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Abstract

Depth estimation through iterative filtering uses a fil-

ter that refines depth maps from previous iterations.
Its basis is using a bilateral filter using two penalty
descriptors, the color of a region and the similarity
of two disparity-matched regions. This research is fo-
cused on finding improvements of this method, mostly
using a hierarchical approach. We use previously con-
ducted experiments to compare the improved method
with the original method, as well well as comparing the
new method with results from other methods.
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1 Introduction

Disparity estimation is a technique that uses two or more
images from the same scene that are taken with slightly
shifted camera viewpoints. In the case of two viewpoints
it is called stereopsis. Because of the slightly different
viewpoints and the different depths of the objects in the
scene, objects in one image appear shifted compared to
the other image. This is called disparity, or more general
parallax. The amount of disparity is determined by the
distance of the object from the camera, i.e. the depth of
the object.

When the disparity between two points is known, the
depth can be calculated by using a simple triangulation.
This depth can be recorded for every point in the scene,
giving us a dense disparity map. The relation between
disparity and depth is linear, therefor the terms disparity
map and depth map might be used in the same context.

A rough distinction between algorithms can be made:
the ones that use feature-based matching and depth esti-
mation and algorithms that use pixel-to-pixel correspon-
dence. Feature based algorithms work by finding inter-
esting points in the two images, matching them and cal-
culate the disparity. As no image will be completely sat-
urated by feature points, gaps will occur and will need to

be interpolated. Pixel-based algorithms work using scan-
lines in the images and match each pixel in the first image
with a pixel in the second image, working from the left to
right, top to bottom. This way, a fully dense depth map
can be obtained, which keeps sharp edges in disparity
intact, rather than blurring them [1].

1.1 Occlusion

Because of disparity and near and far objects, some parts
of objects may be visible in one image and occluded by
the the nearer object, as described in [1] and [2].

Occlusion can be quite easily detected by using un-
matched feature points or pixels ([1], [3]) and mostly hap-
pen around edges or large disparity jumps.

Occluded areas often result in gaps in the depth map. In
order to work with depth maps, dense depth maps are of-
ten required, so these gaps need to be filled. This is often
done by interpolation, neighbour-matching or guessing.

And advantage of using a filter-based method is that
these methods usually calculate really dense depth maps,
even at occluded areas.

1.2 Image rectification

Stereo vision is based on human vision, which uses two
eyes to capture a scene and use disparity to perceive
depth. Although the eyes are at a fixed position, they can
rotate individually, adjusting the optical centers. This re-
sults in images where the second image is slightly rotated
around the optical center when compared to the first im-
age.

As pointed out in literature [4], image rectification sim-
plifies the stereo algorithms. When rectified, the relation
between disparity and depth becomes a linear equation,
as thoroughly described in [2]. The actual depth z of point
x can be calculated with

d(x) = (1)
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where x is the feature point or pixel coordinate, d(z) is
the disparity at point x, [ is the distance between the
image plane and the optical center of the camera and
w is the distance between the optical centers of the two
camera’s.

Rectification is done by projecting the two images onto
a plane parallel to the baseline joining the two optical
centers, so that the two images become parallel. In most
practical appliances, stereopsis is done by using two cam-
era’s that are shifted only horizontally, thus in case of rec-
tified images, they share scanlines. This feature can be be
easily exploited for example in the case of pixel-to-pixel
correspondence.

2 Previous work

The basis of this research is finding optimisations in
an iterative matching algorithm, originally developed by
Faysal Bourhorbel [5]. This iterative filter is based on the
well-known bilateral filtering method [6].

The basis of the approach is to calculate the depth re-
cursively, averaging the computed weight from previous
iterations in a spatial neighbourhood. The weights for
the bilateral filter combine the color characteristics and
matching confidence of the pixels in the left and right
image.

The algorithm works as follows. Given two images 1 and
2, the disparity is calculated by weight-averaging the dis-
parity from neighbouring pixels found in a previous iter-
ation. More formal:

di(i) = Y widi-1(j) (2)

eachj

where d(7) is the disparity at pixel ¢ at iteration k, j are
the neighbouring pixels and w;; is the weight of the pixel,
just as it is done with bilateral filtering. The weight w;;
consists of two penalty factors, and is formed as follows:

(3)

wij = exp(—ale; — le| - ﬁIC} - C?'D
where ¢} and cjl are the color values of image 1 at pixels
i and j, respectively, and c?, is the color value at pixel j’,
which is disparity-compensated by di_1 (7).

