally, extensionof theprocedurefor RGB imagesis trivial:
we only have to apply the formerequations independently
to thered,greenandbluechannelsof theimage.

4. Image reconstruction

Theprocedurethatrecoverstheoriginal imagefrom the
set of colored segments also usesthe tablesdescribed in
section3. Thecompletealgorithm is summarizedin figure
3 (for the mostgeneral caseof RGB images). The pixels
locatedimmediately to the left andright of eachsegment
areinitialized andfixedwith their respective RGB median
values. Therestof pixelsareuninitialized. Then, a simple
iterativediffusionprocedureis performed,in which in each
iterationa RGB pixel valueis recomputedasthe meanof
its initialized neighbors in a 3 � 3 window. The algorithm
keepson running until a desiredconvergence level is at-
tained(typically 200-400iterations,dependingonthenum-
berof segmentsandthedesiredprecision).

Input: (Segmentextremesanddesiredwidth)S =UT #V> T�W , S = 2 #V> 2 W , X .
Output : ( 
ZY : tableof image positions)S ����� "$#&� %�! " W , for (�)[* # ,�,�, # 
 5\7 , 8 )[* # ,�,1, # :]5\7 .

————
Algorithm:

Initialization : (Rounding, incrementsandtabledimensions)=UT+^ )`_ =UTba ; > T+^ )c_ > Tda ; = 2 ^ )`_ = 2 a ; > 2 ^ )c_ > 2 a ;� =L^ )fe = 2 5 =UT e ; �6> ^ )fe > 2 5 > T e ;
 ^ ) E�g XZh i � 26j i % 22�k i % j
T&lnmpo 7 ; : ^ ) �6> o 7 ;

Main segment:(Bressenham’salgorithm)� ^ ) E � = 5 �6> ;
=q^ ) =$T ; > ) > T ;

for
8 ^ )r* to �6> 5s7 do begin��� t 0 29u  " ) = ; � % t 0 2 u  " ) > ;

if �wv * then begin= ) = o 7 ; � ) � 5 E �6> ;
end> ) > o 7 ; � ) � o E � = ;

end� � t 0 2 u  i % )
= 2 ; � % t 0 2 u  i % ) > 2 ;

Segmentenvir onment: (Segmentreplication)
for ( ^ )x/ 0 2y3 o 7 to 
 5s7 do beginz T ^ ) S = 2 5 = T #d> 2 5 > T W;{ S �����| T  } 5 = T o 7 #&� %��| T  } 5 > T W ;z 2 ^ ) S = 2 5 = T #d> 2 5 > T Wb{S ����!| T  i % |

T 5 = 2 o 7 #V� %�!| T  i % |
T 5 > 2 W ;

if e z T e	~ce z 2 e then begin /* Completesegmentreplication: */
for
8 ^ )[* to �6> do begin� ��! " ) � ��!| T  " o 7 ; � %�! " ) � %�!| T  " ; /* Right. */� �0 |��!| T  " ) � �0 |��! " 5\7 ; � %0 |���| T  " ) � %0 |��! " ; /* Left.*/

end
end else begin
/* Partial segmentreplication,plusadditionalpoint: */

for
8 ^ )�7 to �6> do begin /* Right: */����!| T  "�| T ) �����| T  "�| T o 7 ; � %�! " ) � %�!| T  "�| T ;

end� ��! } ) � ��!| T  i % |
T 5 = 2 o =UT o 7 ; � %�� } ) � %�!| T  i % |

T 5 > 2 o > T ;
for
8 ^ )[* to �6> 5s7 do begin /* Left: */���0 |��!| T  " ) ���0 |��! " j T 5\7 ; � %0 |���| T  " ) � %0 |��� " j T ;

end� �0 |���| T  i % ) � �0 |��!|
T  } o = 2 5 =UT ;� %0 |���| T  i % ) � %0 |��!|
T  } o > 2 5 > T ;

end
end

Figure 1. Algorithm thatgeneratesa tableto run through
theenvironment of a line. Thealgorithmworksonly in the
first octant( � dominates� , ���c�J� and �����J� ). Exten-
sionsfor therestof octantsshould bestraightforward.

5. Results

Figure4 shows theresultsof thesegmentextraction and
posterior reconstructionprocedurein atypicalindoor scene.
For this 288� 384RGB image, thecomputing time needed
to extract the segments andget the color informationwas
only0.07secondsin aPentiumIII 533MHz processor, with
a Matrox frame-grabber. That meansaround 15 fps. The
original, uncompressedimagesizeis

Q���� ��� �R� ��� =324KB
(usingonebyteperpixel for eachred,greenandbluechan-
nel). The compressedinformation is formedby 350 seg-
ments,eachlabeledwith two RGB values. Eachsegment
extreme canbecodedusing �!����� E � Q���� ��� �R�;<b� � I��

bits,
andeachRGBvalueusing24bits. Therefore,thewholeset
of segmentswill use�����]� �B� Q � I�� < G Q � Q��;< � QR� � ��� bits



