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Abstract

A dense stereo reconstruction technique for extracting a
3D model of a rock scene from a pair of images is pre-
sented. The technique falls under the conventional ap-
proach of extracting 3D information from a calibrated
stereo pair. In this work, a single camera that is under go-
ing linear motion with respect to the scene is used. As far
as correspondence analysis is concerned, a simple method
for reducing the search along scan lines of the input im-
age pair is proposed. Finally, multiple view geometry is
used to produce range maps of the rock-scene. Prelimi-
nary results on a limited data set show that the quality of
the produced maps is acceptable.

1. Introduction

The problem of measuring the size distribution of rock
material on conveyor belts and stockpiles has been the
subject of research for over 30 years. The motivation for
the research is in the application of rock-sizing systems
in the mining and mineral processing industries for im-
proving blasting, milling and grinding through automa-
tion, optimization and control. Existing technologies in
both academic [1, 2, 3] and commercial [4, 5] avenues
have avoided the task of extracting a 3D model of the
rock-scene, mainly because of limited computer memory
and speed. Previous work has assumed that 2D projec-
tions of rocks are good indicators of rock-size, although
it is acknowledged that measurements from full three-
dimensional rock-scene models are expected to be more
accurate [1, 2, 3].

The main advantage of extracting 3D rock models
from the scene is in the direct estimation of rock vol-
umes after the rock-scene has been segmented. At the
Center for Intelligent Mining Systems of the University
of Alberta, work is currently underway to develop an on-
line 3D ore size measurement system [6], integrate range
and intensity data for 3D measurement of oil sand frag-
mentation [7], and measure particle volume from stereo
[8]. Their ore size measurement system for extracting 3D
rock-scene models from a pair of images captured by a
stationary camera viewing a mobile conveyor belt is simi-

lar to the one that is implemented in this work. However,
the details of their dense stereo reconstruction system are
not revealed.

In this work, we assume that the direction of motion is
parallel to the horizontal axis of the image. This has the
effect of aligning the linear correspondence search space
to be parallel to the axis and thus eliminates the rectifi-
cation stage of conventional stereo matching. In practice,
however, image rectification is necessary for better accu-
racy, since it is impossible to mount a camera with it’s
horizontal axis exactly aligned with motion. The disparity
between pixels is defined as the horizontal displacement
of a pixel from the reference frame to its corresponding
pixel on the subsequent frame. The search for correspond-
ing pixels is done at two levels for the following reasons:
firstly, feature matching is applied on the two frames to
reduce the search scan line to a shorter range of dispari-
ties and secondly, the much shorter range of disparities is
used to establish correspondences on more dense image
data. The further reduction of the search space has the
advantage of improving the computation speed of dense
stereo matching. Various dense stereo correspondence al-
gorithms can be found in [10], where a survey of dense
stereo correspondence algorithms is presented.

The general processing of our dense stereo reconstruc-
tion system involves the following stages: feature detec-
tion, disparity range estimation, dense stereo matching,
computation of the essential matrix and camera matrices,
and triangulation. The essential matrix requires that the
camera be calibrated and this can be done by using any of
the standard calibration toolboxes such as Zhang’s tool-
box [9].

Section 2 handles the problem of correspondence
analysis, where feature detection and matching is initially
used for feature correspondence. Secondly, a range of dis-
parities is estimated for improved dense stereo correspon-
dence analysis. Finally, dense disparity maps are com-
puted using dense stereo matching and compared visually
to output maps of [10]. Section 3 presents the descrip-
tion of the computation that is required for dense stereo
reconstruction. The computation of the fundamental ma-
trix, the essential matrix and camera matrices is described.



In section 4, the experiment that is used for evaluating the
dense stereo reconstruction technique is presented. Sec-
tion 5 presents the results of the experiment and conclu-
sions are drawn in section 6.

2. Correspondence Analysis

Features that are invariant to lighting fluctuations and im-
age noise have to be detected in both frames for the pur-
pose of correspondence analysis. In this work, typical
features such as corners in the image are detected and
matched to produce a sparse initial set of disparities. Each
disparity value is computed as a horizontal displacement
between a point in one image and it’s corresponding point
in the next image. The set of disparities is used to esti-
mate a range of disparities that restricts the search space
for dense stereo correspondence. The block diagram of
the implementation of correspondence analysis is shown
in Figure 1. This section is divided into corner detection
and matching, disparity range estimation, and dense stereo
matching.

Figure 1: The system block diagram of correspondence
analysis

2.1. Corner detection and matching

Corner detection involves the detection of regions with
high intensity variations in the image that are caused by
the physical properties of the imaged surface or objects.
These features are expected to be invariant to noise and
lighting fluctuations from frame to frame and are there-
fore expected to be helpful in establishing point corre-
spondences across the frames. A reliable and easy to use
corner detector is the Harris corner detector[11]. Its’ re-
sponse function of the form:

R = Det(M)− kTr2(M) (1)

is used for distinguishing between flat and corner regions.
Here M is a 2x2 symmetric matrix whose elements are
the quadratic terms of the Taylor expansion of the inten-
sity with respect to a small spatial shift about the point of

interest. Figure 2 shows the corners detected by the Harris
detector on two frames of a rock-scene.

