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The 3D Reconstruction Pipeline

As we discussed in Chapter 3, some of the most relevant work on 3D reconstruction, and

especially on large scale city reconstructions, relies heavily on solving the calibration,

camera positions and 3D structure using a numerical optimization procedure. Some

employ hundreds of computer cores [25], others optimize the search space [27] and

yet others approach the problem by optimizing the set of geometrical constraints [30].

However, the original reconstruction procedure, where each step was carefully crafted

and evaluated, is lost. By re-evaluating and optimizing each step individually, we can

gain speed, accuracy and understanding the complete reconstruction process.

In this chapter we use the historical evolution of 3 dimensional modeling to design a ho-

mogeneous reconstruction pipeline. We explore the essential algorithms and drawbacks

of each of the steps on the pipeline in order to obtain large scale 3D reconstructions

from sequences of images.

Our goal is to obtain a near real time reconstruction pipeline with special emphasis on

carefully crafting each of the reconstruction steps in order to reduce the need for large

numerical optimization. Such a pipeline will increase the flexibility of the reconstruction

process, allowing for a better optimization in different fields of application. We focus on

urban scene reconstruction, which involves large areas where many images are required.

4.1 Six Step Approach

We discussed in Chapter 3 how the reconstruction processes have moved from user

guided systems to visually aided automatic reconstructions. During this evolution,
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4. THE 3D RECONSTRUCTION PIPELINE

the pipeline design lost importance compared to large scale numerical optimization

procedures. Yet are certain tasks in the reconstruction process that can be clearly

identified.

• The camera parameters along with the camera positions need to be estimated

in order to perform the reconstruction. Sometimes, the calibration process is

considered as the estimation of both, sometimes it is split in two steps: camera

calibration and pose or motion estimation (see egomotion below). Sometimes the

estimation is pure image based and sometimes it is based on or aided by external

data from a GPS or INS.

• Once the camera parameters and positions are estimated, an optimization scheme

is commonly used to correct the parameters and positions given the data. This

procedure improves the consistency of the camera parameters and positions, thus

improving the quality of the reconstructed scene. In most of the recent work

on large scale modeling, this optimization step is the core of the reconstruction

process.

• Having a consistent set of camera parameters and positions, we can obtain a

sparse, dense, mesh or piecewise planar reconstruction.

• Finally, some semantics is introduced in the model. This may be in the form of

pre-calculated models for doors, or in the form of properties of the model such as

the direction of gravity (or vertical direction).

These are the major tasks of the reconstruction process. We take them all into consid-

eration to obtain a 6-step reconstruction pipeline.

We divide the steps in two major blocks. The first one comprises the methods and

techniques required to obtain an accurate and consistent estimation of the camera pa-

rameters, both the internal parameters and the projection parameters (aka camera

poses). The second block comprises the required techniques for obtaining the final 3D

model.
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4.1 Six Step Approach

Figure 4.1: 3D reconstruction and modeling pipeline. The methods discussed in each of
the steps are indicated.

1. Calibration: the process of obtaining the internal camera parameters. These

are collected in the matrix K and the lens distortion parameters as described in

Chapter 2.

2. Egomotion: the process of estimating the motion of the camera between frames.

These are expressed as one or more projection matrices P , where P = K[R|t] as
described in Chapter 2.

3. Refinement: is the process of optimizing both the calibration parameters K and

projection matrices P . This optimization is a numerical procedure that aims at

minimizing a carefully designed error function.

4. Reconstruction: the process of obtaining the 3D representation of the scene as

a set of 3D points, aka the point cloud.

5. Modeling: the process of converting a sparse 3D point cloud into a set of higher

order primitives such as planes, boxes or surfaces of revolution.

6. Semantics: the process of extracting information regarding the reconstructed

objects or scenes.
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4. THE 3D RECONSTRUCTION PIPELINE

In the following sections we explore each of the steps and identify the key algorithms

with their benefits and drawbacks. We contribute by adding our insight on the selection

of the right algorithm for each of the steps and try to establish its impact in the final

reconstruction procedure.

4.2 Step 1: Calibration of Internal Parameters

As we discussed in Chapter 2, the image distortion parameters in L of equation 2.7

need to be determined in order to obtain a linear projection camera. The internal

parameters inK of equation 2.5 also need to be estimated before the position parameters

of the camera can be obtained. Both image distortion and internal parameters can

be estimated beforehand by calibrating the camera, or during the motion estimation

process. The first method yields more accurate results since no other parameters are

estimated in the process. Additionally, calibration needs to be done only once for every

camera, so the overhead of the task is small. This method however assumes that the focal

length is fixed for all images (there is no zoom), when the assumption is not true, the

second method is employed. For reconstruction pipelines where multiple independent

cameras are used, the second approach is commonly used.

The calibration procedure is usually performed in two steps: estimation of distortion

and calibration of internal parameters.

These steps usually involve recording images of a certain pattern with known geometry.

