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Abstract—Computer vision is a complex field which can be
challenging for those outside the community to apply in the real
world. In this paper we show one method to provide access to
sophisticated computer vision methods to general developers,
hobbyists or researchers outside the field. Our contribution is
an abstraction utilising fundamental vision operations based on
a single unit, the segment, can be used to describe images, local
image conditions and between-image conditions. We illustrate
how a descriptive language model can be built on the segment
to provide an intuitive mental model of computer vision to
mainstream developers. We demonstrate how we can map a
description of the task composed of the segment-based language
into the space of algorithms, to choose an appropriate method
to solve the problem. We use the problems of segmentation,
correspondence and image registration to show how end-to-end
problems may be constructed using our novel metaphor.
Keywords-Vision abstraction; applications; software tools

I. I NTRODUCTION
Recent advances in the robustness of vision algorithms
have led to a rise in production of real-world applications,
from face detection on consumer cameras to advanced articulated modelling such as that on the Microsoft KinectTM .
Little work has been published on how to provide developers
with access to these sophisticated techniques; effective use
of these methods requires extensive knowledge of how
algorithms work and how their parameters affect the results.
We have created OpenVL (Open Vision Language) [1] to
provide an interface to access vision solutions at a higher
level than is currently available within existing frameworks.
The contribution of this paper is a step towards a general
abstraction layer over computer vision, through the introduction of a mental model based on the concept of segments tied
into a descriptive language model (OpenVL). The language
consists of operations we consider fundamental to high-level
vision problems, such as Segment and Match; this is
based on prior work in which we argued that the decomposition of vision into axioms can allow the description of
higher-level problems [2]. We subsequently demonstrated
how to define vision operations for matching, detection
and optimisation such that a developer could describe basic
vision problems [3]. We use those operations as a basis
for this work, however they have been extended so that
they all use a unified basis for description: segments. We
also add an operation for segmentation to the existing set,

providing the base from which the other operations function.
The combination of both operations and segments allows
users to characterise the contents of images and describe
how to process them, and subsequently an interpreter can
analyse the image description and automatically select an
appropriate method to provide a solution.
Developing a high-level abstraction for computer vision
is important for various reasons: 1) Mainstream developers
may focus on their application’s main task, rather than the
algorithms; 2) Advances in the state-of-the-art can be incorporated into existing systems without re-implementation;
3) Hardware acceleration of algorithms may be used transparently; 4) The limitations of a particular platform can
be taken into account automatically e.g. mobile devices
may require a set of low-power consuming algorithms; 5)
Computer vision expertise can be more readily adopted by
researchers in other disciplines and general developers. If
any abstraction is used to access vision methods, hardware
and software developers of the underlying mechanisms are
free to continually optimise and add new algorithms. This
idea has been applied successfully in many other fields,
notably OpenGL[4], but not yet in computer vision.
There has been a recent industry push to define standards for access to computer vision: Khronos have a working group developing a hardware abstraction layer called
OpenVX to accelerate vision methods1 . Khronos are proposing this act as a layer beneath libraries such as OpenCV
[5] in order to accelerate existing library calls (much like
projects such as OpenVIDIA2 ). However, the OpenCV API
presents algorithms directly to the developer, and, without
expertise in vision, developers are not able to fully take
advantage of the methods within. Our proposed abstraction
would act as an additional higher-level layer to hide the
details of algorithms and hardware acceleration from developers and allow them to focus on developing applications.
II. P REVIOUS W ORK
Many attempts have been made to develop computer
vision or image processing frameworks that support rapid
development of vision applications. Image understanding
1 http://www.khronos.org/openvx
2 http://openvidia.sourceforge.net