The term |¢; — ¢j| penalizes the difference in color be-
tween the two pixels in image 1 so that the weights for
pixels with a different color from the center pixel are low.
This has the effect of averaging the disparity over pixels

that have the same color, i.e. smoothing the disparity in
regions with the same color so that objects have a smooth
disparity.

The term |c} — ¢5| checks how much the region in im-
age 1 matches the region in image 1, given the current
disparity. This way, calculated disparities with high confi-
dence (high match value) get a higher weight than dispar-
ities with low confidence. This is how the current dispar-
ity gets improved, by averaging with neighbouring pixels
with high-confidence disparity.

By doing several iterations and doing small random up-
dates to the current depth map each iteration, conver-
gence is ensured. The small random updates ensure that
the calculated disparities do not get stuck in a local mini-
mum and makes the algorithm search for the optimal dis-
parity. Too small random updates will get averaged out,
too large random updates will only undo the previously
improved disparity estimation. A limit to the amount of
iterations can be set in order to restrict running time.

The use of a bilateral filter has been done before, as de-
scribed in [7], and are ranked between the best working
methods. Their recursive approach and lack of global op-
timisation make them excellent candidates for realtime
appliances and hardware implementations.

3 Methods

The goal of this paper is to make adjustments to the origi-
nal method, developed by Faysal Boughorbel, in order to
improve the quality of the aquired depth maps, and to
eventually compare it with existing results.

The research will be mainly focussed on the improve-
ment by doing a hierarchical approach. As explained, the
recursive approach in this algorithm uses the estimated
disparity map from the previous iteration as input, do
some random updates to it, and recalculate it. Estimated
disparities with high confidence will be kept, while esti-
mates with low confidence will be randomly updated and
averaged with estimates of high confidence. Our research
shows that using a hierarchical approach can seriously
speed this up by starting out with downsampled stereo
images and upsampling the resulting disparity map each
iteration.

Another part of the research is to find out if using scales-
spaces is a speeding factor in the hierarchical approach.
The idea is to find out if scale-spaces improve the ap-
proach of using general structures first, and then improv-
ing the resulting depth map by increasing detail in the
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4.4 Search area

imput images. This approach can also be combined with
using downsampling.

Another approach is to use anisotropic diffusion, rather
than the common Gaussian filter, to represent the images
at different scales. The idea behind this is to keep edges
intact, while the detail inside objects is removed at first
and brought back during iterations in order to improve
accuracy.

4  Parameters and experimentation

The algoritm has a few parameters that can be set to
adjust the outcome of the results. Worst-case, these pa-
rameters have to be experimentally determined and ad-
justed for each dataset. However, if datasets are consis-
tently recorded, one parameter set will work for the whole
dataset. The original paper makes no notes on what pa-
rameter values are used, and therefor the parameters in
in this paper are mostly determined experimentally.

4.1 Dissimilarity penalties

The alpha and beta parameters determine the weight for
each pixel in the bilateral filter: the larger the difference,
thehigher the penalty, the less the value of the surround-
ing pixel is taken into account. Alpha determines the
penalty in color difference of the surrounding pixels, in
order to assure smoothing in areas which have the same
colors. Beta determines the penalty in difference between
color between disparity-matched pixels in the left and
right image. For the dataset I used, I determined values
alpha=0.5 and beta=0.8 to work best.

4.2 Kernel size

In order to match regions, the algorithm uses a ker-
nel to look at surrounding pixels and average the depth
value, according to above mentioned penalties. Obviously,
a larger kernel will result in more accurate calculations
and more calculations per pixel, i.e. it will take longer
to compute. In my experiments, I have found a kernel
size with a diameter of 11 pixels to be the best trade-off
between accuracy and speed.

4.3 Minimum and maximum disparity

Because of a maximum value of the pixels in the depth
map, disparity ranges have to be set, or else the filter will
record disparity values outside of the range it can store.
Therefor a limit of disparity has to be set, in this case
an 8-bit value, meaning 255 levels of depth. In order to

increase accuracy, this range can be divided by 5, leaving
a maximum disparity range of around 50 pixels, which is
enough for this particular dataset.

4.4 Search area

The size of the filter kernel influences the search area of
the kernel of the bilateral filter. Logically, the larger the
search area, the more precise the matching will be, but
there is a certain limit to it, as the matching criteria are
determined by the match of the colors, as to smooth the
disparity over areas with similar colors.

Also, the size depends on the dimensions of the images.
Experimentation shows that a kernel size between 20 and
40 pixels is enough to get enough detail without the draw-
back of the algorithm getting too slow.