A typical pattern is a checkerboard with known dimensions. Images of this pattern

allow us to estimate the lens distortion using the knowledge about straight lines or

right angles on the imaged pattern. By taking pictures of the pattern at different

positions and given the knowledge of its geometry, we can also estimate the relative

camera position in space and its internal parameters.

One of the most well know calibration strategies was defined by Zhang [31] in 1999.

It involves selecting in the images the corners of the black and white squares of a

checkerboard pattern and then using an optimization procedure to compute all the

parameters. An excellent implementation of this calibration procedure can be found

in the Matlab Calibration Toolbox by Bouguet et. al [32]. The toolbox covers all the

required calibration parameters and is widely used. In our work we employ the output
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4.3 Step 2: Estimating the Camera Motion (Egomotion)

Figure 4.2: Original (LEFT) and undistorted (RIGHT) images after performing camera
calibration.

of that calibration procedure, which also provides the error of the estimation. This error

is employed during the estimation of the scale and is discussed in detail in Chapter 5.

Using the Calibration Toolbox we obtain the camera calibration matrix K (see equation

2.5) along with the radial distortion parameters (see equation 2.7). This allows us to

obtain new undistorted images quickly (see Figure 4.2). Images can be corrected for

radial distortion as if they were recorded by a linear projective camera (straight lines

in the real world are straight also in the undistorted image).

4.3 Step 2: Estimating the Camera Motion (Egomotion)

Now that we can obtain a sequence of undistorted images of a given scene along with the

camera calibration matrix K, we focus on estimating the relative displacement between

frames. This process is also commonly termed egomotion estimation. We focus on

urban models where we employ a sequence of images in which the camera is moving

along the scene, therefore we concentrate on motion estimation techniques between two

consecutive frames.

There are essentially two different approaches for estimating the relative motion between

two images. The first method exploits Image-to-Image similarities, the second method

takes advantage of some knowledge of the environment and employes Image-to-World

similarities. Most of the state of the art methods, specially the ones we reviewed in

Chapter 3, employ Image-to-Image methods to initialize a set of 3D features. Then
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4. THE 3D RECONSTRUCTION PIPELINE

Image-to-World methods are used to compare new images with the existing set of 3D

features which are updated iteratively.

4.3.1 Image-to-Image Approaches

Image-to-Image approaches take advantage of similarities between two images (see Sec-

tion 2.3). These similarities are usually defined as corresponding salient points. SIFT

[5] is one of the most well known methods for both finding and describing features.

However, any alternative feature method can be used, since the methods discussed in

this section are based on the fact that feature matches exist and can be defined with

image coordinates, regardless of how they are found and matched. Therefore we assume

that a set of corresponding points can somehow be estimated between two images.

We discussed in Section 2.1.3 the epipolar geometry and the mathematical relation-

ship between points in two images. We begin with the formal definition to derive an

algorithm for estimating the motion between two images.

4.3.1.1 The Essential Algorithm

We know from equation 2.10 that if we have a sufficient number of point correspon-

dences we can compute linearly the fundamental matrix F by setting up a set of linear

equations. If we denote the entries of F as f(row,column), for every corresponding pair of

points (x, y) and (x′, y′), we can write one equation:

x′xf11 + x′yf12 + x′f13 + y′xf21 + y′yf22 + y′f23 + xf31 + yf32 + f33 = 0 (4.1)

We can also express this as a matrix product:

(x′x, x′y, x′, y′x, y′y, y′, x, y, 1)f = 0, (4.2)

where f is the vector made up by stacking the entries of the fundamental matrix. For

n point matches between two images we can stack one equation per match to form the

matrix expression:

Af = 0, (4.3)

where A is a matrix composed of 8 row vectors as described in (4.2). If 8 point matches

are exactly known and if the rank of A is eight, a solution can be found linearly up
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4.3 Step 2: Estimating the Camera Motion (Egomotion)

to scale. If the matching points are not exact, a Least Squares solution can be found.

The Least Squares solution is the singular vector corresponding to the smallest singular

value of A. If the rank of A is seven (for instance because only 7 point matches are

known), a solution can still be found using the constraint det(F ) = 0 and solving some

polynomial equations (see [1] for full details). Given that it is common to find many

point matches, we focus on case of 8 points given that is simpler and less susceptible to

errors.

The aforementioned procedure using 8 point matches is the essence of the well known

8-point algorithm, originally due to Longuet-Higgins [33]. There is however something

that needs to be considered: the fundamental matrix needs to be singular and of rank

2. In general, this will not hold when solving using the method above.

Enforcing F to have rank two is commonly done through replacing F by a rank 2 matrix

F ′ that minimizes the Frobenius norm. For all the details we refer the reader to the

work of Hartley and Zisserman [1].

4.3.1.2 Normalization and Constraints

There is an important aspect that we have not treated so far: normalization. If the

algorithm described above is applied over feature points in image coordinates, the solu-

tions are commonly erratic and not robust. Normalization of the input data motivates

the most common name for the algorithm, the normalized 8-point algorithm. Normal-

ization is done by a simple translation and scaling of the image feature points before

the formulation of the matrix A. Hartley et. al. suggest to normalize the points by

translating them in such a way that the centroid is at the origin of coordinates and the

RMS distance of the points from the origin is
√

2. This transformation is commonly

denoted T and it transforms the points xi in the image as:

x̂i = Txi, (4.4)

with T ′ being the inverse transformation.

