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Abstract—A disparity map is a key component of stereo
vision systems. Autonomous navigation, 3D reconstruction and
mobility are examples of areas that use disparity maps as an
important element. Although much work has been done in the
stereo vision field, it is not easy to build stereo systems with
concepts such as reuse and extensible scope. In the present paper,
we contribute to reducing this gap by presenting a software
architecture that can accommodate different stereo methods
through a new standard structure. Firstly, we introduce scenarios
that illustrate use cases of disparity maps, and we show a novel
architecture that foments code reuse. A Disparity Computation
Framework (DCF) is presented and how its components are
structured regarding compartmentalization are discussed. Then,
we introduce a prototype that closely follows our proposal, and
we describe some test cases that were performed. We conclude
that the DCF can satisfy different on-demand scenarios and that
it can support new stereo methods, functions, and evaluations
for different applications without much effort.

Index Terms—stereo vision; disparity map; software design;
software architecture.

I. INTRODUCTION

Stereo vision is one of the research fields in which digital

image processing has been used as a source for calculating

and estimating distances between objects in a scene. This

is done by collecting digital stereo images of the scene and

computing a disparity map1 that provides depth information.

Stereo vision, and the usage of depth information, have

been extensively surveyed [1] and have many practical and

important applications. For instance, autonomous vehicles can

use the depth of a scene to move around without collisions.

A visually impaired person can employ depth information in

a software application to help him or her to orientate and to

walk in an area. Even augmented reality can employ depth

information to locate physical objects and to generate better

visual effects over them.

However, measuring distance using stereo images is an ill-

posed problem and a satisfactory solution for this is yet to

be presented [2]. Furthermore, software-based architectures

for dealing with disparity calculations are not very often

discussed, what makes it difficult for those interested in the

area to keep up with the new trends. Papers and technical

reports do emphasize the disparity problem, but frequently

major software components for building disparity maps that

are developed based on them are distributed with no much

highlight about their technical details. This issue is further

1A disparity map saves the distances between corresponding points of a
stereo image pair, i.e, the disparities, and it is typically encoded as a grayscale
image.

aggravated when different approaches need to be implemented

together in a same application in order to share resources and

code.
Although the disparity map construction is clearly explained

in several works, some points arise when different methods

have to be used for creating practical solutions: (1) how to

build a software architecture in compliance with computer

vision applications; (2) how to separate the functionality of

a program into independent and interchangeable modules; (3)
how to meet new requirements and make future maintenance

easier; and (4) whether these approaches are required to

be compared to each other. Therefore, there is a particular

implication of these issues in decision-making, in which reuse

components should be identified, the scope of the system

should be defined based on the standards proposed by the area,

and multilayer design should be prepared in order to facilitate

the construction of robust systems.
Building and implementing stereo systems with the adoption

of concepts such as reuse, compartmentalization and extensible

scope are not trivial tasks. If these aspects are not carefully

considered, the programming code will be limited to a specific

problem, and hence distinct methodologies will not coexist.

Thus, in order to contribute to solving this problem, in the

present work, we introduce a new software architecture, called

Disparity Computation Framework (DCF), that can accommo-

date different stereo methods through a common structure. The

main contributions of this study include a delimitation and

a discussion of the stereo vision scope, in which structured

components can be organized in layers, showing a solid base

for attending different on-demand applications and designing a

way of incorporating new stereo vision methods, sophisticated

algorithms and metric evaluations.
The remainder of this paper is organized as follows: Sec-

tion II discusses the related work; Section III introduces sce-

narios that illustrate use cases of disparity maps; An overview

of the proposed architecture and its design details are shown

in Sections IV and V, respectively; Section VI presents some

concepts of the architecture implementation and prepare test

cases to validate the proposal; Finally, in Section VII, we draw

our conclusions and suggest ideas for future work in this field.

II. RELATED WORK

Scharstein and Szeliski [3] proposed a taxonomy to evaluate

stereo vision methods by using ground truth maps, objective

metrics and dataset with rectified images. Furthermore, they

prepared a web platform to receive and evaluate new method-

ologies. Although this platform is important for the stereo
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vision field, it has limitations, e.g., its benchmark allows a

user to send a disparity map that doesn’t correspond to the

definition in its original reference. Following this practice, a

submission can be done, and it can hide other ingredients

such as the use of different match measures and different

post-processing techniques. Because of that, some researchers

prefer to set up their own benchmark.