systems attempted to make use of developments in artificial
intelligence to automate much of the vision pipeline [6], [7],
[8]. The Image Understanding Environment project (IUE)
[9] in particular attempted to provide high-level access to
image understanding algorithms through a standard objectoriented interface in order to make them accessible and
easier to reuse. More recently the OpenTL framework [10]
has been developed to unify efforts on tracking in real-world
scenarios. All of these approaches essentially categorise
algorithms and provide access to them directly, requiring
developers to have expert knowledge of vision methods and
to deal directly with images and algorithms.
Visual programming languages that allow the creation of
vision applications by connecting components in a data flow
structure were another important attempt to simplify vision
development, including [11] and Apple’s Quartz Composer3 .
These contained components such as colour conversion,
feature extraction, spatial filtering, statistics and signal generation, among others. Declarative programming languages
have also been used to provide vision functionality in small,
usable units, e.g. ShapeLogic4 or FVision [12], although they
are limited in scope due to the difficulty of combining logic
systems with computer vision. While these methods provide
a simpler method to access and apply methods, there is
no abstraction above the algorithmic level, and so users of
these frameworks must have a sophisticated knowledge of
computer vision to apply them effectively.
There are many openly available computer vision libraries
that provide common vision functionality, such as OpenCV
[5], Mathworks Vision Toolbox5 and Gandalf6 . These libraries often provide utilities such as camera capture or
image conversion as well as suites of algorithms, which
has previously been shown to lessen the effectiveness on
application [13]. All of these software frameworks and
libraries provide vision components and algorithms without
any context of how and when they should be applied, and
so often require expert vision knowledge for effective use.
Miller and Fels [14] discuss a set of guidelines for API
designers to follow when creating a computer vision API
targeted towards mainstream developers or others without
significant expertise in vision; we follow these guidelines
for the approach presented in this work.
User-friendly and developer-friendly computer vision is
an active research topic in the Human-Computer Interaction community, mostly investigating design guidelines for
graphical user interfaces when providing access to some
subset of vision methods. For example, Fails and Olsen
[15] developed an interactive tool which incorporates a
simple painting metaphor for users to train a machine
3 https://developer.apple.com/technologies/mac/graphics-andanimation.html
4 http://www.shapelogic.org
5 http://www.mathworks.com/products/computer-vision
6 http://gandalf-library.sourceforge.net

learning system. The interface presents the image training
set, the pixel-level classification and re-classification options,
which allows a user to develop a detector for any subject,
given enough representative data.The breadth of possible
techniques is limited to classification problems, whereas we
would provide a more general purpose vision framework.
Klemmer et al. [16] introduced a toolkit targeted towards
the creation of tangible input systems, using some basic
vision methods to support the use of cameras. Objects are
defined through selection in an image and then represented
within the API, from where they can be tied to various
actions or names, essentially allowing supervised classification at the developer level. However, the developer is not
interacting with computer vision, but with the result of a
routine written by the authors, and therefore this targets a
different audience from the interfaces we are investigating.
Maynes-Aminzade et al. introduced the GUI Eyepatch
[17] with similarities to form designers in Visual Basic,
to provide users with a mechanism to tie computer vision
tasks to actions. The tasks were constrained to classification
and segmentation, using binary classifiers to produce image
regions as a result, which limits the range of application.
A development environment called Gestalt [18] supports
the application of machine learning by non-experts, on the
basis that programming with machine learning is significantly different from traditional programming. Their approach uses a pipeline model for debugging software which
utilises machine learning, with visualisations after each step.
This approach is limited as it requires knowledge of how
machine learning works and how to fix it when it fails.
In general it is difficult for developers to choose the
optimal method for their particular application. Based on informal interviews, we have found that many developers still
use trial-and-error to select an approach from a computer
vision library, and most often do not get the results they
desire. One example of this is the OpenCV face detection
implementation, which is unable to detect off-axis faces
(between front and profile) but developers often expect it
to do so. In our framework, we present developers with an
interface to describe the conditions of the problem and our
interpreter attempts to find an acceptable solution.
III. A BSTRACTION T HROUGH S EGMENTS
We have designed an interface through which a user
describes the conditions of the task and our novel method
interprets the description and provides a solution to the
problem. We have previously found that asking developers
to list the conditions of their problem was not intuitive and
led to confusion when applying the abstraction (although this
was much less confusing than asking them to use algorithms
directly). Instead, we have employed a basis for image-level
description combined with fundamental operations to guide
the developer through the description.
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Figure 1. The original images (top) with the results of segmentation (bottom). The segmentation description operates on the basis of properties such as
colour (a), intensity (b) and texture (c), while also providing constraints on size, quantity and shape regularity (d).