Figure 2: Corner points detected by the Harris detector on
two frames of a rock scene.

Corner detection is followed by corner matching to
establish correspondence between corner points. In this
work, the corner point matching algorithm firstly estab-
lishes, for each point on the reference frame, whether
there are candidate matching points on the corresponding
scan line of the subsequent frame, as shown in Figure 3.
If the candidate points exist, then for each point that is
found on the scan line, a sum of absolute intensity differ-
ences (SAD) on a block neighborhood around the point of
interest is computed. The point that has the minimum cost
on the scan line is then chosen as the match.

Figure 3: Scan line corner point matching

2.2. Disparity range estimation

In general, dense stereo matching requires a specification
of a disparity range in terms of minimum and maximum
disparity [10], which is used to narrow the search for cor-
respondences. Manual estimation of disparity range can
be a laborious task if one does not have knowledge about
the motion between frames. Underestimation of these pa-
rameters produces erroneous disparity maps. Intuitively,
the maximum disparity value should not be underesti-
mated because it will be impossible to detect during dense



stereo matching. The minimum disparity should also not
be underestimated because it represents the background, a
large proportion of the image, which will appear as part of
the foreground when underestimated. Overestimation er-
rors, on the other hand, can be more severe if the estimated
disparity range does not cover high frequency disparities.

It is clear that these parameters are dependent on the
probability distribution of disparities. To this end, we pro-
pose a simple disparity range estimation procedure that
is based on disparity distribution analysis. A normal-
ized histogram of disparities is used as an estimate of the
probability distribution of disparities where each element
is computed asCi/

∑
j=1:N Cj , and whereCi is a fre-

quency count of disparityi andN is the highest disparity.
The procedure estimates a cumulative probability distribu-
tion of disparities and extracts a disparity at the L% level,
(10 < L < 30), as a minimum disparity and H% level,
(80 < H < 100), as a maximum disparity. Disparities
whose probability is less than or equal to the L% cutoff
are classified as background and those whose probability
falls within the passband (between L% and H%) are clas-
sified as foreground. We intentionally set L and H to 25
and 90 respectively, to overestimate the symmetrical lev-
els of 20 and 80 so that the underestimation error is min-
imized. The underlying assumption here is that 25% of
the disparities at the lower end, and 10% of the disparities
at the higher end are regarded as outliers. A sample his-
togram and its cumulative version for images of Figure 2
are shown in Figure 4.

Figure 4: Disparity distribution analysis

2.3. Dense stereo matching

The aim of dense stereo matching is to assign a disparity
value to each pixel of the reference image. This involves
finding a match for each pixel in the reference frame. In
practice, some regions will not have matches due occlu-
sion and low texture. In this application, however, such
bad regions are expected to be insignificant as compared

to the good regions. As a consequence, the classification
and detection of good and bad regions is not investigated
in this work.

The implementation of dense stereo matching begins
by grid sampling the reference frame to obtain a smaller
set of points. The right amount of sampling is required
to balance the trade off between fast computation and
enough disparity image resolution. Then, for each ref-
erence point’sx co-ordinatexr on the reference image,
the matching point’sx co-ordinatexm on frame 2 is ex-
pected to lie betweenxr + dmin andxr + dmax, where
(dmin,dmax) is the estimated range of disparities. This
scan line is searched for the best match using a block
matching algorithm. A winner-take-all (WTA) strategy is
used to search the scan line for the point with the mini-
mum sum of absolute intensity differences (SAD). A dis-
parity space image is constructed and the sparse grid is
interpolated and filtered to produce a dense disparity map.

The image pair of Figure 1 and a disparity range of
(21, 35), were used as input to the dense stereo match-
ing algorithm. The resultant disparity map is shown as
the left image of figure 5. The same disparity range was
also used as input to the local window-based dense stereo
matching algorithm of [10] and output image is shown as
the right-hand image of Figure 5. The matching blocks
of size (15x15) were used for both algorithms. The bad
regions of low texture are evident in both disparity maps.

Figure 5: Resultant disparity image (left) and the output
image of the local window-based algorithm of [10] (right)

3. Dense stereo reconstruction

The dense set of point matches can be used to generate
3D surfaces of the imaged objects. Figure 6 shows how
a 3D point can be extracted from its two image views. In
general, only the intrinsic camera parameters are required
and these can either be acquired by object-based calibra-
tion or auto-calibration. In this work, the camera is cal-
ibrated using Zhang’s algorithm to estimate the intrinsic
camera matrixK . The algorithm captures a checker-board
at a number of different orientations, and requires user in-
tervention to find corner points which are used to calibrate



the camera. The intrinsic matrixK obtained from calibra-
tion is used to transform the image points to normalized
image co-ordinates.