For instance, Hosni et al. [4] established their benchmark to

evaluate different types of adaptive support weight techniques.

Hirschmuller and Scharstein [5] prepared an evaluation by

using stereo matching costs on images with radiometric differ-

ences. Vieira et al. [6] applied 10 different cost functions in 6
stereo methods to analyze their behaviors and, based on that,

they produced a ranking table. Besides these own evaluations,

there are other public benchmarks. One of them is the KITTI

Vision Benchmark Suite [7] which contains ground truth maps

of real-world urban driving scenarios as well as evaluation

metrics.

There are other important initiatives in this area of study,

such as the MVSEC Dataset [8], GENUA PESTO [9], POLAR

stereo dataset [10], Inria 3DMovie dataset [11], and ETH3D

stereo benchmark [12]. They are specially organized to provide

stereo benchmark through a provided image dataset where a

researcher can evaluate his method, compare results with other

methodologies and publish the final outcome measures in an

on-line web site; however, they differ from our proposal in a

substantial manner.

In our design all components of the architecture are avail-

able, which means that a researcher can reuse components that

have already been implemented and apply them to different

objectives, not only for evaluation proposals. Thus, algorithms

can be attached and other researchers can have access to newer

code, structures and workings of an application. Furthermore

in our proposal a final user can select, mix and merge stereo

components to be applied in different types of application as

3D reconstruction, computer vision and machine learning.

The proposed design is conceptually simple and able to deal

with multiple scenarios. It employs established components

and exhibits a reliable architecture to perform on-demand.

At this point, it should be noted that other structures can be

prepared and attached to this proposal, including components

to handle with other computer vision challenges.

III. MOTIVATING EXAMPLES

In this section, we present some scenarios in stereo vision

field. They show different situations that demand specific

solutions but they share common concepts which can be used

for modeling a multi-faceted application. Let us consider them:

1) User 1 wants to apply different types of stereo vision

methods in a rectified image pair, extracted from an

image database, to observe which of them could bring

a better result, i.e., a disparity map that is more reliable

in comparison with a reference disparity map (ground

truth). This user would like to perform a quantitative

evaluation without post-processing techniques, using

the same parameters that were shown in original papers.

Besides, this user wants to see a ranking that shows

the best methods, according to their response to the

evaluation. This kind of intent can be extended, and

the user can compare different methodologies with his

preferred methods of stereo vision.

2) User 2 wants to use his image pair to perform a

disparity calculation in a specific stereo vision method

(in fact, he could consider the best method pointed

out by the User 1 evaluation). He explains his images

are not rectified, but he knows the camera parameters

because in a first step he calibrated his camera. In this

case, there is no ground truth map to compare, but

he wants to apply pre-processing and post-processing

techniques.

3) User 3 wants to construct a sparse disparity map. His

idea is to consider just some image points to calculate

the disparity between them. To do that, he needs a

function that returns unambiguous points, as functions

based on features detection. Additionally, he wants to

perform an evaluation that compares his result with a

ground truth map. This ending result can be incorporated

in a computer application that looks for a reference mark

in a scene. Thus, this application can know how far away

this point is.

These three scenarios are common tasks in stereo vision

area. The first case compares different methods to show which

of them bring the best disparity map. Hence, it can provide

a fine competition which can encourage new methodologies.

The second case shows a practical use of stereo methods. A

user can select an algorithm to perform it in his images that

were acquired in real-world situations. Finally, the third case

explores strategies that use features to compute sparse disparity

maps. It is useful for applications that do not need to know

the disparity of all points, such as in some specific cases of

autonomous navigation which uses code markers.

Nevertheless, to put applications like those in a unique

platform to coexist in the same environment, to share resources

and code, is not something easy to prepare. Most of that

is because this knowledge is gradually being elaborated in

which new approaches are being developed every day. Thus,

to contribute to this field, we discuss and present a versatile

software design for this task.

In the following sections, we show how these three sce-

narios, as well as any other similar scenario, can be satisfied

on-demand and with easy using of the Disparity Computation

Framework (DCF).