We introduce the segment as a metaphor to enable users
to describe their problem and access vision methods. Our
definition is simple: a segment is a distinct 2D region in
the image. We apply properties to provide control over
what makes a segment distinct. A property may be anything
measurable over a region of the image, which leads to
an extensive list of possibilities, such as colour, intensity,
texture, shape, etc. Figure 1 demonstrates example segmentations based on colour, intensity and texture properties. All
segments have a region property, which represents the area
of the image covered by the segment. The region is bounded
by a smooth, continuous contour, and is not dependent on
pixels or any other discrete representation. Segments must
have at least one other property to define their distinctiveness
and generate the region, however there is no limit on how
many may be defined. Segment properties allow developers
to conceptually decompose the image based on what they
consider to be important to their problem. These form local
image properties and provide our interpreter with a description of the variances within the image, which is important
for selection of an algorithm and tuning its parameters.
The properties form what we define as the requirements
of segmentation. The other component we need to complete
our description is constraints. Constraints introduce some
complexity to the operation, because they are capable of
overriding distinctiveness. The three central constraints we
provide are size, quantity and regularity. An example of a
size and regularity constrained segmentation is shown in
Figure 1(d). Size governs the final size of the segments
(based on some hint, such as exact or average), quantity
the number (again, using a hint-based system), and regularity
the level of variation allowed in the gradient of the segment’s
contour. Size and quantity are clearly related and must
trade off against one another; in the implementation we
have a requirement that only one may be set, although

other implementations may choose another solution to this
problem. Regularity constrains the shape of the segments:
zero regularity does not constrain the shape at all (this is
the default) and full regularity constrains the shape of every
segment to be the same (discretising the image).
Segments also provide us with a mechanism to describe
variances in the input images. After developers conceptually
create segments with a set of properties, all segments have
some measure of this property. Since these properties vary
from segment to segment (otherwise they wouldn’t be distinct) we provide an interface to describe how the segments
vary. The variances can be described within images, across
images, or both. The ability to vary properties is important
for problems such as correspondence, where the segments
may vary in some property across images e.g. intensity in a
high-dynamic range registration.
The final set of descriptions is of the image as a whole,
which can help internally with image filtering or preparation,
and also with algorithm selection. Many of the properties
may come from associated metadata (e.g. EXIF), but also
directly from the user by describing elements such as the
scene illumination, noise level or amount of detail.
For our segment-based description, we attempt to make
sure each element is orthogonal to the others, to avoid repetition in the description space and encourage completeness.
(Higher-level abstractions can be created using this base description, which contains repetition and provides developers
with multiple paths to describing the same idea.) Our goal is
to create a unified space for vision descriptions, to apply to
all problems, which can be interpreted into algorithms and
parameters to provide the user with a solution.
Segments are used for two purposes: the first as the representation if the developer requests an image segmentation
(or if the result of additional operations is directly related
to image regions); the second, and more important, is as the

