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Abstract. Dynamic Programming (DP) is a popular and efficient method for calculating disparity maps from stereo images. It allows for meeting real-time constraints even on low-cost hardware. Therefore, it is frequently used in real-world
applications, although more accurate algorithms exist. We present a refined DP
stereo processing algorithm which is based on a standard implementation. However it is more flexible and shows increased performance. In particular, we introduce the idea of multi-path backtracking to exploit the information gained from
DP more effectively. We show how to automatically tune all parameters of our
approach offline by an evolutionary algorithm. The performance was assessed on
benchmark data. The number of incorrect disparities was reduced by 40 % compared to the DP reference implementation while the overall complexity increased
only slightly.

1 Introduction
Stereo vision’s task is to estimate depth by calculating a disparity map for two input
images. It has actively been investigated for decades and still is a vivid topic in computer
vision – mainly driven by a wide range of possible fields of application like robotics,
automotive systems, surveillance and augmented reality just to name a few.
Depending on the application, very different requirements and objectives, i.e. runtime and performance, are relevant. If there are only weak constraints on these issues, a
look at the Middlebury Stereo site1 established by Scharstein and Szeliski [1,2], which
compares results for a lot of different approaches, allows for finding a state-of-the-art
algorithm.
However, if problem specifications become more restrictive, e.g. in terms of real-time
performance on limited hardware resources, there are much fewer options as requirements may include low memory usage, mainly linear memory access, few complex
operations (like floating point instructions), and parallelizability. DP approaches are
perfectly suitable in this context, providing all the properties listed while their performance is sufficient for most real-world applications.
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In this work we will focus on how to tap the full potential of the basic, pixel-wise
DP algorithm itself. We modify it to be better parameterizable and perform automatic
offline optimization of those parameters. Additionally, we introduce a new idea to exhaustively benefit from the information gained by the DP – namely through a multi-path
backtracking.
This article is organized as follows. In the forthcoming section, we present related
work on DP stereo methods. The algorithm we chose as reference is presented in more
detail in section 3. In section 4 modifications to this algorithm proposed by us are presented. Section 5 describes how the parameters of the new approach are optimized for a
given task using the Middlebury benchmark images as an example. Finally we discuss
our results in section 6.

2 Related Work
DP was first used for edge-based approaches, for example by Ohta and Kanade [3].
Geiger et al. [4] were among the first to propose a DP stereo method based on pixel-wise
intensity differences. Bobick and Intille [5] presented the algorithm whose implementation serves as reference for this study. It is described in detail in section 3.
In [6] the usage of MMX, Assembler code, and some other techniques allow for
building a real-time DP based stereo system. No results can be found in the Middlebury benchmark, but the results reported for two of the four current test images show a
slightly better performance than the reference implementation does.
In [7] Gong et al. introduce a so called reliability-based DP algorithm. Tracing more
than just the best path after the optimization step they provide a reliability measure for
each disparity. A similar technique will be applied in this work.
Kim et al. [8] present a DP based algorithm which identifies possible disparities for
each pixel by comparing orientation filter responses. The first (horizontal) DP optimization step is then performed only taking into account those candidates. Costs caused by
that optimization step are incorporated in an energy function which is finally optimized
in vertical direction. Computation takes several seconds on the Middlebury benchmark
images. The idea of identifying candidates and choose among them can be found in our
approach, too, but it is conducted in a different manner.
In [9] adaptive cost aggregation in the vertical direction (considering color information) is used to improve the DP results. Real-time capability is achieved with a GPUbased implementation.
Veksler introduces a DP algorithm that works on a tree structure instead of image
rows [10]. Her implementation takes less than 1 s and performs almost 20 % better on
the Middlebury benchmark data than the basic method.

3 Reference Implementation
As reference and baseline for comparison, we consider the algorithm ranked 49th in the
Middlebury evaluation under the name of ’DP’. The source code is freely available as
part of the StereoMatcher framework. Because the goal in [1] was to evaluate the optimization technique itself, the DP approach presented in [11] was applied, but without
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shiftable windows and ground control points. In the course of this section the algorithm
is described.
3.1 Cost Calculation
The matching costs dSAD for two pixels P and Q are based on the sum of absolute
differences (SAD) which is
dSAD (P, Q) = dR (P, Q) + dG (P, Q) + dB (P, Q)