IV. DISPARITY COMPUTATION FRAMEWORK (DCF)

OVERVIEW

One of the most difficult parts of building computer vision

applications is related to the modeling and organization of

work, which includes the coding part. If it is not observed

with attention, we can easily couple the stereo vision code

to a specific application. As a result we limit our capacity
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of exploring new trends. For instance, suppose we have a

stereo vision method attached to a cost function that calculates

dissimilarities between pixels for an autonomous vehicle.

Then, another cost function comes up probably with better

results. But in this case, unfortunately, we do not have a

structure that allows performing this test case.

Fig. 1: Layered DCF architecture.

The DCF explores this problem and shows by itself an archi-

tecture ready to grow. Furthermore, it fosters code reuse, and

its design can be extended to aggregate new functions. At the

core of DCF is a layered architecture, which provides a simple

division and organization of these major concerns as in [13].

The DCF architecture divides the main calculation tasks into

three primary levels of abstraction, which correspond to the

three key components of DCF, as illustrated in Fig. 1.

Params Tuning and Image Transformation (PT&IT)
provides an interface that allows a user (or application) to

interact with the framework. All functions are exposed, and a

user can select the appropriate ones according to his scenario.

Each function can accept user parameters, or it can access

the same parameters from original papers, according to a user

desire. It is prepared to apply digital processing to the input

images. Furthermore, it can perform a rectification process

reducing the search space to one dimension between a pair of

images.

Disparity Computation Process (DCP) is the core of the

architecture. The cost functions reside in this layer and the

needed of the images are pre-computed. Besides, a horizontal

movement (sliding windows) in the target image is performed

and when an aggregation step is needed an optimization for

this task is executed. It also includes the implementation of

stereo vision methods and disparity selection.

Disparity Adjustment and Map Evaluation (DA&ME) is
designed to incorporate different post-processing techniques.

Thus, a better result can be achieved by performing the

functions selected by the user. This layer is important to

practical applications because it can improve disparity maps.

Furthermore, it is responsible for applying evaluations in the

results. Different metrics can be used to show quantitatively

the best stereo vision method. New metrics can be added in

an elegant way and a ranking can be prepared to deal with the

choice of the best one.

To reach the objective of creating a disparity map, each layer

has a specific role in the stack. A pair of images can be added

and the framework is responsible for construct and evaluates

on-demand. A composition of components is defined based on

its responsibilities. PT&IT is responsible for pre-processing

images and to ask a user about functions to be applied, and

their respective parameters. DCP deals with approaches to

building disparity maps and it considers that dense and sparse

maps can be achieved by using different techniques. DA&ME
uses post-processing techniques to adjust a disparity map by

re-estimating wrong points, for instance. Furthermore, it can

execute evaluations and feed a ranking.

When this architecture is used, it can provide a disparity

map for any kind of application that uses stereoscopic view.

Therefore, triangulation and 3D visualization can be performed

to provide autonomous robotic navigation in a variety of

operational scenarios such as in transportation of supplies,

surveillance as well as in forensic and mining applications.

Thus, if an application requires the use of disparate maps, the

DCF can afford this task by providing an amount of solutions

as an available service.

V. DESIGN OF DCF

In this section, we present a design for DCF that provides

a service of building disparity maps to a user (or application)

which supports different configurations, at the discretion of

the user. We introduce the internal design of the DCF’s three

layers, and we discuss each component regarding service

provided.

(a) PT&IT. (b) DCP. (c) DA&ME.

Fig. 2: Block diagrams showing the three layers of DCF.

A. Params Tuning and Image Transformation

The architecture design of PT&IT, shown in Fig. 2a, consists

of twelve major components: (1) the UI Function Options

- provides a list of functions and data that reside in all

repositories. For instance, original parameters, as they were

shown in their reference, are in the (2) Original Params
repository. (3) The Params Validation - guaranties that ap-

propriate parameters are defined, as images size, parameters

of functions, and if both images are in the same color pattern,

as defined in (4) Params Roles. If something is not correct

the (5) Exception Handler deals with the thrown exceptions.

(6) The Transformations Setting - conducts to the (7) Pre-
Processing component, if a user wants to apply transforma-
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tions in the input images. Otherwise, it follows to the next

layer.

The (8) Image Rectification - puts images taken from

multiple perspectives into a common map coordinate system

to simplify the problem of finding matching points between

images, from 2D to 1D. It can be achieved in both calibrated or

uncalibrated camera by algorithms in the (9) Calibrated Cam-
era or (10) Uncalibrated Camera repositories. (11) The Image
Filtering - applies an enhancement or preserves some charac-

teristic in the images. Common filters are mean, median and

edge preserving and they can be found in (12) Filters.