unit used to facilitate description of the contents of images,
and as the basis for comparisons. Often a segmentation will
be performed even if that is not the described problem, so
that the framework can return segments as the result of
another operation, such as matching.
IV. A BSTRACTING TASKS WITH S EGMENT-BASED
O PERATIONS
We have discussed how segments may be used to describe
the contents of images and the differences between them; we
will continue by covering our approaches for solving the
problems of segmentation, correspondence searches and 2D
image registration. Our abstraction consists of two components. First, an orthogonal description of the problem allows
researchers to identify uniquely within a particular domain
the specific conditions of their problem. This orthogonal
description makes the conditions of the problem explicit,
forcing researchers to think directly about the context within
which the problem must be solved; an aspect which dramatically affects algorithm performance and parameter settings.
This leads to our second component, a mapping of how
different description parameters affect the solution. This
can be provided as an expert system which uses rules,
provided by algorithm developers or vision experts, to select
algorithms and parameters given the problem description.
The interpreted mapping could also be accomplished through
a direct evaluation of the performance of algorithms under
different conditions, or through analytic methods on the
algorithms.
A. Segmentation
Segmentation is simply performed using the operation
Segment; it is the first operation performed for all problems (since every other operation is based on segments).
Segment takes the image description as previously discussed and the interpreter uses it to select an appropriate
segmentation algorithm. This is the only time when the description provided by the developer will be directly applied
to compute the final result - although the other operations
are based on conceptual segments as input, an actual segmentation is not necessarily performed, since the segments
are used as the metaphor for developers to describe their
problem. For example, segmentation would not necessarily
help algorithmically to solve an image registration problem.
To perform the segmentation, we define the properties
used to measure distinctiveness (such as colour), the requirements (such as size) and the interpreter selects an appropriate
algorithm to segment the images. Example results are shown
in Figure 1: the algorithms applied were (a) intensity-based
seeded image-space region growing[19], (b) colour-based
feature-space clustering and labelling [20]; (c) texture-based
seeded image-space region growing [19]; and (d) colourbased SLIC super pixels [21].

The use of segments as a metaphor for the interface
leads to natural mental visualisation as well as a literal
visualisation (as shown in the examples). This may lead
to intuitive methods for debugging vision solutions which
has previously not been possible with computer vision
frameworks.
B. Correspondence
One of the fundamental vision tasks, correspondence
is provided to the developer via the operation sequence
Segment → Match. The metaphor for the developer is that
correspondence is the search for matching segments within
or across images.
A segmentation description is provided, as before, and
provided to the interpreter via the Segment operation. The
density of matches is defined by the number of segments
requested in the segmentation description: if the quantity is
high, size is small or property distinctiveness is high then
many more segments will conceptually be produced, which
internally leads to a search for more matches (by adjusting
matching algorithm parameters).
The developer provides variances to describe how much
matching segments’ position and orientation varies and if the
properties will change (such as intensity or blur). Constraints
define how strong the match should be. An example correspondence is presented in Figure 2(c), with strong matches
highlighted with colourful lines.
Importantly, if the developer only requests a correspondence then a segmentation is never performed, but the
description is used to help choose the best algorithm for
the correspondence problem. As far as the developer is
concerned, a segmentation was performed but the results
were not returned. Had the developer requested access to
the segments as well as the matches, then a segmentation
and correspondence would be performed, the results linked
together and returned to the developer.
We apply various feature matching algorithms and adjust
their parameters based on the description or eliminate features if they do not apply given the developer’s description
of the conditions. For example, one of the variances we have
for segmentation is tilt distortion: if this is specified as high,
then the interpreter will give more weight to results from
matches found by SIFT, compared to SURF. More details
on the abstraction for correspondence are covered in the next
section discussing image registration.
C. Image Registration
Image registration is the problem of finding transformations which will align multiple images together in as
seamless a manner as possible. Figure 3 introduces three
common image registration problems (stitching, focal stacks,
and high-dynamic-range stacks) and presents the solution
provided by the algorithm selected to align the images by our
interpreter. Each of these problems have different conditions
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Figure 2. The correspondence description uses segment variances to provide an initial estimate of where to look between images for correspondences.
In (c), the variances were defined as horizontal position = 0.3, vertical position = 0.1, colour = 0.1 to accommodate a horizontal shift and any
small changes in colour. The strength was set as high, which leads to many correspondences but not a match for every segment. A global transform is
computed for each image based on the correspondences, and the result in (d) is produced.