The resulting fundamental matrix needs to be de-normalized before motion matrices

can be extracted, simply by:

F = T ′T F̂ ′T (4.5)
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4. THE 3D RECONSTRUCTION PIPELINE

Extracting the camera positions from F can be done using the method by Horn [2] as

discussed in section 2.1.3. Such method produces four candidates for camera matrices.

In order to chose the correct camera setup, a voting mechanism is applied where each

point votes for the cameras for which the reconstructed 3D point is in front. This linear

method however is known to be affected by certain degeneracies, for instance when there

is no translation present or when all the image features belong to a planar object. We

will consider these in section 4.5 when optimization procedures are discussed.

4.3.1.3 The 5-point algorithm

The 8-point (or 7-point) algorithm is not the only method available to estimate the

relative pose between two images. An alternative method was proposed by Nister in

2003 [34] that requires only 5 matching features. The proposed 5-point algorithm is

significantly more complex than the classical normalized 8-point or 7-point methods

though it was reported to outperform them (see [34]).

When 5 point correspondences are available, five constraints exist in the form of (2.13).

Those 5 constraints can be stacked together to form a 5 × 9 matrix. Four vectors

x̂, ŷ, ŷ, ŵ that span the right null space of that matrix are computed either by SVD

or QR factorization. The later is recommended by Nister for efficiency reasons. Those

vectors corresponds to 3× 3 matrices x,y, z,w and the essential matrix E is known to

be:

E = Exx + Eyy + Ezz + Eww, (4.6)

for scalars Ex, Ey, Ez, Ew. These scalars are defined up to a common scale factor (known

to be nonzero) and therefore w = 1 is assumed. As with the 7 or 8 point algorithms,

if more than 5 point correspondences are available, then the four vectors correspond to

the four smaller singular values.

The essential matrix is also required to fulfill the constraints:

det(E) = 0 (4.7)

and

EETE − 1

2
trace(EET )E = 0 (4.8)
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4.3 Step 2: Estimating the Camera Motion (Egomotion)

Equation (4.6) is then introduced into those constraints. Performing Gauss-Jordan

elimination with partial pivoting, a system of equations is obtained where polynomials

of degree 2 and 3 in the variable z are present. Three additional equations are defined

and arranged in a 3 × 3 matrix B containing polynomials in z. The determinant of B

must be zero, which leads to a tenth degree polynomial. For this polynominal, the real

roots are computed. For each root z, the variables x and y are found using the matrix

B. Finally, the essential matrix is obtained with equation 4.6.

The implementation of this method is more complex than the 8-point algorithm and

the computational expense higher.

4.3.1.4 Outliers

The normalized 8-point algorithm works with as few as 8 points and a Least Squares

solution is found. However, as with any Least Squares approach, the presence of outliers

is devastating. A common approach for filtering out the outliers is the use of RANSAC

(RANdom Sample Consensus) proposed by Fischler et. al. [35]. The RANSAC method

is an iterative procedure to estimate the parameters of a model from observed data when

the data contains outliers. It is guaranteed to converge to an optimal model after an

infinite number of iterations. This procedure can be similarly applied to any algorithm

for estimating the fundamental matrix F such as the 5-point and 8-point algorithms.

RANSAC works in a few simple steps. First, the minimum set of 8 feature matching

points are randomly chosen. Given those 8 points, the fundamental matrix is calculated.

Then the obtained model F is applied to all feature matches using equation 2.10. Points

that are sufficiently close to the model (the reprojection error is below certain threshold)

are considered inliers, while those that are too far off are considered outliers. This

procedure is run N times and the best model is the one that contains the most inliers.

Once the best model is chosen, the fundamental matrix is calculated again using all

inliers provided by that model.

There are many alternative flavors of RANSAC [36] that increase the probability of

finding an optimal model given a limited number of iterations. A common practice

consists of selecting the next minimal set of points at every iteration from the previous

best model set of inliers. This reduces the convergence time.

43



4. THE 3D RECONSTRUCTION PIPELINE

4.3.2 Image-to-World Approaches (PnP)

Image-to-world approaches [37] [38] take advantage of the similarities between points

in the image space and points in the 3D space. These methods work by finding corre-

spondences between points in a new image and a collection of 3D points that is already

known. As we discussed earlier in section 4.3, these methods require an initialization

step. This initialization step is performed with an Image-to-Image approach. Points in

the two initial images are matched, the relative pose of the images is estimated with any

of the methods proposed above and finally the position in space of the matching points

is computed. These points are then stored in a database that contains the position in

space of the points and the feature description used for the matching process. When

a new image is introduced, the matching procedure will take place with the 3D points

contained in the database, instead of the feature points found in the previous image. In

order to increase the collection of points, once the relative pose of the image is known,

new feature matches can be found with previous images. This is an essential step as

otherwise when a new image is taken far away from the first pair, the matching cannot

be done.