B. Disparity Computation Process

The DCP Layer is responsible for performing the principal

requirement of the architecture. Thus, it can prepare a disparity

map based on the inputs. A dense map can be built or a sparse

map, as shown in Fig 2b.

It is important to observe that this architecture deals with

two different approaches to building disparity maps. As we

have a clear separation between each layer, it is easy to keep

using the same components from the top and bottom layers

and to prepare specialized components, as shown in the next

two subsections.

1) Dense Disparity Map: To build a dense map, this archi-

tecture considers seven components, as illustrated in Fig. 3a.

(1) Precomputed Data - provides some needed calculations,

such as mean, variance or norm of patches, to be used in

cost functions which require them, as NCC and SSDNorm.

Depending on the user configuration this component can be

skipped if a cost function does not use it, as SAD and SSD.

(2) Block Matching - computes the matching costs between

patches by using the (3) Cost Functions repository. It uses

the (4) Aggregation Optimization component to improve cal-

culations, and its output is a Disparity Space Image structure

(DSI). (5) Stereo Vision Methods - performs a method chosen

by the user if it is in the (6) Methods repository and it uses

the DSI, from the last component, as input. Depending on the

method to be executed some additional strategies needed to

be used, as segmentation algorithms, that can be deposited in

the (7) Demanding Algorithms repository.

(a) Dense Map. (b) Sparse Map.

Fig. 3: Components of DCP layer.

2) Sparse Disparity Map: To build a sparse map, four com-

ponents are considered, as in Fig. 3b. (1) Feature Detection
- is responsible for performing a feature detector algorithm.

Different algorithms can be used, thus a repository, (2) Feature

Detectors, is prepared to put them in. (3) Track Points - is

prepared to initialize and to make correspondences between

points in both images. (4) Disparity Computation - calculates

the distance between similar points, i.e., between the reference

and target images points. This is done based on the feature

correspondence performed on the previous component.

C. Disparity Adjustment and Map Evaluation
The DA&ME is responsible for the post-processing tech-

niques and for the evaluation of the disparity map constructed.

It consists of six major components, as illustrated in Fig. 2c.
(1) Adjustment Setting - receives the user parameter that

defines if a post-processing technique will be applied. Thus,

it flows for the (2) Post-Processing component that uses a

repository called (3) Post-Pro. Methods or it flows directly for

the (4) Evaluation Setting. When an evaluation is performed

the (5) Evaluation component is called, and different metrics

can be run, as they are disposed in (6) Metrics repository. We

observe that the Ranking component is outside of this layer

and it receives the results of the evaluation. Besides, after the

whole stack is executed, this layer returns the disparity map

requested.

VI. PROTOTYPE IMPLEMENTATION

A DCF prototype has been implemented using MATLAB

program, which closely follows the DCF architecture. PT&IT

is prepared to validate user parameters. Besides, it allows a

user to see all function signatures, the ranking and to apply a

filter and/or a rectification technique in the input images.
DCP is prepared to perform different types of algorithms

to achieve the objective of building disparity maps. Block

matching, stereo methods, and feature detectors algorithms

are implemented in this layer. On the other hand, DA&ME

is prepared to adjust a disparity map by applying a method

chosen by the user. This layer is also responsible for evaluating

the construction of disparity maps and to update the ranking.
To show the effectiveness of this architecture, we performed

some test cases which deal with the three scenarios discussed

in Section III. For all tests, we used the original parameters

showed in their reference paper or the default values when

we used built-in MATLAB functions. Besides, we used the

integral image as aggregation optimization and the truncated
color and gradient differences [4] as a cost function. The input
images and ground truth maps (GT) used in the three test cases

are illustrated in Fig. 4.

(a) Test Case 1. (b) Test Case 2. (c) Test Case 3.

Fig. 4: Input Images in first row (reference images only) and

GT Maps in the second row. Test Case 2 has no GT Map.
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A. Test Case 1
In the first test case, we selected a pair of images from

Middlebury’s dataset [14] with its ground truth. We imple-

mented 10 stereo vision methods, and we use the Root Mean

Square Error (RMSE) as an evaluation metric. The Table I

shows a ranking with the position of each method, its reference

paper, and RMSE values. The Fig. 5a shows the disparity map

generated by the number 1 method in Table I.