which must be expressible with our segment-based description. Since image registration relies on matching between
images, finding corresponding segments is the conceptual
issue for the description and so the segment variances are
important.
Our framework supports registration as an extension of
correspondence: the operation sequence is Segment →
Match → Solve(Image). The developer supplies segment descriptions and variances just as in the correspondence problem, and additionally provides a description of
the optimisation to perform via Solve. This includes a
description of the required result (e.g. an affine transform);
for registration, an image-level affine transform is usually
requested based on the correspondences. This will conceptually initiate an optimisation over the correspondences
between segments to find a single transform for every image.
Again, if the segments or correspondences are not requested,
these operations will not necessarily be performed since we
have an efficient image registration algorithm available to the
interpreter. This can lead to a much more highly optimised
framework than if all tasks were done literally as described.
Table I introduces our orthogonal descriptor of image
registration conditions. Using the descriptor to specify properties of the images provides clues to the type of registration
problem the user is attempting to solve; the description can
be interpreted to select an appropriate method and a solution
found. For example by specifying intensity as a variance
we can identify the input as a set of high-dynamic-range
images. Similarly by specifying the amount of overlap we
can distinguish between a typical stitching problem and a
stacking problem. Further, we can begin to express problems
which contain multiple forms of variation not seen within
the common classes of problem. The descriptor forms an Ndimensional problem space, where individual problems are
points, and problem classes are volumes. Table II presents
three problem points which are intersected with the volumes
defined by each method’s capabilities, and the appropriate

method is chosen; the method is also shown in Table II and
the result of the registration shown in the third column of
Figure 3.
The values in the tables are relative for position (in
normalised device coordinates), absolute degrees for rotation
and relative size of kernel for blur. One important concept
in registration is the amount of suspected overlap between
images. This can be represented by the variance of the
segment position: a variance of 0.5 in width means the
segment may be up to half an image width away from
its original position, therefore the overlap is up to half an
image width. Also, we express relative values of intensity
in exposure value (EV) units, a logarithmic scale where
an increase of one EV converts to double the measured
illumination. Conversion to segment-based description is
shown in Table I, and used for the problem description in
Table II. We discuss the registration methods using overlap
and exposure values to simplify the discussion.
Method selection based on this descriptor relies on knowledge of the limitations and performance of each algorithm.
Significant analysis is required in order to understand where
an algorithm will perform well, and where it will fail. It
is the expert knowledge of which algorithm to use under
different conditions which we encapsulate within our interpreter. Using current vision frameworks anyone wishing to
use image registration must perform this evaluation themselves or check the literature (which can be challenging
for developers outside of academia). This is additionally
challenging to do purely based upon the reported findings
within the literature because there has been no full evaluation
of registration methods on the same data; therefore, as a
secondary contribution, we have performed an investigation
for four algorithms which cover a range of common image
registration problems. By mapping each algorithm’s performance into our description we can provide the interpreter
with a guideline of when it is appropriate to select these
algorithms. The description of the problem can also be

Figure 3. Example image pairs aligned using our task-centred methodology. Table II presents the description parameters specified and the method
subsequently selected based on the description to perform the alignment.
Table I
PARAMETERS OF THE DESCRIPTOR FOR THE CONDITIONS OF IMAGE REGISTRATION . T HE ORTHOGONAL REPRESENTATION IS PRESENTED IN THE TOP
SECTION , WITH IMAGE AND SEGMENT PROPERTIES AND ASSOCIATED SEGMENT VARIANCES . T HE BOTTOM SECTION PRESENTS CONCEPTS OF THE
REGISTRATION PROBLEM EXPRESSED IN SEGMENT TERMS .

Type
Image
Segment
Segment Variance
Overlap
Difference in Exposure Value
Focal Overlap

Properties
Noise, Detail
Colour, Texture, Intensity, Blur
Position, Rotation, ¡all properties of Segment¿
Equivalent to segment position/rotation variance
Equivalent to segment intensity variance
Inversely proportional to segment blur variance

used to set appropriate parameters within a given algorithm
following a similar approach. These four algorithms were
specifically chosen because they should be impacted by
different descriptor parameters and have been described in
the literature as each solving a subset of problems that do
not overlap.
For our first algorithm, we examined a gradient descent
intensity-based forwards additive method developed by Lucas and Kanade [23], which minimises the square error
between aligned image intensities. This method is described

as working well for similar intensity images, and unlike
most methods should be invariant to changes in focus. It
does not perform well when there is little overlap between
images, limiting its use when overlap drops below 60%.
A direct comparison on a range of image pairs reveals
that it does not align images as accurately as the featurebased method, but that for image pairs which contain a
limited focal overlap, corresponding within our description
to an overlap of identical focus of 60% or less this is the
appropriate method. In instances where there is low focal