4.5 Random updates

The paper gives no notes on exactly how much random
updates are added during the iterations in order to en-
sure convergence, just that it the random updates are
”small”. During our experiments we found out that the
updates should be +10% of the disparity values in or-
der to make at least some improvement without adding
noticable noise to the resulting depth map.

During our research, we noticed that there was some noise
in our resulting depth maps, especially near hard edges.
This was caused by the random updates that were done
each iteration. This is easily solved by linking the ran-
dom updates to the iterations, making the size of the
updates smaller at later iterations, so that in the begin-
ning updates were big, and the updates became smaller
and smaller during the next iterations. This resulted in
more smooth disparity maps, without interfering with the
convergence.

4.6 Padding

Because of our convolution filter approach, padding is in-
volved. There is no mention of padding in the original
paper. At first we used padding to infinity, i.e. replicat-
ing edge pixels. This however had the drawback of pixels
matching outside the image borders, especially if there
are big, homogenous areas near the borders.

Therefor we decided to use zero-padding, with added
penalty to the weights if a pixel is matched with a pixel
outside of the image region. This results in black areas
in the occluded areas near the borders, but since these
areas are not taken into account in the tests, this does
not matter.
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5 Results

The dataset used in this experimentation are images
taken from the Middlebury Stereo Vision page ([8]).
These images are specially recorded images for the pur-
pose of evaluating stereoscopy methods and comparing
the results. The images are well-lit, rectified images of
tabletop scenes of objects with different colors and tex-
tures.

The dataset contains four medium-sized, regularly used
images of different scenes under the same circumstances,
taken with calibrated cameras. The first one is called
Tsukuba, which is a version of the widely-used scene orig-
inating from the university of Tsukuba. The second im-
age is called Venus, which is a scene with flat surfaces of
posters and newspapers with a lot of texture. The third
scene is called Teddy, which is a scene that contains color-
ful teddy bears. The fourth scene is called Cones, a scene
which contains coned-shaped objects and some pottery.

Our experimentation and the results are based on pre-
vious comparisons of stereo algorithms, as described in
[9]. The results of these tests can be found and compared
online at [8]. They also provide the ground truths they
used in their evaluation. As in the original experiment,
we use the left image as a reference image and calculate
the disparity map for this image.

The evaluation of the resulting depth maps, comparing
them with the ground truths, as described in the paper
above is done on a pixel-to-pixel comparison between the
ground truth and the calculated depth map. The follow-
ing metric is used to to compare the results (percentage
of bad pixels):

B = N Z (|dc($,y) - dT(xay” > Ud)

(4)

where d¢ is the calculated disparity value, dp is the
ground truth disparity, N is the total amount of pix-
els and o4 = 1, calculating only the pixels that differ at
least one disparity level from the ground truth. This met-
ric thus counts the percentage of non-matching pixels.

Another metric that is mentioned, but not shown in the
results of [9], is the Root Mean Squared error (RMS):

R= [ (detey) —dr@@p)?) )

However, the calculated disparity map from our algo-
rithm does not match the ground truth disparity map on
an absolute level, but rather on a relative basis, meaning

ranges of the calculated disparity might in the ground
truth might be [0..15], whereas our resulting depth map
might have ranges [10..41]. With the first two metrics,
equations 4 and 5, may give a high respons with this case
even though the relative disparity values are correct.

This is where the third metric, standard deviation, comes
in. The standard deviation metric measures the standard
deviation of the absolute differences between the ground
truth and the calculated depth maps. Because it only
takes the dispersion into account, it is invariant to trans-
lation. However, it is still variant to scaling. The metric
can be formulated as:

1 - 2
S = ~ (; 5w2> — Oy (6)

where 8, , = |dc(z,y) —dr(z,y)|, the absolute difference
between the two depth maps.

We give both statistical (1 and visual (5) comparisons
of the extensions of the original method. Four versions
are being compared: nonhierarchical, nonhierarchical +
blur, hierarchical and hierarchical + blur. Nonhierarchi-
cal is the method as it was originally described by [5].
Nonhierarchical + blur is the original method with scale-
spaces using a Gaussion kernel. Hierarchical is the origi-
nal method using a hierarchical approach by starting out
with scaled-down images and refining the depth map by
using images of larger dimensions each iteration. Hierar-
chical + blur is the same, but it combines scale-spaces
with it.

We also include a comparison with other methods in ta-
bles showing results of Tsukuba 5, Teddy 5, Venus and
Cones 6. The method of comparison is derived from the
Middlebury Stereo Vision pages ([8]). The results are
shown in figure 2.

