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Abstract motion, stereo, and others [4]-[6]. On the other hand re-
search was conducted to find solutions to the problem of
A stereoscopic scene analysis system for 3—D modelingigid object motion [7],[8]. Only recently the problem of

of objects from stereoscopic image sequences is describejynamic nonrigid bodies and nonrigid motion was ad-
A dense map of 3-D surface points is obtained by imag&jressed [9],[10]. Some approaches are reported from mono-
correspondence, object segmentation, interpolation, andcyar vision systems to compute dense depth maps and sur-
triangulation. Emphasis is put on the accurate measurementace reconstruction for orthographic [11] and perspective
of image correspondences from grey level images. The surprojection [12]. The approach that is most related to this
face geometry of each scene object is approximated by @esearch can be found in [13].
triangular wire—frame which stores the surface texture in Chapter 2 sketches the general outline of the complete
texture maps. Sequence processing serves to track cameigstem. In Chapter 3 the surface reconstruction from a single
motion and to fuse surfaces from different view points intojmage pair is discussed. Chapter 4 deals with the sequence
a consistent 3-D surface model. From the textured 3-Dprocessing which consists of view point tracking and the
models, highly realistic image sequences from arbitrary fysjon of surfaces from different view points.
view points can be synthesized using computer graphics
techniques. 2 System Overview

The goal of the surface reconstruction is to extract a com-
plete 3—D surface model of the scene that contains the sur-

In this contribution a system for automatic 3—D surface face geometry and the surface colors. Input to the modeling
reconstruction from stereoscopic image sequences is disis a stereoscopic image sequence recorded by a binocular
cussed. The system is aimed on automatically computingstereoscopic camera. To model the complete scene the cam-
CAD-models of any object that is composed of smooth era sensor is moved around the object to capture views from
surface patches as is the case with buildings and objectall sides. The structure of the analysis system is shown in
containing coherent surfaces. This object type is needed foFig. 1. Three main modules can be identified.
awide range of applications where computer generated 3-D Sensor Processingin order to compute depth from the
environments are desirable, like in architecture visualiza-camera pair a sensor calibration is needed. In an off-line
tion [1], virtual television studios [2], virtual presence for calibration process before the actual scene recording, the
video communications [3] and general "virtual reality” ap- internal camera parameters focal length and radial distortion
plications. It is not intended to model arbitrary surface ge- are computed together with the relative position and orienta-
ometries like trees or semi—transparent surfaces. Geometrition of both cameras in a sensor calibration coordinate sys-
and photometric models of the scene objects as well as obtem. The real cameras may have arbitrary relative external
ject and camera motion are extracted from the image seerientation like a convergence angle, and may have differing
quence. The geometry is measured from a stereoscopititernal parameters. During scene recording those differ-
image pair and the camera motion is tracked from the imageences are compensated in a rectification process. The
sequence directly. All measurements obtained throughouimages are rectified with projective mapping onto a virtual
the image sequence are integrated into a consistent 3—Bamera target in such a way that the virtual camera system
scene model that contains not only the scene geometry butas coplanar image planes. This rectification greatly simpli-
also texture maps of the object surface. fies the image pair processing in the next stage.

In previous research 3—-D object shape, 3—D object mo- Image Pair Processingfor each camera view point a
tion, and object surface texture were treated separatelystereoscopic image pair is recorded. This image pair is used
Great effort went into developing algorithms that estimate to extract the surface depth information from this particular
3-D object shape from various sources, termed shape fromiew point. The analysis consists of depth estimation and
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Fig.1: Structure of 3—D Scene Analysis from Sequences of Stereo Images