TABLE I: Test Case 1 - Ranking Table.

Pos. Method RMSE
1◦ SB [15] 12.83
2◦ BL [16] 13.50
3◦ BLNoSpatial [4] 13.53
4◦ MRPG [17] 14.87
5◦ GF [18] 15.21
6◦ LO [19] 18.34
7◦ VW [20] 19.45
8◦ MLMH [21] 23.46
9◦ FW [-] 26.02
10◦ SW [3] 27.05

B. Test Case 2
In the second test case, we took our on images. We used

a monocular camera (GEX550) to get two outdoor photos

separated by horizontal displacement. Each image is shifted

no more than five centimeters, and between them there is a

translation but also a rotation. We are not concerned about

camera displacement and orientation, but we tried to avoid

sudden movements and large disparities. Hence, the left image

and right image are horizontally shifted, but they are quite

close.
The calibration process was made by using Zhang’s

method [22], and we used a checkerboard pattern to retrieve

the camera parameters. Besides, the images were rectified

using Fussielo’s algorithm [23]. The Seg-Based [15] method

was performed with this pair of images. Moreover, we applied

a median filter as a pre-processing stage and the left-right

consistency checking as post-processing technique [4]. The

final result is shown in Fig. 5b.

(a) Test Case 1. (b) Test Case 2.

(c) Test Case 3.

Fig. 5: Disparity maps yielded.

C. Test Case 3
In the third test case, we used another pair of images. At

this time, we got images from KITTI’s dataset. In this test,

our objective was to select just some points to calculate and

to construct a sparse disparity map. As feature detector, we

used the minimum eigenvalue algorithm [24] and as tracker

point the KLT feature tracker [25].

To calculate the disparity among points, we considered the

Euclidean distance. Then to evaluate the generated map, we

selected the same points in the ground truth map. Therefore,

we considered a percentage of bad pixels as evaluation metric.

This metric points to a bad pixel when points in both maps are

different from each other by a value greater than a threshold.

Fig. 5c shows a visual result, and it presents the total of

matched points (in red). When a disparity point differs from

the value in the same coordinates in the ground truth map,

it is labeled as a bad pixel and the percentage of errors is

calculated from all points that were wrong estimated. In this

test case the percentage of bad pixel was 33.50% and it points

out that this error could be better treated in other approaches

with the aim of reducing it.

Fig. 6: Visualization of the results of Test Case 1, 2 and 3,

respectively. Rows 1 and 2 present projections in 3D space

based on dense disparity maps. Row 3 presents a visual image

of feature tracking.

Finally, Fig. 6 shows a visualization of the three test cases.

As the disparity maps were obtained, we can plot their points

in a 3D space and a relative depth can be estimated. In this

way, objects or even points of each scene can be distinguished

between them by the information of their depth. Unlike the

first two test cases, we plotted an anaglyph image with

matching points for the third test case. This was done because

this is a better choice for viewing a sparse map, since only

a few points were considered. In addition, Fig. 7 presents

the paths and components of the DCF architecture that were

accessed by the three users.

VII. CONCLUSION

We have presented a Disparity Computation Framework for

on-demand stereo vision systems. The proposed architecture

was divided into three layers, each one with cohesive com-

ponents. We discussed the framework, as well as hypothetical
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Fig. 7: The DCF components accessed by each user. User 1

= red arrows; User 2 = green arrows; User 3 = blue arrows.

scenarios that explored some of its usage. We pointed out

that a structure based on reuse and compartmentalization can

be demanding and challenging. On the other hand, it can be

beneficial for different applications.

The components of DCF was organized following some

key points of stereo systems. Because of that, we showed

a design with elements that are commonly applied in the

literature. This organization allows yielding both dense and

sparse maps. Besides, we point that the repositories organized

in the three layers of the framework can incorporate new stereo

vision methods, cost functions, rectification methods, filters,

demanding algorithms, feature detectors, metrics evaluation

and different types of post-processing techniques. Thus, other

parameter combinations and results can be achieved elegantly

without much effort.

As a future work, we intend to implement the complete

software design in a high-level computer language and to

release the access to the final result through a web service

available on-line.
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