4.3.2.1 The Essential Algorithm

Similar to the Image-to-Image approaches, the essential algorithm is a linear method

that takes advantage of the projective relation between the matched points in 3D space

and the points in the image space. This linear technique requires 6 matching points,

hence the name P6P and it is based on the Direct Linear Transform (DLT) algorithm.

The P6P DLT [39] approach uses the projective relation between 3D points and the

2D image features. Let us denote the homogeneous vectors of points in 3D space by

Xα and the points in the image by xα. Given a projection matrix P(i−1,i), they must

comply with the relation:

xα = P(i−1,i)Xα (4.9)

where both xα and Xα are expressed as homogeneous coordinates as:

xα = [sαuα, sαvα, sα]T (4.10)

Xα = [Uα, Vα,Wα, 1]T (4.11)
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4.3 Step 2: Estimating the Camera Motion (Egomotion)

We incorporate the scale sα in the coordinates of the image feature. Solving for sα and

substituting the system expressed by equation (4.9) we obtain two linear equations for

each 2D-3D correspondence (see Chapter 2, section 2.1.3). Since P is a homogeneous

3× 4 matrix, it has 11 unknowns, therefore six correspondences are needed to solve the

system, which can be expressed as Aq = 0 where q is the vector of entries of the projec-

tion matrix P that we want to estimate. Applying Singular Value Decomposition (SVD)

over the matrix A yields the Least Squares solution to the 2D-3D correspondences. This

results in a projection matrix P(i−1,i) that integrates the rotation, translation and cali-

bration. The translation is obtained as the right null space of P(i−1,i) and the rotation

and calibration matrix are found using QR decomposition.

There are a number of alternative solutions [40] [37] [41], both linear and nonlinear,

that work with as few as 4 feature matches. For a complete survey of linear methods

we refer the reader to work of Ameller et. al. [37]. The most renowned method was

proposed by Moreno-Noguer et. al. [38] in 2007. They propose a noniterative algorithm

that can solve the camera pose problem with 4 point correspondences or more and a

complexity of O(n). Their method, named EPnP, outperforms all previous approaches

and is commonly used due to its accuracy and low complexity.

4.3.2.2 Discussion

For urban scene reconstruction where a camera moves along a street, the 8-point algo-

rithm is the best choice over the 5-point algorithm or Image-to-World approaches. As

compared to the 5-point algorithm, it offers lower implementation complexity. Also,

as shown by extensive experiments by Nister [34], the 8-point algorithm outperforms

the 5-point algorithm when the camera moves with a mostly forward motion. Nister

provides a deep comparison with the linear approaches (6,7 and 8 points). The 5-point

algorithm performs better in the sense that is not affected by the planarity of a scene,

while the linear methods then fail to obtain a solution. With respect to accuracy, the

5-point algorithm performs better in sideways motion when comparing the translational

error, achieving 33% of the error of the 8-point method. However, with respect to ro-

tational error or translational error in forward motion, the 8-point algorithm performs

better. Nister shows that the break-even point is close to 45 degrees in motion direction

with respect to the forward direction. This is precisely our urban setting where the

camera moves forward along a street pointing towards the buildings in order to record
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the facades. Lack of feature images is not an issue in our setting due to the rich urban

textures. Scenarios where all points belong to a single planar structure are unlikely and

easy to avoid, though a simple optimization procedure can provide the solution even in

that case as discussed further on in Section 4.5. Both the 8-point and 5-point algorithms

are common choices in state of the art reconstruction methods when initializing the set

of 3D features for computing camera poses.

PnP alternatives are commonly used for computing the camera motion once a set of

3D features has been initialized. There are however a few drawbacks to these methods.

When using sequences of images it is very likely that consecutive frames share most of

the similarities (except when closing a visual loop). This translates in a higher number

of feature matches across consecutive frames than between a collection of 3D points

and image features. A larger number of feature matches usually translates in higher

accuracy of the algorithms, therefore the preference for Image-to-Image methods. On

the other hand computing the motion of the camera based on 3D-2D correspondences

implies propagating the error through more steps incurring in a higher accumulation

rate. Computing the motion using the 8-point algorithm involves propagating the er-

ror in the image features to errors in the computation of the fundamental matrix and

then the projection matrix. On the other hand, computing the motion using the PnP

algorithms involves propagating the error from the image features, to the fundamen-

tal matrix, the projection matrix, the reconstructed 3D point, and finally to the new

projection matrix. A complete discussion on the propagation of errors is provided in

Chapter 5.

Image-to-world methods are commonly used in 3D reconstruction because they enforce

a certain consistency in the camera motion and the reconstructed structure, since new

camera positions are computed based on an already existing 3D structure. However,

the performance is generally poor and therefore requires a cumbersome optimization

procedure. On the other hand, Image-to-Image approaches take advantage of a higher

number of feature matches which also provide a higher accuracy on the estimation of

the motion of consecutive frames. They however do not provide structure consistency

which makes the process less robust.