surface approximation. During depth estimation the corre-coordinate syster@s. The focal point of the camera is lo-
spondence between the stereoscopic image pair is evaluatezhted aiC, while the camera orientation is described by a
to compute a dense depth map. The discrete depth map soordinate system({ Hg, Vg). A defines the optical axis
then converted into a structured, parametric surface repreand the imaging sensor is spannedgyor the image scan
sentation based on some surface constraints. As geometricihe andV for the image columns. This camera system
surface representation a triangular wire—frame is fitted to thecorresponds to the camera model as introduced by Yaki-
surface. The surface color of the real object for this view mowski and Cunningham [14]. The optical axis penetrates
point is stored as texture map on the wire—frame surface. the image plane at center pdirt (hy, h),)T and the effective
Model-based Sequence Processirigiage pair proces-  focal length c is scaled in pixel coordinates with the sensor
sing computes a 3-D surface reconstruction of a particulapixel sizes = (sx,sy)T. The spatial poinP projects onto the
view point. The complete model is obtained by fusing the camera target gtin pixel coordinates as intersection of the
different view points into a consistent surface model. This line of sightS =P — Cwith the image plane.
fusion is performed in the sequence processing which con-
sists of three main modules. The view—point dependency of
the surfaces are removed by tracking the camera and object P S
motion between the view points. The model is transformed .
. . . . (P-C)-H
into the current view point which allows to fuse the new —_
surface with the existing model. If a particular model surface
can be seen from several view points, then all the depth (P-C)-A
measurements of this surface are integrated in the model
update phase using a kalman filter for each vertex of the
surface wire—frame. When new object areas become visible Calibration coordinates Cq X
the model wireframe is extended to include the newly visible
parts as well. Finally all surface areas are textured to allow

Fig. 2: Camera projection model

realistic visualization of the model. Perspective projection & onto the image plane ptis
3 The Image Pair Analysis computed with Eq. (1).
P-C)-H
Image pair analysis computes a view point dependent p= m : (((p _ C)) . V) 1
3-D surface model from the rectified stereoscopic image (1)

pair. It is assumed that the objects to be modeled consist of with: H = s% “Hy+ho-A , V= S% “Vo+ hy - A
piecewise continuous, smooth surfaces. The steps to be per- tpe gefinition of four vectors for the camera is redundant
formed are image correspondence analysis, surface S€Gsecaused,Ho, V) form a right-handed coordinate system.

mentation, depth interpolation, and polygonal surface e grientation of the camera is uniquely described by a
approximation. The modules of the analysis pipeline were,qa4ion matrix_Rwith three independent rotation angles

described in detail in [25] and will be reviewed only briefly. g - (R R R,)T which transform&sinto (A,Ho, Vo) :

3.1 Camera Model Ho=R-e.Vo=R-e,andA =R & @)

The imaging camera system is described as a pinhole The external orientation and positire (R,C)T of each
camera with perspective projection as in Fig. 2. The cameraamera together with the internal parameters of focal length
is oriented arbitrarily in space with respect to a calibration c and the squared radial distortion are calibrated from a



planar calibration pattern of known 3-D points [15]. The consists of smooth surfaces with arbitrary orientation, the
calibration is an extension of the calibration as described byeffect of perspective distortions between both views is cor-
Tsai [16] that is performed for both cameras of the stereo-rected by an affine transformation of a small image patch of
scopic sensor. By computing the orientation difference be-about 9x9 to 19x19 pixel. The difference in grey level dis-
tween the cameras the relative orientation in sensor coorditribution between the corresponding patches is minimized
nates is obtained that is invariant to sensor motion. by fitting the patch with a robust least squares estimation of
Calibration errors are handled by treatgs gaussian the affine transformation[19],[20]. With this approach the

random vector with mean expectation vakéor each  disparity is estimated to an average accuracy of 0.05t0 0.1

camera the external orientation vector is calibrated togethePX€l, which is enough for most reconstruction tasks.
with its associated Covariancg €hat is composed of 3x3 The disparity map is now converted into a depth map

sub—matrices for rotation errog@ranslation error g, and ~ Where each pixed of the map contains the lengitr | S |
cross—variance i of the line of sight vector to the real surface p&inThe