(1)

for RGB images, where dR (P, Q) = |PR − QR | with PR as red component of pixel P
etc. The cost for matching two pixels is interpolated in the range of a half pixel as
proposed by Birchfield and Tomasi [5]. The result is the cost matrix C of size X × N
for every image row, where X is the length of the row and N the number of allowed
disparities.
3.2 Cost Aggregation
Values in the cost matrix are not aggregated. Thus, optimization is only based on the
interpolated pixel-to-pixel intensity differences.
3.3 Optimization
The optimization is performed independently for each image row. A path with minimal
total cost through the matrix C has to be found (cf. [11]). While the naive technique,
i.e. calculating costs of all possible paths independently, would lead to a computational
complexity of O(N X ), DP solves this in O(N X). The algorithm works in two phases:
forward step and backtracking.
During the forward step, three possible states for each pixel and each disparity are
managed simultaneously: M (matched), V (vertical occlusion) and D (diagonal occlusion). Pixels in matched state are assigned the corresponding cost from C , Pixels in
states V or D are penalized by cocc . Starting an occlusion is additionally penalized by
ρI (ΔI) which depends on the actual intensity gradient ΔI and is realized as

if ΔI < tI
csmooth
ρI (ΔI) =
(2)
csmooth · p if ΔI ≥ tI .
The algorithm on the left side in figure 1 contains pseudo code for one part of the
forward step and storage of the best transition leading to state M .
In the backtracking phase the minimal cost path is followed backwards along the
stored transitions. At the same time, pixels in the result image are set to the corresponding disparity values or marked occluded.
3.4 Refinement
Pixels marked as occluded are filled from left to right. No sub-pixel refinement is performed.
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4 Proposed Algorithm
Our implementation provides modifications of the reference algorithm. We add more
flexibility and aim at utilizing the information gained from DP more efficiently.
4.1 Cost Calculation
We propose calculating a weighted Euclidean distance in the RGB-space

dEuklid (P, Q) = wR · d2R (P, Q) + wG · d2G (P, Q) + wB · d2B (P, Q),

(3)

where the three components are weighted individually by wR , wG , and wB respectively.
The Birchfield cost measure is not applied because experiments in [1] did not show
pay-off concerning efficiency.
4.2 Cost Aggregation
Slight aggregation in vertical direction, between neighboring scanlines, is performed.
To realize that, we store the cost matrices for the current row and the two adjacent ones.
A vertical Gaussian filter with weights (1, 2, 1) is applied previous to optimization in
order to calculate a smoothed match matrix.
4.3 Optimization
Extended parametrization. We introduce more parameters to the DP technique to allow
for more flexibility: Different penalties for diagonal and vertical occlusions (cD , cV )
and for starting these occlusions (pD , pV ) are provided. Additionally, we introduce
rewards rD and rV for transitions leading from occluded to matched state as counterpart
to the penalties. As the penalty pD and reward rD e.g. would cancel each other out, this
is only useful if all these costs are gradient-dependent. Therefore, for every parameter •
named above, there is also a corresponding one used if ΔI ≥ tI , marked as ˆ•.
Multi-path backtracking. It is noteworthy that a lot of information is generated during
optimization, but most of it is disregarded in the classic approach: During the forward
step only one transition per cell is chosen, not taking into account (almost) equally good
solutions. For backtracking, just one possible path ending is considered.
We explicitly aim for incorporating more information for optimization. So, during
the forward step of DP, almost-optimal transitions are stored. A transition is almostoptimal if its cost does not differ more than Δc from the best one. Figure 1 shows the
resulting changes in pseudo code.
After the forward step, in the classic DP approach the only solution is found in the
last column, corresponding to a path ending with minimal total costs m. We propose to
additionally trace alternative path endings with costs c ≤ τ ·m (with τ > 1). Depending
on the information from the forward step, more than one transition can be considered
at every point during backtracking. All resulting possible paths through the DP array
can be found by depth-first search, keeping track of already visited nodes in order to
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cMM ← A(x − 1, d, M ) + C (x, d);
cVM ← A(x − 1, d, V ) + C (x, d);
cDM ← A(x − 1, d, D) + C (x, d);
cMin ← min(cMM , cVM , cDM );
A(x, d, M ) ← cMin;
if cMM = cMin then
−
−−→
optTrans (x, d) ← M M ;
else if cVM = cMin then
−−→
optTrans (x, d) ← V M ;
else if cDM = cMin then
−−→
optTrans (x, d) ← DM ;

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17

cMM ← A(x − 1, d, M ) + C (x, d);
cVM ← A(x − 1, d, V ) + C (x, d) − rD ;
cDM ← A(x − 1, d, D) + C (x, d) − rV ;
cMin ← min(cMM , cVM , cDM );
A(x, d, M ) ← cMin;
if cMM ≤ cMin + Δc then
−
−−→
isPosTrans (x, d, M M ) ← true;
else
−
−−→
isPosTrans (x, d, M M ) ← f alse;
if cVM ≤ cMin + Δc then
−−→
isPosTrans (x, d, V M ) ← true;
else
−−→
isPosTrans (x, d, V M ) ← f alse;
if cDM ≤ cMin + Δc then
−−→
isPosTrans (x, d, DM ) ← true;
else
−−→
isPosTrans (x, d, DM ) ← f alse;

Fig. 1. Treatment of state M for pixel at x and disparity d during forward step of DP in the
reference implementation (left) and in our approach (right)