However, choosing Image-to-Image approaches allows us to take advantage of the higher

number of feature matches between consecutive frames and to optimize each of the steps
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individually. Also there are some essential benefits with respect to the propagation of

the error in the estimation of the motion.

Table 4.3.2.2 summarizes the pros and cons of Image-to-Image and Image-to-World

approaches.

Image-to-Image Image-to-World
Consistency in camera and structure - +

Scale issue - +
Requires optimization + -
More feature matches + -

High accuracy in consecutive frames + -
Less error propagation + -

4.3.3 The Scale Challenge

Estimating the relative pose between two images using Image-to-Image methods is not

enough. When a new image is introduced, and its relative pose estimated with respect

to a previous image, the new estimation might be in a completely different scale. For

Image-to-World methods, the scale is implicitly estimated.

As we discussed in the previous sections, when estimating the relative rotation and

translation between two frames, the translation vector is scale free. This means that

the translation can be scaled arbitrarily with no difference to the epipolar geometry.

Even though PnP approaches implicitly solve this problem, we argue that explicitly

estimating the scale improves the accuracy of the estimation. Detailed arguments and

methods are provided in Chapter 5.

4.4 3D Reconstruction of Image Features

We have described methods to estimate the motion of a camera using the 8-point al-

gorithm. This pose estimation process yields the position of the different cameras in

space. We can also obtain matching feature points across frames and then estimate the

3D position of those points.

We need at least two camera poses in order to estimate the spatial position of matching

feature points. The estimation can be done with more cameras but we focus on the case

of two cameras only since the number of constraints is smaller and it better resembles

the scenario of a camera moving through an urban environment. For more cameras the

solution provided below can be extended to obtain a Least Squares estimation.
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Figure 4.3: LEFT: Reconstruction through intersection of rays between camera center and
matching image points. RIGHT: Rays spanning between the camera center and matching
image points generally do not intersect in space. It is common to assume that the solution
will lie on the shortest line connecting the two rays.

4.4.1 Linear Method

Following the intuition discussed in Chapter 1, the idea behind reconstruction is to

extend a ray between the camera center and a given point in the image for which a

match can be found in a second image. This creates two rays per matching point,

one per camera. If the camera poses were perfectly calculated, these two rays would

intersect in space in the exact location of the real 3D position of the imaged matching

point (see Figure 4.3).

However, this perfect estimation will never occur because the image points contain errors

that are propagated to the camera pose estimation. In reality, the rays will not intersect

in space and we face the challenge of estimating the 3D position of the matching image

points. A common approach is to assume that the point should lie on the shortest

connecting line between the two rays (green line in Figure 4.3).

The process of estimating the 3D position of the image matching feature is called tri-

angulation. A linear solution can be derived in the same way as used in the 8-point

algorithm.

Given two cameras P and P ′, with the corresponding matching image points x and

x′, the projective relation shown in equation (4.9) can be transformed in the form

Ap = 0 in the same fashion as the P6P algorithm. The projective relation produces
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two linearly independent equations per image point, which totals to four equations that

compose the Ap = 0 problem. This is a redundant set of equations since there are

only 3 homogeneous unknowns. The solution can only be determined up to scale by

finding the unit singular vector that corresponds with the smallest singular value of the

matrix A. This linear method is equivalent to setting the location of the 3D point in

the shortest line segment that connects the two rays, at a location that when projected

into the image, is at the center of the projected segment.

There are other more accurate methods for estimating the 3D position of the matching

points. Some methods aim at minimizing some error function, for instance the reprojec-

tion or geometric error, defined as the sum of squared distances between the reprojected

3D point and the original image features. If this error is minimized an optimal linear

solution is provided by Hartley and Zisserman [1]. This procedure however requires an

iterative minimization scheme.

4.4.1.1 Dense Reconstruction

The method described above provides a solution to triangulate all found matching points

between images. This typically produces a sparse set of points in space. For urban scene

reconstructions this translates in a few hundreds points for every pair of images. There

are a few common methods to increase the density of the point cloud, these methods

are usually referred to as multiview dense stereo. Strecha et. al. [42] presented in 2003

a Partial Differential Equation (PDE) based method for dense depth estimation from

multiple images. Some more recent methods by Micusik et. al. [24] and [43] were

specifically tailored to urban areas and produced high density reconstructions when

surfaces were mostly planar. Strecha et. al. discussed in 2008 [44] a detailed review

of state of the art methods and provided a set of standard datasets for evaluation.

More recent approaches from Furukawa et. al. in 2010 [45] proposed dense stereo

reconstructions based on single pixel matching using color descriptors. Furukawa et. al.

also provided an open source tool that could be easily integrated in a reconstruction

pipeline.

4.4.1.2 Discussion

Our goal is to obtain a meaningful model of an urban scene, not simply a visually

appealing one. For this reason we do not focus on dense reconstruction schemes and
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leave those as an alternative when and if more visually dense point clouds are required

for visualization. In the rest of our work we focus on reconstructing sparse sets of points

in 3D space that are later processed to obtain a semantic reconstruction. We assume

those points to be sufficient to obtain the semantic model we wish to obtain. This sparse

set of points corresponds with the frame-to-frame image feature correspondences that

can be obtained with SIFT or one of its sparse homologues.