6 Conclusions

The purpose of this research is to find improvements to
the originally proposed method, as implemented by [5].
We researched a few adjustments, such as scale-spaces,
a hierarchical approach and combinations thereof. The
regular version of scale spaces uses a Gaussian kernel,
but we have also looked at using anisotropic diffusion on
different levels.

The original method has some pitfalls, as you can see in
the third column of table 2, with the biggest pitfall being
large, opaque areas, where the algorithm mismatches a
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Rank Method nonocc all disc Rank Method nonocc all disc
1 CoopRegion 0.87 | 1.16 | 4.61 1 SubPixDoubleBP 9.18 | 10.67 | 20.78
2 DoubleBP 0.88 1.29 | 4.76 2 20P+occ 9.48 | 10.85 | 21.44
3 OutlierConf 0.88 | 143 | 4.74 3 CostAggr+occ 9.87 | 11.04 | 21.85
4 EnhancedBP 0.94 1.74 5.05 .
5 SymBP+occ 0.97 | 1.75 | 5.09 34 GC 14.13 | 19.36 | 30.77
35 SemiGlob 14.17 | 15.21 | 30.89
43 SO 5.08 | 7.22 | 12.18 36 PROPOSED 14.21 14.4 | 26.69
44 6g 5.08 | 7.22 | 12.18 37 TreeDP 14.79 | 17.93 | 31.38
45 SymBP+occ 523 | 7.07 | 24.14 38 20P+occ 14.93 | 20.12 | 33.51
46 STICA 7.7 1 9.63 | 27.83
47 Infection 7.95 | 9.54 | 28.88 46 STICA 19.73 | 21.79 | 38.38
48 PROPOSED 38.6 | 39.17 | 43.69 47 Infection 20.69 | 22.54 | 41.01
48 SymBP-+occ 21.61 | 24.51 | 47.49

Table 1: Tsukuba data set using the bad pixels metric (left) and the standard deviation metric (right), both less
means better. Note the high score (low ranking) of the bad pixels metric for our proposed method, and the more
fair score with standard deviation.

Rank Method nonocc all disc Rank Method nonocc all disc
1 SubPixDoubleBP 3.45 | 8.38 | 10.01 1 DoubleBP 2.43 6.1 | 4.54
2 DoubleBP 3.53 8.3 | 9.63 2 SubPixDoubleBP 248 | 6.19 | 4.58
3 19 3.55 | 8.71 9.7 3 AdaptingBP 2.51 | 3.26 4.7
4 AdaptingBP 4.22 | 7.06 | 11.79
5 Segm+visib 51| 6.54 | 12.33 32 Infection 10.49 | 12.02 | 16.12
33 STICA 10.53 | 23.19 | 13.88
44 Infection 17.7 | 25.09 | 44.41 34 PROPOSED 10.69 | 22.25 | 16.19
45 RegionalSup 18.31 | 26.72 | 32.09 35 Layered 11.55 | 22.07 | 13.85
46 SO 19.95 | 28.17 | 26.26 36 VariableCross 11.96 | 14.61 | 13.74
47 PhaseDiff 19.98 28 29
48 PROPOSED 67.82 | 69.99 | 59.26 46 PhaseBased 16.82 | 33.05 19.9
47 SO 16.97 | 33.48 | 22.08
48 PhaseDiff 20.57 | 30.29 | 17.93

Table 2: Teddy data set using the bad pixels metric (left) and the standard deviation metric (right). Again, the
standard deviation gives a more fair score.
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Figure 1: Comparison of the new methods using the standard deviation metric (less is better). As you can see, the
differences between the non-hierarchical approaches and the non-hierarchical approaches are significant for all three
datasets, and in general the hierarchical approach, with our without blurring, has a better score, except for the

Tsukuba dataset.

point in this area with another point in the area, which
does not have the exact same location. Adding small ran-
dom updates in this case does not help, because any ran-
dom update will match the pixel with another pixel in this
opaque area, where the colors are the same, and therefor
the penalty will be small, so any random update will be
as good as the previous one.

Another big pitfall is that areas which share the same
depth, but have different colors in it, get assigned dif-
ferent disparities. For a god example, look at the sec-
ond image, third column. The poster on the left has a
green background and several small rectangular images
on it. These small images have a different color than the
poster’s background, and are therefor treated as separate
objects. Because the algorithm only takes pixels within
the same object into account, it might be possible for the
disparity to stick in a local minumum, where even the
small random updates get cancelled out.

This pitfall could be adressed using scale-spaces, where
details get filtered out in lower levels and being brought

back in at higher levels to obtain a more detailed disparity
map. As you can see in the results, this is the case, but
still the poster does not have an opaque disparity, as it
should have.