The process of reconstructing 3D surfaces firstly re-
quires computation of the fundamental matrixF (using
any of the standard robust algorithms) to establish epipo-
lar geometry of the two views. This geometry restricts a
3D point to lie on a plane in 3-space that contains the cor-
responding image points and camera centers. However,
since the camera is calibrated, the fundamental matrix can
be converted to the essential matrixE using the equation:

E = KFK T . (2)

Figure 6: Dense stereo reconstruction

The rest of the processing involves the determination
of the camera matrices. The first camera matrix is chosen
to be

P0 = K [I ; 0] (3)

centered at the origin. Four possible camera positions and
orientations are generated by Hartley matrices for the sec-
ond camera, then triangulation and chierality [12] are used
to infer the realistic camera that is most likely to have gen-
erated the image points. This is the only camera that will
have the reconstructed points lie in front of the camera in
the two views [12]. The camera matrices and the point
matches constitute enough data to reconstruct the 3D sur-
faces.

4. Experiment

The aim of the experiment is to apply the dense stereo re-
construction to test-data for performance evaluation. The
two rock-scene images of Figure 7 are used as the input
data set. These are grey-scale images of size 381x381 pix-
els. Small particles have been added to cover the texture-
less surface on which the rocks are placed. As a result the
images appear to have enough texture to enable a success-
ful 3D reconstruction of the scene to be made. The input
parameter set is shown in table 1.

The methodology involves the calibration of the imag-
ing camera to obtain the camera matrix. Dense stereo cor-
respondence is applied with the parameter settings of Ta-
ble 1 and generated disparity maps are compared to the
outputs of the survey system [10]. Finally, dense stereo
correspondence and 3D surface generation are integrated
to model the 3D surface of the imaged scene.

Figure 7: The input data set consisting of two views of a
rock-scene

Table 1:The user-input parameter set

Parameter value
no. of corner points 1000

initial disparity range (1,100)
feature matching block size 43x43

dense stereo matching block size 15x15
grid sample size 127x121

spatial sampling step size (3,3)

5. Results

This section presents the results of the experiment. The
first objective of the experiment is that of camera calibra-
tion to obtain the intrinsic camera parameters. A total of
14 images of the checker-board at various orientations and
corner points were used as input to the calibration pro-
cess. The first and second calibration images are shown in
Figure 8. The camera parameters shown in Table 2 were
produced from the calibration process. The effects of ra-
dial and tangential distortion appeared to be negligible and
therefore no compensation for distortion was made.

Table 2:Camera calibration results

focal length principal point skew

(659.52415, 666.92174) (321.82468, 252.26781) 0.00000

The second objective of the experiment is to apply the
dense stereo correspondence algorithm to the data set and
compare the produced disparity maps to the output of the



Figure 8: The first and second calibration images of the
sequence.

local window-based correspondence algorithm [10]. The
disparity range was estimated from disparity distribution
analysis and found to be (25, 48) as shown in Figure 9.
The produced disparity maps of both systems are shown
in Figure 10, with our system’s output on the left and sur-
vey software’s output on the right. The disparity maps are
comparable in terms of modelled 2D-rock shapes. How-
ever, our system’s disparity map appears to model depth
better than the survey’s software for the specific disparity
range. On our system’s disparity map, the rock that ap-
pears to be brighter than the rest is physically closer to the
camera as in the actual scene. The disparities from the
survey software, on the other hand, appear to be saturated
with all rock surfaces touching maximum disparity.

Figure 9: Disparity distribution analysis.

The final objective of the experiment is to extract a 3D
surface model from the imaged scene. The textured 3D
rock-scene model of Figure 11 was generated using the
implemented dense stereo reconstruction. A Delaunay tri-
angulation was used for mesh generation. The range map
of the scene is shown in Figure 12, and the plot of range
profiles at scan lines (260, 280, 300) is shown in Figure
13. This shows that the changes in range value are consis-

Figure 10: A visual comparison of produced disparities.
Our system’s output on the left and the survey software’s
output on the right.

tent with the perceived rock shapes and depth.

Figure 11: The 3D surface model of the rock-scene.

Figure 12: Range data and scan lines aty values
(260,280,300)



Figure 13: Range profiles aty values (260,280,300)

6. Conclusions

Based on the above findings and results, the following
conclusions can be drawn.

• A dense stereo reconstruction system that uses a
single camera viewing a moving rock-scene is im-
plemented and a description of the essential compo-
nents is provided. The components include: corner
detection and matching, disparity range estimation,
dense stereo matching and reconstruction.

• The system is tested on laboratory captured images
and appears to perform well for scenes with high
textured regions. In addition, based on the pro-
duced disparity maps, the system appears to model
2D rock shapes and depth very well on the data set.

• The performance of the dense stereo matching algo-
rithm is compararable to that of the survey software
and appears to model depth better on the specific
data set.

• The reconstructed range maps have rock surfaces,
which are visually similar in 3D shape to the actual
rock surfaces.
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