Table II
D ESCRIPTION OF THE CONDITIONS FOR OUR THREE EXAMPLE PROBLEMS SHOWN IN F IGURE 3; THE LAST COLUMN PRESENTS THE METHOD CHOSEN
BY OUR TO INTERPRETER TO ALIGN THE IMAGE PAIR . T HE RESULT OF THIS ALIGNMENT IS SHOWN IN THE THIRD COLUMN IN F IGURE 3. (NR = N OT
R EQUIRED .)

Task
Fig 3, Row 1
Fig 3, Row 2
Fig 3, Row 3

Image
Noise
Detail
Low
High
High
High
Medium

Low

Segment

Segment Variances

Method

Intensity, Texture
Colour, Texture

Position(0.25)
Intensity(1EV), Position(0.1),
Rotation(15◦ )
Blur(0.3), Position(0.1),
Rotation(15◦ )

[22]
[22]

Colour, Blur

overlap and also low position overlap the algorithm settings
could be modified so that a multi-scale search is performed.
The third image pair in Figure 3 was aligned using this
method.
Second, we examined a median-based method developed
by Ward et al. [24] described as suitable for intensityvarying images which uses a translation only transform to
align images. Again this algorithm is designed to work for
image stacks, limiting its use to image pairs with at least
80% overlap. It works well in instances of almost complete
overlap, where the intensity difference is limited to within
2EV. If a lower degree of overlap were encountered the
parameters could be modified to perform an affine search,
however in our experience this algorithm is outperformed
by the feature based algorithm in almost all cases.
The third algorithm is a feature-based method which
utilises Harris corner detection [25], scale invariant feature
transforms (SIFT) [26] and random sample and consensus
(RANSAC) [27] to solve for alignment. Extensive testing
of this algorithm has shown that its performance works
across the range of overlap, aligning images with as little as
5% overlap. Surprisingly it is also invariant to a significant
amount of exposure variation. For exposure increases of
±1 the algorithm’s success decreases slightly from 85%
to 80%. Variance of ±2EV measured a decline to 63%,
and drops to 25% at ±3EV. The setting of parameters
can further affect performance. If intensity differences are
present in the conditions the algorithm could be adjusted
to only select matches during the RANSAC stage which
occur in all images in the set [28]. We intend to report more
detailed findings on the evaluation of registration methods
in a future paper.
Finally, Vandewalle et al. [29] align images at the subpixel with a translation and rotation estimation in the frequency domain. For images with almost complete overlap,
and no other forms of variation this algorithm should perform quite well, providing an alignment which outperforms
our third algorithm, although this has not been verified. It is
worth noting that the volume covered by this algorithm in
the problem description space fits entirely within the volume
of the previous algorithm. This is an example of a niche

[23]

algorithm being used to solve a particular set of problem
conditions.
V. C ONCLUSION
We have presented our formulation for a computer vision
task-based abstraction using an interface metaphor utilising
fundamental vision operations centred on the segment. Our
abstraction is designed to provide non-expert users with an
interface to methods which does not expose algorithmic
detail. We have demonstrated how the abstraction may be
used to describe segmentation, correspondence and image
registration. We have outlined various methods used within
these fields and demonstrated how they map into our problem description, showing how it is possible for a sufficiently
rich description to represent them and in turn present a
useable interface to end-users.
Following the methodology in Section IV and the example
problems, it is our hope that other computer vision problems may be represented in this way. Representing vision
problems through a description, and mapping the different
problem conditions which impact algorithm performance,
provides researchers and developers who are not experts at
specific vision problems with access to sophisticated algorithms, without requiring direct knowledge of the field. We
intend to continue developing this model for new problems,
expanding the abstraction to cover new details (such as the
scene and not just images) and to provide a full proof-ofconcept framework for researchers, developers and everyone
else to try.
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