The hierarchical approach starts out with a global dis-
parity map and increases the detail by scaling up the
previous disparity map to refine it in the next iteration.
This has the advantage that objects will start out small
and get bigger and therefor more detailed in the next
iterations, such that the disparity map can be more re-
fined later on. This makes objects have a more opaque
disparity, as can be visually confirmed, and also has the
advantage that the algorithm takes much less time to
compute.

As can be seen in graph 1, for each image from the
dataset, the hierarchical approach gives better results,
usually between 30% and 50% better. Generally, the hier-
archical approach with blurring also gives better results,
apart from one peak in the Tsukuba image. This peak
can be visually confirmed in 5: the image is much darker
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Figure 2: Results with the image in the left column, the result in the center and the ground truth on the right
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Figure 3: Comparison of our result versus SymBP+occ and Infection. Even though the latter two have better scores,
the visual result of our proposed method is much more accurate when it comes to object edges.

and only finds the head as an object. The results of the
hierarchical + blur approach also performs less than the
plain hierarchical approach.

We give a comparison between the results measured with
metric of equation 4 (bad pixels) and 6 (standard devi-
ation). Standard deviation gives us a far more fair rank
than the percentage of bad pixels does (see table 5). This
is visually supported by comparing the resulting dispar-
ity maps, as seen in figure 3: our method (left) gives much
more visually appealing results than the other two (center
and right), but the percentage of bad pixels metric ranks
us below the other two methods, however, the standard
deviation ranks us above them.

We also show a graphical comparison in figure 4. This
graph shows that the peak gets evened out in the case
of the standard deviation metric, while preserving the
general shape of the graph of the bad pixels metric.

Even though the other two algorithms have a better score,
when compared visually, our result looks much more de-
tailed and more precise, especially at the edges of ob-
ject, even though the absolute disparity values differ more
from the ground truth than with the other two depth
maps. This is also confirmed by looking at the results on
a Philips 3D screen ([10]), where our results look bet-
ter than the other two examples, especially because of
the more accurate edges and the lack of "holes” around
occluded areas. Ofcourse, it all depends on the applica-
tion of the depth maps, whether you need more accuracy
at region edges or want accurate more accurate absolute
values.

With proper disparity range scaling and some post-
processing, like subpixel refinement by polynomial fitting
[11], we would probably have been able to get more ac-
curate results, but this paper is about the quality of the
algorithm itself, not about the quality of the refinement
algorithm.
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Figure 4: Graphical representation of the two metrics used in this paper. Note that the proposed standard deviation
metric keeps the general shape intact, but the spike at 30 (our method) is being reduced to a more normal level.
Please note that these numbers are about relative values, not absolute values.

Rank Method nonocc all disc Rank Method nonocc all disc
1 SubPixDoubleBP 0.1]0.26 | 1.35 1 ImproveSubPix 0.53 | 225 | 1.61
2 20P+occ 0.13 | 0.18 | 1.76 2 19 0.58 | 4.64 | 1.78
3 AdaptOvrSegBP 0.09 | 0.11 1.24 3 DoubleBP 0.58 | 4.19| 1.78
37 STICA 1.95 | 2.73 | 13.31 14 SegmentSupport 0.84 3.7 2.39
38 Infection 1.86 | 2.44 | 17.71 15 SO+border 0.85 | 3.13 | 2.44
39 GC+occ 1] 138 | 5.49 16 Segm-+visib 0.92 | 2.89 2.6
40 PROPOSED 3.71 | 4.08 | 8.77 17 PROPOSED 0.95 | 7.03| 2.63
41 PhaseBased 3.11 | 4.03 | 15.99 18 AdaptOvrSegBP 0.97 | 235 | 277
42 SymBP+occ 3.05 | 394 | 991 19 SymBP+occ 099 | 285 | 2.85
43 RegionalSup 3.66 | 4.89 | 21.76 20 CostAggr+occ 1.09 | 2.09| 3.13
46 SO 4 | 5.18 | 12.97 46 Infection 3.84 | 5.75 | 10.96
47 6 4 | 5.18 | 12.97 47 SO 3.92 | 12.11 | 7.11
48 DP 546 | 6.28 | 13.8 48 PhaseDiff 7.14 | 13.46 9.7

Table 3: Venus dataset using the bad pixels metric (left) and Cones dataset using the standard deviation metric
(right).
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Figure 5: From left to right: Hierarchical, Hierarchical 4+ blur, Non-hierarchical, Non-hierarchical + blur
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