Ch C SD—PositionP i§ computed from_ the corrlespond.ingl points
Cy = (C_T C—K) . X=(®Ro0) (3) in sensor coordinates by space intersection, which is formu-
- >k =€ lated in Eq. (4) that computes the point in space where both

line—of—sight vectors of the corresponding points meet clos-
3.2 Correspondence analysis est

Correspondence analysis exploits the fact thata surface =~ P=C+7-S=C+7-S+M @
point P of the real object projects onto both camera targets With minimum condition: ST - M = S7 - M = 0
of the sensor g andp;. Because of perspective projection  solving Eq. (4) computes the lengtfor the left line—of—
all points on the lineR — G) project onto the single poipt sight
in the left camera while in the right camera each point proj-
. . . . G =-C)-(S—5"9S)
ects onto a different poip on the epipolar search line. A 7, = -
Ir

point P in infinity projects onto the starting poipt of the . , .
epipolar line. The length of the epipolar line from the start- Pis t_reated as ra’_‘d"_m vector_ with coyanange‘[(be .
uncertainty of the point in space is a function of calibration

ing point to the corresponding pomitis defined as dispar- caint d 4 aintv. Th it
ity. Because of rectification the epipolar search line simply Z?rf)?risam y and correspondence uncertainty. The position

corresponds to the image scan line. From the rectified
images a disparity map is obtained by searching along thelP = dC + dr - S+ 7,- § - dR + dr - § - dR, Q)
epipolar lines using correlation matching and dynamic pro-  and the resulting point covariance can therefore be com-
gramming [17]. The cross correlation of a small image patchputed as a function of the camera calibration covariance
(typically 5*5 to 7*7 pixel) around each point on the epipo- from Eg. (3) and the correspondence uncertainty.

lar line is computed as similarity measure. _ Cp=Cq+72" S Cr S +21-Cay- S+ (S-S - 072 (7)

The search for the best match between the points on th T
epipolar line is controlled by uniqueness and ordering
constraints. These constraints are based on the fact that there Surface segmentation exploits the knowledge that the
can be no more than one match between left and right imagecene to be modelled mostly consists of smooth or even
points and that matches are in order for physical surfacesplane surfaces that may have some creases and breaks. The
All possible correspondences are evaluated in an optimunapproach for the segmentation is therefore to extract regions
search procedure using dynamic programming that matchesf similar surface orientation and then to group these regions
all correspondences between left and right image that lie orio form surfaces. For each pixel of the disparity map the
the same epipolar line. The dynamic programming algo-local surface normal is computed and a two—dimensional
rithm was adapted from the work of Cox et al. [18]. The histogram of the surface orientation is accumulated. The
disparity value obtained for each candidate is recorded in docal peaks in the histogram correspond to the most likely
disparity map. surface orientations while the valleys correspond to the

The disparity estimates computed with this approachboundary between surfaces. The surface orientations are
give dense and reliable depth maps with a disparity resolunow clustered by searching for the valleys and assigning
tion of 1 pixel due to quantization of the search space. Thiseach peak a surface label.
quantization leads to a discontinuous and rough surface that As last step of surface reconstruction the object surface
can not be tolerated in surface reconstruction. Therefore iris interpolated by a parametric surface. A multi—grid surface
a second stage the quantized disparity estimates are taken esconstruction algorithm as described by Terzopoulos[21]

a starting value for a sub—pixel accuracy gradient matchingwas chosen to calculate the interpolation with a finite ele-
with affine transformation. Assuming that the object mostly ment approximation. It is assumed that each segmented area

with: ¢ =S - S (5)

8.3 Scene segmentation and depth interpolation



rectified intensity image disparity image surface segmentation

interpolated depth map wire—frame approximation object texture synthesis
Fig. 3: 3-D surface reconstruction from one view point of scene HAUS.

contains a smooth coherent surface that can be modeled agience. Surface shape is improved by updating the visible

a thin plate with a certain stiffness and that inside such asurface area with a kalman filter. In areas where new sur-

region the disparity measurement is either corrupted byfaces become visible new surfaces are fused with the exist-

noise or no estimate is available. The interpolation solvesing surfaces to complete the scene model.