Regarding the triangulation method, we choose to use the linear triangulation method.

It is faster and requires no iterative refinement. Since an optimization procedure is yet

to be applied to refine the camera poses that minimize the geometric error, it would

be resources wasted to apply this minimization now for only the triangulated point. In

the following section we discuss these refinement methods and how they are applied to

optimize the camera motion, the camera calibration and implicitly the geometric error.

4.5 Optimization

Up to this point we have described methods and techniques to go from a set of ordered

images to a set of scale consistent pose positions for those images. However, depending

on the image quality, scene composition and camera motion, the estimation will vary

in quality. For this reason, it is common to apply an optimization step once an initial

estimation has been made for the camera positions and calibration. As we discussed in

the previous section, the goal of this optimization procedure is to obtain a set of more

accurate camera poses that can be used to obtain a more consistent reconstruction.

This process is usually known as bundle adjustment and a review can be found in [21]

written by Triggs et. al. in 2000.

The optimization can be performed at two different scales. During local optimization

a limited number of camera poses are refined. The goal is to refine the cameras and

their calibration parameters to reduce drift over time. During global optimization the

complete set of cameras is refined. The goal is then to obtain a set of cameras that

produce a consistent reconstruction. This step is commonly performed to reduce or

eliminate drift over large areas.

There are a large number of flavors in each of the optimization procedures so we will

focus on the most relevant and widely used that focus on minimizing the reprojection

(aka geometric error). Alternative methods also employ an error function where the
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consistency of the reconstruction is minimized or even the position of the image fea-

tures are optimized. Typically, the more parameters to be optimized, the higher the

computational cost.

4.5.1 Local Optimization

The computational cost of local optimization is constrained by the limited number of

camera poses that need to be refined. We start by observing that the position of the

first camera of the set cannot be optimized since it is not estimated. It represents the

center of our reconstruction universe and there is no point in moving it as long as the

rest of the cameras are adjusted accordingly. For every camera in the sequence, we

optimize its position and calibration with respect to the previous camera. Each camera

pose and calibration are carefully refined, then we adjust every new camera to fit the

previous camera that has been already refined. This reduces the drift over time with a

low computational cost.

A common approach to refine the estimate of the camera motion and calibration is the

minimization of the reprojection or geometric error [1]. This error is defined as the sum

of squared distances of the N reprojected 3D points and the original image point. The

local optimization is performed as a nonlinear refinement in which the estimation of the

projection matrix P is refined so that the reprojection error is minimized. Once the 3D

points are obtained by linear triangulation, the image projection is found with equation

2.9.

A common approach is to use the Levenberg-Marquardt algorithm [22] for the iterative

optimization. In order to refine the parameters of the rotation we transform R to

its quaternion representation, resulting in 3 parameters. The translation accounts for

another 3 parameters while the calibration matrix K (of equation 2.5) accounts for

another 4 parameters. In total 10 parameters are optimized for every new image. The

optimization is performed assuming that the previous image has already been optimized.

Using this approach, once one camera is optimized with respect to its predecessors, its

parameters are fixed and considered correct.

4.5.2 Global Optimization

As opposed to the constrained local optimization where only a handful of parameters

are refined, global optimization aims at refining all motion parameters at once. This
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procedure is more computationally involved given the larger number of parameters and

constraints.

There are many alternatives when designing a cost function to minimize in the opti-

mization procedure, for a survey we refer the reader to Pollefeys et. al. [21]. There

are two methods that are commonly used. On the one hand, motion parameters can be

refined. This implies optimizing camera and calibration parameters for every camera

in the set, resulting in 11 × n for n cameras, similarly to what we propose for local

optimization but for a larger set of cameras. On the other hand, the structure can also

be refined given the feature matches across multiple frames. Some approaches even

refine the location of the image feature.

A well known approach and accompanying tool to perform global optimization is the

Sparse Bundle Adjustment by Lourakis et al. [22]. It employs the nonlinear Levenberg-

Marquardt algorithm, as we do during local optimization, in order to refine the complete

set of motion and structure parameters.

The work of Lourakis et al. takes advantage of the fact that in general 3D reconstruction

problems, the camera is moving in the environment picturing the scene and objects from

different points of view. These camera motions typically reduce the overlap between

images in a way that far away camera images, in either time or space, have very little in

common with respect to the depicted scene. This lack of overlapping results in a lack of

interaction among certain groups of parameters with in turn produces a sparse Jacobian.

This sparse characteristic is then employed to obtain a highly efficient implementation of

the optimization procedure which can be applied to large sets of images and parameters.

This procedure is the basis of Bundler, Photosynth and most of the state of the art

methods discussed in Chapter 2.