Fig. 2. Cost matrix for a single image row with path found by basic DP (top) and same matrix
with results from multi-path backtracking (bottom)

avoid multiple processing. Figure 2 shows an example for optimization results in the
reference implementation and in our approach.
If a pixel at (x, d) is traversed with state M , the disparity d is possible in this image
row at position x and this information is stored, resulting in a sparse representation of
candidate disparities for every pixel. As the assignment of disparities is not definite as
in the reference implementation, an additional selection step is necessary.
Vertical optimization. To chose from the sparse number of candidate disparities, an
additional optimization step is performed. The same idea as used for the horizontal
optimization step is realized here: an assignment from the possible disparities in a column with minimal cost is chosen. If there was not found any possible disparity for a
pixel at all during backtracking, every disparity is allowed. The cost function enforces
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smoothness by penalizing neighbor disparities that differ by 1 with λ and disparities
that differ more with μ. Again, this optimization problem can be solved with DP, but
here, it is significantly less complex due to the smaller amount of possible solutions.
Resulting disparity values are accepted if the corresponding matching cost is less than
Cmax . Otherwise, the pixel is marked as occluded.
4.4 Refinement
Occluded regions in the disparity image are filled in the same manner as in reference
implementation. Furthermore, disparities for the left border of the reference image are
not calculated, because not all matching costs can be computed there. This border region
is filled from the right side.

5 Experiments
Along with our modifications and in favor of more flexibility the total number of parameters increase from four to 21, cf. table 1 for an overview. To tune the parameters
offline, we use the Covariance Matrix Adaption evolution strategy (CMA-ES) [12], a
variable-metric evolutionary algorithm which represents the ”state-of-the-art in evolutionary optimization in real-valued optimization” [13]. As a baseline for comparison,
we also optimize the four parameters of the reference approach the same way.
5.1 Experimental Setup
We optimized the parameters for the benchmark images from the Middlebury evaluation
site as an example. As objective the average number of bad pixels as defined in [1] was
minimized. Using the CMA-ES implementation from the Shark open-source machine
learning library [14], five optimization trials were conducted for the basic approach and
five for our modified approach.
5.2 Results
For the basic approach we obtained 14.5 % bad pixels as best solution with cocc = 28.8,
csmooth = 31.7, p = 1.5 and tI = 5.1. The perfomance is very similar to that of the
reference implementation using the Birchfield-Tomasi measure.
For our modified approach, the best solution for the parameter settings given in
table 1 results in 8.8 % bad pixels. Figure 3 shows results for two of the test images.
Table 1. Optimized parameter settings for our approach
Parameter pD
Best
30.7

cD
pV
cV
27.4 −5.3 -12.9

rD
-2.6

rV
3.6

tI
45.9

wR
0.32

wG
0.62

wB
0.06

Parameter p̂D
Best
43.9

ĉD
p̂V
ĉV
r̂D
19.0 −16.7 −13.7 −1.9

r̂V
4.0

Δc
1.95

τ
1.17

λ
22.6

μ
57.5

Cmax
76.2
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Fig. 3. Left to right: ground-truth disparity images, results obtained from our approach (border
and occlusions shown black), and error images for Middlebury test images Teddy and Cones
Table 2. Results for Middlebury benchmark data sets
Tsukuba
nocc all

Venus

disc nocc all

Teddy
disc nocc all

Cones
disc nocc all

Avg. percent

Rank

Algorithm

disc

38

Our approach
.
.
.

2.0 3.8 9.8

3.3 4.7 13.0

6.5 13.9 16.6

5.2 13.7 13.4

bad pixels
8.83

42

RealTimeGPU [9]

2.1 4.2 10.6

1.9 3.0 20.3

7.2 14.4 17.6

6.4 13.7 16.5

9.82

43

CostRelax [15]

4.8 6.1 20.3

1.4 2.5 18.5

8.2 15.9 23.8

3.9 10.2 11.8

10.6

44

ReliabilityDP [7]

1.4 3.4 7.3

2.4 3.5 12.2

9.8 16.9 19.5 12.9 19.9 19.7

10.7

45

TreeDP [10]
.
.
.

2.0 2.8 10.0

1.4 2.1 7.7 15.9 23.9 27.1 10.0 18.3 18.9

11.7

50

DP [1]

4.1 5.0 12.0 10.1 11.0 21.0 14.0 21.6 20.6 10.5 19.1 21.1

14.2

See table 2 for detailed results and comparsions. Thus, our approach shows better performance in the Middlebury evaluation than most other algorithms using DP and it is
the best one performing pixel-wise DP.
Processing test images Tsukuba takes 0.2 s, Venus 0.4 s, Teddy 0.8 s and Cones 0.8 s
on a standard desktop PC with 1.8 GHz .

6 Conclusion
We considered a freely available implementation of a standard stereo algorithm based
on DP. The technique is very popular due to its applicability to a large variety of realworld problems.
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We showed how to modify and extend it in order to provide higher performance
and more flexibility. In particular we focused on utilizing available information during
DP more efficiently. At the same time the computational complexity did not increase
significantly.
Offline optimization of all algorithm parameters for benchmark images as an example showed that an error reduction of 40 % compared to the reference implementation
has been allowed. The algorithm proposed is widely applicable, escpecially for realtime applications.
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