0 1 2 3 4 5 6 7 8 9 10 11 12 13

0

1 0,0 0,1

2 2,0 1,0 1,1 0,2 0,3

3 3,0 2,1 2,2 1,2 1,3 0,4 0,5

4 5,0 4,0 3,1 3,2 2,3 2,4 1,4 1,5 0,6 0,7

5 6,0 5,1 4,1 4,2 3,3 3,4 2,5 2,6 1,6 1,7 0,8

6 6,1 5,2 5,3 4,3 4,4 3,5 3,6 2,7 2,8 1,8 0,9

7 6,2 6,3 5,4 5,5 4,5 4,6 3,7 3,8 2,9 1,9

8 6,4 6,5 5,6 5,7 4,7 4,8 3,9

9 6,6 6,7 5,8 5,9 4,9

10 6,8 6,9

11

Figure 2. Pixelstablefor segment ���!�R�6���y���B�$�!���	�����6���+��������1�	�B�U�� ��6¡	¡U��� , andwidth ¢£�J��¤ ¥ . Pair �!¦��&§�� in position�!�¨�b�¨� meansthat �ª©d«¬� ®��b©b¯¬� ® �+���!������� .

� � K � KB. Thatmakesa 1.1%compressionfactor. And the
reconstructedimage,thoughlossy, is qualitatively equiva-
lent to theoriginal one,at leastin thegeometric andcolor
informationthat they contain. Thus,for virtually any sub-
sequent post-processing,we canreliably useonly thecom-
pressedinformation.

As we have seen,the segmentextractionstageis very
efficient, andworks in real time. The reconstructionalgo-
rithm, on the contrary, is basedon a heavy procedurethat
mustperformafew hundredsof iterationsin orderto getan
acceptable resultimage.To reconstruct theimageof figure
4, for example, approximately20 secondswereneededon
thesameCPU.But input imagereconstructionis explicitly
neededby almostnoapplication. It is shown heremainlyto
illustrate the compressioncapacityof the segmentextrac-
tion procedure. Anyway, eachindividual iteration is very
fast(about 0.05 seconds), andtheneedfor a greatnumber
of iterations is mostly dueto the lack of a goodinitial es-
timation. But for sequencesof images,theprevious result
canbeusedastheinitial estimationfor thenext frame,and
thenmuch lessiterationscanattainanacceptableresult.In
this case,the only needed modification would be marking
every pixel in theimageasinitializedwith thevaluesof the
formerreconstructedframe,fixing thepixelscorresponding
to thenew setof segmentswith their new RGB values,and
theniteratingjust asbefore.

6. Applications

6.1. Segmenttracking

Reliablematching andtrackingof segments is essential
to make 3D reconstructionandinterpretation. Someof the
availabletrackingmethodsonly take into account theposi-
tion of thesegmentsin successive images.But trackingis
morerobustif notonly thepositionof theprimitives(points
or segments) is taken into account, but alsothe local envi-

Input: (Setof ° segmentswith colour information)S =	±T #V> ± T W , S =	±2 #V> ±2 W , S�² ±³ #&´ ±³ #dµ ±³ W , S�² ±¶ #&´ ±¶ #dµ ±¶ W , for · )�7 # ,�,1, # °
Output : (Reconstructeḑ Y�¹ image)S�º ³�  % # º$»�  % # º$¼�  % W , for

= )[* # ,�,�, # ¸ 5\7 , for > )[* # ,�,�, # ¹ 5s7 .
————

Algorithm:
Initialization : (Image initialization anddeterminationof fixedpoints)

for
=q^ )�5+7 to ¸ do begin

for > ^ )�5+7 to ¹ do begin½ �  % ^ )[¾y¿6ÀVÁBÂ	ÃVÄ	Å�Æ ; /* Flag matrix. */
end

end
for · ^ )�7 to ° do begin /* For each segment· : */

Generatetable
S �&��! "U#V� %�! " W&± for segment · usingalgorithmof figure 1,

setting X ) T2 to get 
 )�Ç ( (�)[* # 7 # E , and
8 )[* # ,�,�, # :]5s7 );

for
8 ^ )[* to :]5s7 do begin

/* Left: */=q^ ) � �}� " ; > ^ ) � %}1 " ;
if *L~ = ~ ¸ 5\7 and *q~ > ~ ¹ 5È7 then beginS�º ³�  % # º$»�  % # º$¼�  % W ) S�² ±¶ #V´ ±¶ #dµ ±¶ W ;½ �  % ^ )ÊÉ�Ë ÌUÅ�Æ ;
end
/* Right: */=q^ ) � �2  " ; > ^ ) � %2  "
if *L~ = ~ ¸ 5\7 and *q~ > ~ ¹ 5È7 then beginS�º ³�  % # º$»�  % # º$¼�  % W ) S�² ±³ #V´ ±³ #dµ ±³ W ;½ �  % ^ )ÊÉ�Ë ÌUÅ�Æ ;
end

