
SHARP DISPARITY RECONSTRUCTION USING SPARSE DISPARITY MEASUREMENT
AND COLOR INFORMATION

Lee-Kang Liu, Zucheul Lee , Truong Nguyen

Department of Electrical and Computer Engineering, University of California, San Diego
http://videoprocessing.ucsd.edu

ABSTRACT
Recently, the work on dense disparity map reconstruction

from 5% sparse initial estimates containing edges in disparity,
has been proposed [1]. Practically, however, edges in dispar-
ity is unknown unless a dense disparity map has already been
generated. In this paper, we present a realistic reconstruction
framework for obtaining sharp and dense disparity maps from
fixed number of sparse initial estimates with the aid of color
image information. Experimental results show that sharp and
dense disparity maps can be reconstructed at the cost of one
pixel accuracy.

Index Terms— Disparity, Sparsity, Edge Detection,
Compressive Sensing, Sparse Reconstruction

1. INTRODUCTION

Sharpness of disparity is an important issue for dense dis-
parity estimation from stereo images by utilizing matching
approaches. For finding matching points, global and local
methods are commonly explored for texture and texture-less
areas, respectively. The global method is used for estimat-
ing disparity values in texture-less area since it predicts possi-
ble matching points by referring the global information. The
local matching method is applied in texture areas, since the
distinct characteristic makes the local matching efficiently.
However, recent discussions on matching methods pointed
out that blurring on discontinuities exists [2][3]. Therefore,
the preservation of sharpness becomes a critical concern for
reconstructing dense disparity maps. To bypass the problem
that exists in matching approaches, another approach to gen-
erate dense disparity map from sparse measurements is pro-
posed by Hawe et al. [1]. The author demonstrates that a
sharp and dense disparity map can be reconstructed from 5%
disparity measurements, including the edge point disparity.
The proposed method, however, requires a known dense dis-
parity, and the sampling locations are scene dependent. Con-
sequently, the reconstruction performance results in highly
dependency on the quality of known dense disparity. An al-
ternative would be to find matching points of edges, detected
from one view image. However, the number of sparse esti-
mates will be scene dependent, as shown in Figure 1. Since
the edges in color image relate to image content, it cannot be
guaranteed that the measurement is sparse. Therefore, our fo-
cus of this paper is to reconstruct a sharp and dense disparity
map from fix number of sparse estimates.
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Fig. 1: Edges in disparity map(Left) and edges in color im-
age(Right). There are around 5% of points are edges in dis-
parity map and around 18% of points are edges in color im-
age.

To preserve sharpness, the edge point disparities are
needed in sparse signal reconstruction. Using sparse and
randomly sampled disparities as the initial estimates, the re-
construction results will be blurry on the object boundaries,
as seen in the first row of Figure 4; however, using these ini-
tial estimates, it is possible to preserve sharpness by utilizing
color and geometry similarities. First, we distinguish edges
into two categories, a) edges that exist in both disparity map
and color image, b) edges that exist in color image but not in
disparity map. In order to find edges in disparity map, finding
edges from color image is sufficient. Therefore, we aim to
preserve edges in disparity map by estimating disparities of
edges from both categories and by referring color and geom-
etry similarities. Our proposed framework for reconstructing
dense disparity from spare initial estimates is outlined in
Figure 2.

This paper is organized as follows: Section 2 reviews re-
lated works. Section 3 describes the proposed method which
reconstructs a sharp disparity using color information. Sec-
tion 4 presents the experimental setup and discusses resulting
simulations. Section 5 summarizes our contribution and dis-
cusses future works.

Fig. 2: Dense Disparity Reconstruction Framework



2. RELATED WORK

Dense disparity reconstruction from sparse measurements can
be formulated as an optimization problem. Let s be a n ×
1 vector, which represents dense disparity map in canonical
form, and x be a n× 1 vector, which contains coefficients of
transformed s. Given a transformation matrix, Ψ, a n × n
orthonormal matrix, the relation between x and s is s = Ψx.
The variable x is a k-sparse vector, which means that the
number of non-zero elements, s, is much less than n, k � n.
In compressive sensing theory, given a m× 1 spatial domain
measurement, y, the optimization can be formulated as fol-
lows:

minimize
x∈Rn×1

‖x‖0 (1)

subject to y = ΦΨx

where Φ is a m× n sampling matrix. In each row of Φ, only
a single element is one and the others are zeros. According to
[4], there exists an exact solution if the number of measure-
ments, m, satisfies

m ≥ Cµ2(Φ,Ψ) ‖x‖0 log(n) (2)

where C is a positive constant, which is related to probability
of finding the exact solution. The quantity µ(Φ,Ψ) is the
mutual coherence between two matrices Φ and Ψ, defined as