the problem of minimizing the potential energy function of i i

the thin plate that is deformed by the disparity measure-4-1 ~Camera motion tracking

ments. Direct tracking of moving objects observed by a static

3.4 3-D surface approximation camera was discussed in detail in [22],[24]. This approach
) . is extended to a moving camera system in the following

_ The amount of data for storing the finite element surface go tio Each object in the scene is treated as an arbitrarily

is very high, so an approximation of the surface is neededgy, 0 rigid surface. The shape of the surface is modeled by

The interpolated d|spe_1r|t_y map 1S conyerted |_nto a paramet—the control pointd?; of the triangular surface mesh. The

ric 3-D surface description by spanning a triangular W're_object is observed from different view points. Tracking of

frame in space for each segmented object surface while Préhe camera motion can be computed directly from the spa-

serving the discontinuities at the surface boundaries. tio—temporal intensity gradients. The motion freytott; is

The triangular mesh was chosen because it is capable Qescribed by a rotatiaRy of the camera axes, H, V and
approximate arbitrary surface geometries without singulari-y ¢4 pointC arounc\llthe rotational centér a’nd by a

ties. On the surface of each triangle the object surface texturg 2 nslation ofs with Tv. The rotation is defined by arotation
is stored in a texture map from which naturally looking matrix R= | + Rv.
views can be synthesized with texture mapping [23]. Fig. 3 TheTma_ginasituation for the moving camera is depicted

shows the modeling process for a surface model from the, gy 4 For small rotations the matrix R linearized and
scene HAUS. All steps of the modeling process are shownthe camera motion is expressed as

The results of rectification, disparity estimation, segmenta-
tion, surface interpolation, wire—frame generation, andtex-C, = C+ Rv: (C— G) + Tv

ture mapping are displayed. Ai=A+Rv-A=A+A-Rv
, Hi=H+Rv-H=H+H-Rv ®)
4 Model-based Sequence Processing Vi=V+Rv-V=V+V-:Ry

The modeling of complex scenes requires that more than with unknown motion parameterg BndT,,.
one view is evaluated to account for occluded objects andto Because of the special structure gftRe Matrix—\ector
improve the object geometry. Surface models from differentproduct R - X can be written as Xk, which reduces o
view points have to be registered into a consistent objecits three independent components. This notation will be used
coordinate system. This registration is achieved by trackingfor the VectorsA,H,V and their corresponding matrices A
the camera and object motion directly from the image se-H, V.



_Ox X =% EX Pt = Pu-1 + Cryy = Cryyy 12)
X= X Z_OX >((JX and R, = Ry Update: The new measuremeiy from the current
4 X z

frame is fused with the predicted position using the kalman
filter algorithm

-1

Ky = &(k) ’ (&(k) + %(k)) (13)

Pw =Py + 5(k)(F’M(k> - P(k)) » Cry = (1 = Kg)Crqy (14)

The filter is computed for each control point of the visible
surface. Fig. 5 gives an impression about the average im-
provement achieved with the filtering. The model HAUS
was tracked over 9 images and the mean standard deviation
of the depth estimate was computed for all visible surface

Fig. 4: Camera Motion points. The binocular camera with a base line of 230 mm was
The projection of onto the moving image plane for the po_sitiongd 1.3.m from the object and rotated around the
times (0, t) generates an optical fldw (dy, d,)T =p; —p. object with a view point change of 4 degrees between two

Insertion of the camera motion from Eq. (8) in Eq. (1) and SUccessive images. Graph (1) shows the error of depth in-
solving with some small linearization delivers an optical €9ration computed from known view points. The mean
flow as function of the camera motion parameters depth error dropped from 3.5 mm for a single view point to
; ; about 0.6 mm after integration of 9 view points. Graph (2)
POl H-p A R-H-p AT Tv shows the depth error during joint estimation of motion and
P-COT-A+(P-GT-A-Rv—AT-Tv deoth. E ith the additional introduced
PG (Vv A RV— (V—py AT+ Tv 9) lepth. Even with the additional error introduced from mo-
PO A +y(P — O A Rv _yAT o tion tracking the depth error approaches 1 mm, which is
- below 1%gg of sensing range.