In order for a Bundle Adjustment optimization scheme to work over a large set of images,

there need to be constraints between cameras in the form of image feature matches. The

larger the number of constraints, the more accurate the result of the optimization can

be. In an urban environment, in order to reconstruct as much as possible of the scene,

the camera will move in the direction of the street. This means that there will exist

fewer constraints across images taken at positions that are far apart. The lower number

of constraints results in a decrease in the effectiveness of a global optimization scheme

where no information is available regarding the relation between far away camera poses.
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We propose an alternative approach that aims at improving the consistency of the

reconstruction with a lower computational burden. We employ a technique inspired

on the Iterative Closest Point (ICP) algorithm presented by Besl et. al. in 1992 [46].

We have discussed how we employ local refinement to minimize the geometric error

over a sequence of frames. Minimizing this error on a global scale will improve the

consistency but it will in part destroy our effort to maintain local consistency. Instead,

we propose to optimize the camera poses and calibrations by minimizing the sum of

squared distances between corresponding 3D points.

For every pair of images we obtain feature matches and a sparse 3D reconstruction of

those points. Since we are using sequences of images, it is also expected to be able to

match features across 3 frames, though the number of common features rapidly decreases

as the images are taken further apart. Matching features across three frames provides

image features that are visible in all three images but also provides the possibility to

reconstruct the same points using two different pairs of images. If the cameras were

estimated perfectly, those 3D points will exactly coincide in space. The accumulated

error from the features, the pose estimation and the triangulation guarantees that those

corresponding points will not coincide in space. We then design a cost function based

on the distance between those corresponding points in space for successive cameras.

C(X(a,b), X
′
(b,c)) =

N∑
i=1

d(X(i,i+1), X
′
(i+1,i+2))

2, (4.12)

where X(a,b) is the reconstructed 3D point from the pair of images a and b and X ′(b,c) is

the reconstructed 3D point from the pair of images b and c.

This procedure can also be employed locally using 3 cameras at a time, fixing the first

two and taking advantage of the chain effect discussed in local optimization.

4.5.3 Discussion

In this section we have discussed two areas were numerical optimization is usually

employed.

At the local scale we employed a chain approach that minimized the reprojection er-

ror. This procedure assumed that the initial camera is located at the center of the

reconstruction and therefore cannot be optimized. The consecutive images were refined

always under the assumption that the previous image had been already optimized. This
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chain effect produces a fast optimization that reduces drift over long camera trajecto-

ries. However, minimizing the reprojection error is sometimes not sufficient. If most

of the points lie in planar surfaces, the effect of moving those planar surfaces further

away or closer to the image has little or no effect on the geometric error, rendering the

optimization procedure pointless.

Regarding the large scale, we discussed the most wellknown approach of bundle adjust-

ment. We proposed an approach based on the minimization of corresponding points

in 3D space. We defined a cost function based on the distance between corresponding

points in space. By minimizing this distance and employing feature correspondences

across multiple frames, we improved the consistency of the reconstruction and reduced

the number of iterations required.

Furthermore, we solved the problem described above when points lie in planar struc-

tures. This procedure can also be applied to the local scale. Employing the chain effect,

we used three images at a time, fixing the pose and calibration of the first two and opti-

mizing only the last one. Minimizing the distance in 3D space ensured the consistency

of the reconstruction. Naturally, a combination of the two methods can be employed.

4.6 Modeling

Many 3D reconstruction approaches stop precisely here. Given a set of images, the

calibration, motion estimation, optimization and reconstruction is performed. This

yields a set of points in space, to which the color of the corresponding image feature can

be applied. This is called the point cloud. Depending on the structure of the images,

the scene, texture, techniques applied, this point cloud would range from a sparse set of

points to a more dense cloud. If more points are required dense reconstruction of depth

maps can be obtained.

This representation, if sufficiently dense, is usually enough for humans to understand.

In particular, when explored in a dynamic 3D visualization tool where the structure can

be moved around by the user, one can quickly understand the actual structure. Having

the original images at hand helps in this visualization process. However, if the set of

points is sparse or there are certain areas with no points, due to for instance lack of

texture, visualizing and understanding the 3D structure becomes a challenge. In order
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to improve the visualization and understanding of the reconstructed scene, we propose

a set of modeling techniques that can be applied to the raw point cloud.

4.6.1 Surface / Mesh Fitting

A classical approach to improve the visualization of a point cloud is fitting a mesh

over the reconstructed points or depth maps. The process produces a discrete surface

consisting of triangles whose vertices are positioned based on the points in the cloud.

When this triangular mesh is textured, a richer model can be visualized.

Mordohay et. al [23] employ a technique rooted in the work of Pajarola [47] based on

a multi resolution quad-tree algorithm that minimizes the number of triangles while

maintaining accuracy. The idea is to find triangles that correspond to planar parts of

the structure while these triangles should not bridge big depth discontinuities. It is a

top-down approach where triangles are divided according to the criteria explained above.

While this technique is usually interesting for visualization purposes, it still produces

surfaces that are highly irregular. In an urban environment that consists mostly of

human made structures such as buildings or roads, the irregularity of the surface is not

desired.