µ(Φ,Ψ) =
√
nmax

i,j
|(ΦΨ)(i, j)| (3)

The optimization contains a l0 -norm which makes the prob-
lem NP-hard. However, it can be relaxed to a l1 -norm prob-
lem if Equation 2 is satisfied. For reconstructing dense dis-
parity map, Hawe et al. [1] formulate a model,

minimize
x∈Rn×1

‖Wx‖1 + γ ‖Ψx‖tv (4)

subject to ‖y −ΦΨx‖2 < ε

where W is a diagonal matrix with coefficients zero and one.
In order to deal with the constraint, Hawe et al. [1] introduce
Lagragian dual,

minimize
x∈Rn×1

1

2
‖y −ΦΨx‖2 + λ (‖Wx‖1 + γ ‖Ψx‖tv) (5)

and use conjugate subgradient method to solve this optimiza-
tion problem. This algorithm gives excellent results using 5%
sparse measurements, which includes random samples and
edges in disparity. However, their assumption is not practi-
cal since dense disparity map is required before finding edges
in disparity. Our work is an extension of Hawe’s algorithm,
taking into account the initialization of disparities. In order to
maintain sparsity of initial estimates, preserve edges in dispar-
ity map and eliminate large errors in initial estimates, we pro-
pose a two stage process to reconstruct dense disparity map.

3. DENSE DISPARITY RECONSTRUCTION USING
COLOR INFORMATION

Edges are transition areas of object boundaries. Once esti-
mated correctly, edges can be used to reconstruct sharp dis-
parity maps. We estimate edges by utilizing color similarities

and sparse initial estimates. Practically, sparse initial estimate
contains erroneous measurements. Large errors, also called
outliers, can severely degrade reconstructed results. In or-
der to prevent degraded results, outlier elimination is used in
our framework. Our work is composed of three steps, outlier
elimination, edge disparity estimation and sparse reconstruc-
tion of dense disparity map.

3.1. Outlier Elimination

Large errors in initial estimates will propagate to recon-
structed results. A small number of outliers will severely
degrade reconstructed disparity map. To identify outliers,
transformation between matching points need to be first es-
timated. It has been demonstrated that there exists multiple
models inside a scene, and in each small region, a trans-
formation defines the relation between matching points [5].
However, in practice, it is difficult to decide the number of
models. Instead of finding multiple models, we assume that
only a single affine transformation exists within a small re-
gion. We can therefore first segment the image using mean
shift [6] and consider the outlier exclusion within a small
region. To exclude outliers, we use RANSAC (Random Sam-
ple Consensus) [7], which statistically removes large errors.
Once the outliers are removed, a clean and sparse initial esti-
mate can be used in extrapolating the edge disparities as well
as the overall reconstruction.

3.2. Edge Disparity Estimation

In order to obtain a sharp disparity map, the edge disparity
estimation plays an important role. Although edge locations
are unknown in sparse initial estimates, we conjecture them
from color images. The locations are determined from color
images, and their disparity values are estimated by referring
color similarity of w-nearest sparse initial estimates. We
define I as color image and Dm as disparity map of initial
estimates with m sparse non-zero elements. The variable
(xi, yi) are locations of the m sparse points, for i=1,2,...m.
For each point, its color information is I(xi, yi). The variable
(xe, ye),for e=1,2,3,...l, are detected edge locations, and D̂
is the estimated disparity map. For each edge point, its color
information is I(xe, ye). The bold form (xe,ye) is the set of
points (xe, ye), for e = 1, 2, ...l.