end
end

Main iteration: (Diffusionprocedure)
while not convergencedo begin

/* Each pixel is assignedthemeanof its initialized neighbours,but only
if it is not fixed: */
for
=q^ )Ê* to ¸ 5s7 do begin

for > ^ )Ê* to ¹ 5s7 do begin
if
½ �  %ÎÍ) ½ ( >Ï��� then begin

SªÐ ³�  % # Ð�»�  % # Ð�¼�  % Wp^ )
Ñ9ÒBÓ � j TÒBÓ � | T Ñ ¶ Ó % j

T¶ Ó % | TÔ Ò  ¶bÕÓ;Ö�×	Ø�ÙdÚUÛVÜPÝ i
k.Þ ³Ò  ¶  Þ »Ò  ¶  Þ�¼Ò  ¶ lÑ9ÒBÓ � j TÒBÓ � | T Ñ ¶ Ó % j

T¶ Ó % | T TÔ Ò  ¶bÕÓ�Ö�×	Ø�ÙdÚUÛ&Ü6Ý i
;

½ �  % ^ )[ß�ÁPÂ-ÃdÄ-Å�Æ ;
end

end
end
for
=q^ )Ê* to ¸ 5s7 do begin

for > ^ )Ê* to ¹ 5s7 do beginS�º ³�  % # º6»�  % # º$¼�  % Wp^ ) SªÐ ³�  % # Ð�»�  % # Ð�¼�  % W ;
end

end
end

Figure 3. Algorithm thatreconstructsanimagefrom aset
of segmentswith colourinformation.

ronmentof the feature. For isolatedpoints, oneof thebest
methodsis to evaluatelocalcorrelationof candidatepoints.
For segments, this kind of techniquecanbeappliedto indi-
vidual pointsalongthem. For example, in [7] theepipolar
restrictionis usedto obtaincorresponding pointsin candi-
datematching segments,anda correlation measure is com-
putedfor thesetof pixelspairedthis way. But this method
needsthe fundamentalmatrix [4] to be computedfor ev-
ery pair of images,usuallythrough point correspondences,
which is hardfor realtimeprocessing.

An alternative is to simplify the characterization of the
environment of the segment, makingit adequatefor faster
processing,and so usablein on-line applications suchas



Figure 4. (Top-down, left-right) Original image,high-
passfilter, segments,reconstructedimage.

robot navigation. We proposeto characterize eachsegment
only with six additional scalarvalues,themedianRGBval-
uesof thepixels alongeachof its two sides.Thesevalues
canbeused,for example, to compute a similarity measure
betweencandidatepairsof segments,thattakesintoaccount
boththegeometric distance(asin [1]) andthecolor infor-
mation. Using this measure, we could make the tracking
more robust,withoutsacrificingthespeedof thesystem.

6.2. Segmentclassification

Theobtainedmediancolorvaluescouldalsobeuseful in
interpretation.For example, if we searchfor objectswith a
characteristic,a priori known color (signalsfor navigation,
doors, the floor, etc.),we canusethecolor informationof
eachsegmentin orderto directly associateit with realob-
jects. Figure6.2 shows a typical indoor scenetakenby an
autonomous robot with a cameramountedon it. Therobot
can easily classify andgroup the segmentsby looking at
theircolorinformation.Currently, thissystemis beingused
by ourresearchgroup in arobotthatnavigatesavoidingob-
stacles,obeying signalsandinterpreting the local situation
(corridor, corner, room, andsoon) in realtime.

Figure 5. Indoor imagetaken by our robot: (Left) Segments
(Right) Reconstructedimage.

6.3. Imagecompression

Thecompressingcapabilityof thealgorithm canalsobe
successfullyexploited. Therobot mentionedabove, for ex-
ample,is equipped with an onboard PC that is communi-
catedwith the restof the world through a RadioEthernet
interface. Thesekind of interfacesareusuallyvery slow (1
Mb/s bandwidth in our case). This is not enough to send
imagesof moderatesizesat video ratesof 25 fps. But, if
we execute the segment extraction algorithm in the robot
PC,andthensendthecompressedinformationthroughthe
network, the only bottleneckwill be then the local CPU
speed,not the radio interface. The rest of the process-
ing (interpretation,color learningandclassification,closed
contour interpretation,calibrationand3D reconstruction)is
performedin anexternal, unloadedcomputer. Wehavealso
usedthis technique in the application describedin section
6.2.

7 Conclusions

We have describeda very efficient algorithm which is
able to compressimagesdown to a 1-2% of the original
size, while capturing the essentialgeometric structureof
thescene.Thealgorithmworksby detecting relevant seg-
mentsthat are then labeledwith color information. The
original imagecanbeeasilyrecoveredby meansof a sim-
ple diffusion algorithm. Thus, the obtained datastructure
contains all therelevant informationof the input. This jus-
tifies the fact that the original imageis no longerneeded
for any posteriorprocessing.Finally, we have proposeda
number of possibleapplications in real-timecomputer vi-
siontasks,suchasrobot navigation andenvironmentrecon-
structionandinterpretationin indoor scenarios.
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