d=

The optical flowd is derived directly from the spatio—
temporal image gradients when the image model of locally [mm] (mean standard deviation)

linearized image intensities is assumed. This brightness— 3.5

continuity constrained is widely used in flow computation. X gﬁf}’/ﬂzsrror

Al = 1%y — 1(x,y) = gx,y)" - d(xy) (10) 20 —_—— motion+depth
The relationship between the image gradigrasd the error (2)

camera motion parameters is found by substituting the flow ",/ 13 16 19 [view point k |

equation (9) into the measurement Eqg. (10):
AM-P-CT-A=P-GT-FE-Rv-F"-Tv
WithF =g H + gy V = (@0x + gy +41) - A (11)
F= gx'ﬂ"'gy'y_(gxpx+gypy+A|)'A
This direct motion equation can be computed for each Surface update with a kalman filter can be applied as long

point in the scene that holds image gradients above a noisdS the surface is visible in all views. Once a new and previous
threshold. From all points the motion vectgr= (Ry,T)T unseen surface needs to be modeled, this surface must be
. - \ZILAY)

and its associated covariangi€computed using a Gauss— _appen_ded to the existing surface model._This surface fusion
Marcov minimum variance estimator over all measure- 'S carried out by searching along the existing open surface
ments boundaries. The open boundaries of a surface are projected

into the current image and compared with the surface seg-
4.2 3-D Model Update mentation from the current image pair. After finding a new
The depth measurements from the different view pointsobject surface in the neighborhood of a boundary, the 3-D
are integrated during the model update using a kalman filteivire—frame generation is applied to the new surface and the
[26] for each surface control po||ﬁtThe kalman filter con- new surface is included into the model. The resulting surface
sists of prediction and update phase. model is closed by using this process repeatedly for a num-
Prediction: Each control point from the previous mea- ber of view points around the object.
surement is predicted to the current position and update :
with a weighted depth estimate from the current position toqs Conclusions
improve surface shape. The prediction phase in the case of An automatic 3—D scene modeling system was discussed
stationary objects is very simple: that aims to build complete surface models from stereoscop-

Fig. 5: Depth fusion with kalman filtering

4.3 Surface Fusion



ic image sequences. It uses calibrated and rectified imag@i1] Tomasi, C., Kanade, T, "Shape and motion from image
seguences to obtain dense depth maps of the scene, compute streams under orthography: A factorization methttCyV 9

3-D surface models from different view points, and to fuse 1992, pp. 137-154.
the surfaces from different view points into a consistent [12] Robert, Ph, Ogor, F.,"Joint Estimation of depth maps and

object model. The system successfully models a variety of ~ camera motion in the Construction of 3D Models from a Mo-
. . . th surfaces bile Camera”,Proceedings on the European Workshop in
scenes assuming plecewise smoo . Combined Real and Synthetic Image Processing for Broad-

The objects modeled so far were taken in a laboratory  cast and Video ProductioivVAP Media Centre, Hamburg,
environment to control the different scene parametersandto ~ Germany, Nov. 1994.
judge the performance. The next step will be to record out{13] Tirumalai, A.P., Schunck, B.G., Jain, R.C.,”"Dynamic Stereo

door scenes of real buildings and to look at the influence of ~ with Self-Calibration”]EEE Transactions on Pattern Analy-

such conditions onto the robustness of the modeling process. sDizcénlchI;/ééchine Intelligencal. 14 (12), pp. 11841189,

A portable stereoscopic image recording system is currently i ) _ _
being built and tested [14] Yakimowski,Y., Cunningham,R,”A System for Extracting

) 3D Measurement from a Stereo Pair of TV Came@¥GIP,
Vol 7,pp 195-210, 1978.
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