Algorithm 1 Edge Disparity Estimation

1: procedure EDGEDISPARIYESTIMATION(T ,w,I,Dm)
2: (xe,ye) = CannyEdgeDetector(I)
3: for i = 0→ m do
4: D̂(xi, yi)=Dm(xi, yi)
5: end for
6: for e = 1→ l do
7: (xs,ys) = WNearestNeighbor(Dm, (xe, ye), w)
8: {(x∗1, y∗1), (x∗2, y

∗
2)}

9: = SimilarityCheck(I, (xe, ye), (xs,ys))
10: end for
11: if ‖Dm(x∗1, y

∗
1)−Dm(x∗2, y

∗
2)‖1 ≤ T then

12: D̂(xe, ye) = Dm(x∗1, y
∗
1)

13: end if
14: end procedure



Referring to Algorithm 1, CannyEdgeDetector, re-
turns edge point locations detected by canny edge detec-
tor [8]. The function, WNearestNeighbor, returns point
locations,(xs,ys), of w-nearest non-zero disparity elements
from (xe, ye). The function SimilarityCheck, estimates
color similarity between I(xs,ys) and I(xe, ye). The re-
turned values, (x∗1, y

∗
1) and (x∗2, y

∗
2), are points with the

highest and second highest similarity based on the equation,

(x∗, y∗) = min
(xs,ys)∈(xs,ys)

‖I(xe, ye)− I(xs, ys)‖2 (6)

Since we are comparing color similarity with randomly sam-
pled initial estimates, the points with the highest and second
highest similarity might locate on different objects. To pre-
vent this error, a threshold T is selected. If the disparity is
larger than T , the disparity of detected edge point will not
be assigned. According to our experiments, the selection of
parameters T = 4 and w = 21 yields the best performance.
After our edge disparity estimation, the output disparity map
is shown in Figure 3 (Right).

Fig. 3: (Left)Initial sparse and random disparity samples.
(Right)Estimated disparity values on image edge points.

4. EXPERIMENTAL SETUP AND DISCUSSION

To evaluate our algorithm, we set up two experiments using
middlebury data sets from vision.middlebury.edu/
stereo/. In experiment one, we examine the performance
of edge disparity estimation from sparse ground truth initial
estimates. We randomly sample 10% ground truth disparities
as initial estimates for 50 times and compare the average
percentage of bad pixels(with parameter t) with and without
edge disparity estimation.

Number of bad pixels =

{#of |Drecon(x, y)−Dtruth(x, y)| ≥ t,∀(x, y)} (7)

Average percentage of bad pixels =

Number of bad pixels
Total number of pixels

(8)

Figure 3 shows the initial estimates(left) and the estimates
after edge disparity estimation(right). In experiment two,
we examine the overall performance from measured sparse
initial estimates and compare the results with measured dense
disparity, both are obtained using the method in [9]. Figure 5
shows the comparison results.

In Figure 4, sharp and dense disparity maps are recon-
structed as edge disparity estimation is applied. Disparity
boundaries in the second row are sharper than in the first row,
as seen in the fourth and fifth rows in Figure 4; moreover, de-
tailed information is preserved. As shown by Tsukuba in the
first and second rows(Figure 4), the disparity of the lamp arms
are reconstructed. However, as seen in Table 1, the average
percentage of bad pixels(t = 1) does not decrease in Teddy
and Venus, but it decreases for all data sets while (t = 2).
In other words, our edge disparity estimation preserves the
sharpness of disparity at the cost of one pixel accuracy. In
experiment 2, not only the sharpness is preserved but outliers
are eliminated. As shown in Tsukuba Figure 5, there exists
outliers, as shown in the third row. These outliers are elimi-
nated as we reconstruct dense disparity map using our overall
framework.

Case Cones Teddy Venus Tsukuba
Case 1(t = 1) 16.8% 17.78% 10.41% 10.43%
Case 2(t = 1) 18.27% 16.45% 5.88% 15.3%

Case 1(t = 2) 6.86% 6.26% 1.06% 5.1%
Case 2(t = 2) 9.16% 7.55% 1.46% 7.52%

Table 1: Experiment 1 : Average percentage of bad pixels
w/ and w/o edge disparity estimation using ground truth 10%
samples. Case 1 applies edge disparity estimation, and case 2
employs disparity reconstruction without edge disparity esti-
mation.

5. CONCLUSION

In this paper, we present an edge-preserving method for dense
disparity reconstruction by utilizing color information. Ex-
perimental results show that detailed and sharp disparity maps
are reconstructed at the cost of 1 pixel accuracy, and outliers
are eliminated if they exist in initial estimates. Moreover,
this work presents another approach to generate dense dis-
parity maps. Conventionally, finding dense matching points
from stereo image is used for dense disparity generation, and
a large amount of measurements are needed. In our approach,
sharp and accurate disparity can be reconstructed from fixed
number of initial estimates. This work can be further ex-
tended by considering high accuracy initial sparse estimation
methods, which are already been used for localization pur-
pose.
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