4.6.2 Primitive Fitting

An alternative method to fitting a triangular surface consists of fitting more basic and

independent primitives to the set of points. It is similar to the former method in that

small primitives are used, though these primitives are not connected. We reviewed in

section 3.1 a few approaches for fitting planar primitives to a reconstructed model. Some

methods even used boxes and surfaces of revolution. These methods are however not

suitable for large urban areas due to the large number of points and the computational

cost. In medium size environments we can be dealing with a number of 3D points in

the order of hundreds of thousands.

We assume that urban environments mostly consist of human made structures that can

be generally approximated by planar structures. We are interested in modeling the

buildings and roads and not the protrusions such as street lamps, cars or pedestrians.

For this we propose a straightforward and efficient algorithm to fit medium size polyg-

onal shapes to the reconstructed point cloud. First, a point in the 3D set if selected

at random. Given this point, the n closest points within a maximum distance d are
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selected. Using RANSAC a plane is fitted to these points discarding outliers. If there

are enough inliers, then a planar structure has been found. Finally, the outline of the

polygonal shape is found as the convex hull. The points used for finding the plane are

removed from the remaining set to avoid fitting planes in the same area. This results

in a set of planar patches. Figure 4.4 shows the patches randomly colored for an urban

scene.

Once the polygonal plane has been obtained, the texture is computed as the most frontal

view of the plane. This reduces the parallax effect and produces a natural view of the

building facades. We sample the polygon with a number of points defined by a density

d. We color every point with the pixel corresponding to the projection of the point in

the image. We employ the image in which the point is in view and where the normal of

the planar polygon is closest to the direction spanned between the projected point and

the camera center, or what we describe as the most fontal view. Figure 4.5 shows the

previously computed planar patches with the most frontal view used for texturing.

4.6.3 Discussion

The most basic form of reconstruction consists only of colored points in space. When

reconstructing only the salient points found in the images using a SIFT or a similar

method a sparse set of points is produced. In this section we have discussed some of the

methods employed to improve the visualization experience on 3D reconstructions. We

have proposed a technique that provides the means to fill the spaces where no points are

reconstructed. In our work we do not explicitly use meshes, instead we focus on simple

primitives to model the flat structure present in human made urban environments. This

produces a more economical model where facades are defined by planar patches. This

is a more meaningful reconstruction than that of a surface fitted to the model. The

modeling procedure is performed using a fast RANSAC based algorithm that can cope

with very large models. We propose a texturing algorithm that employs the most frontal

view. This method reduces the parallax effect and the bevel effect in recessed windows

or doors.
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Figure 4.4: Matching of polygonal planes to a raw point cloud.

Figure 4.5: Textured set of polygonal planar patches.

4.7 Semantic Modeling

We have described methods that can successfully reconstruct and model an urban scene

given an ordered set of images. Moreover, we have described methods to improve the

visualization of the resulting 3D points through the use of higher dimensional textured

primitives. However, most of the information contained in the structure and scene is

not considered. Height of the buildings, elevation model of the ground, type of roofs

or number of levels in the building are some examples of such semantic information.

This information is essential if machine understanding is to be obtained and particularly

useful when modeling large scale areas, for instance at a city level. In Chapter 6 we

attempt to bridge the gap between purely geometric modeling and semantic information

contained in the scene.
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4.8 Conclusions

In this chapter we have focused in the design of a reconstruction pipeline for urban

scenes. We have described the methods used in each of the 6 different steps. Our final

choices are indicated in table ??. Our goal was to design a fast reconstruction procedure

that does not rely heavily on numerical optimization. We chose to use 8-point Image-to-

Image method for estimating the camera positions given its simplicity and performance

when the camera motion is mostly forward motion. This estimation is locally refined

with a fast optimization procedure. We also propose a global optimization procedure

that intrinsically improves the reconstruction consistency, though as we will show in

the next chapter, it is hardly needed. Finally, and to improve the visualization of the

model, we proposed a fast RANSAC method to fit planes to the point cloud. The

resulting patches are then textured using a most frontal view to obtain a natural view

of the model.
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Calibration We employ monocular cameras to record urban scenes. Im-
ages are recorded with a fixed set of parameters (no zoom).
Calibration is performed beforehand with the Matlab Cali-
bration Toolbox by Bouguet [32]

Egomotion We employ the 8-point algorithm due to simplicity and per-
formance for urban scenes. RANSAC is used to reject out-
liers in the set of feature matches. The local scale is treated
in detail in Chapter 5.

Refinement We optimize each camera position and parameters by min-
imizing the reprojection error. The previous camera is as-
sumed to be already optimized. Globally, we optimize the
complete set of cameras by minimizing the distance in 3D
space between reconstructed corresponding points.

Reconstruction We employ a linear triangulation method to obtain a point
cloud.

Modeling We employ a RANSAC based algorithm to fit planar patches
to the point cloud. Texture is applied using the most frontal
view of the available images.

Semantics We focus in modeling large urban areas, in particular topo-
logical information, the direction of gravity and the modeling
of buildings. We discuss semantic modeling in Chapter 6.

Table 4.1: Reconstruction steps and our choices of methods for each step.
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