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Figure 1: Offline (left) and online (right) processing of a hand-sketched graphical user interface: a practitioner draws a user

interface wireframe on a piece of paper ➊, takes a picture of it with a smartphone ➋, and transfers ➌ the picture file to

VisionAPI to automatically segment it and identify its elements ➍; a practitioner sketches a user interface with a marker on a

whiteboard ➎, which is filmed and transferred in real-time to VisionAPI for immediate segmentation and identification.

ABSTRACT

Segmentation and identification of a graphical user interface consist
of detecting the location, dimensions, and arrangement of elements
of the user interface, such as controls, labels, images, and icons,
and recognizing them, respectively. While these problems have
been already addressed for a graphical user interface stored in a
file and processed offline, it has received less attention for online
processing when the interface evolves and is expressed in differ-
ent formats, such as a whiteboard drawing or a paper sketch. To
overcome these limitations, we present VisionAPI, an application
programming interface trained for segmenting and identifying el-
ements of a hand-sketched graphical user interface both offline
and online using computer vision. For this purpose, we rely on a
software architecture based on Resnet101 to extract features and
Faster R-CNN to build boundary boxes to obtain an 85% recognition
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rate for 21 classes of elements found in graphical user interfaces:
paragraph, dropdown list, checkbox, radio button, rating, toggle
button, text area, date picker, stepper input, slider, video, label, table,
list, header, button, image, linebreak, container, link, and text input.
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1 INTRODUCTION

Segmentation is understood in general as the process of dividing
a Graphical User Interface (GUI) into distinct segments based on
common properties, such as by task, domain, or user group [3].
More specifically in the context of engineering user interfaces, GUI
segmentation [6] is hereby referred to as the process of receiving as
input a GUI image in a certain format and producing as an output a
structure of its GUI segments or regions in common terms of posi-
tion (e.g., 𝑥 and 𝑦 coordinates), dimensions (e.g., length and height
in pixels), and arrangement (e.g., layout composition and depth
level of elements in the layout hierarchy, such as components in a
group box included in a dialog box). Furthermore, the segmentation
is intrinsically associated with the complementary identification,
which is hereby referred to as the process of recognizing each GUI
element (e.g., a push button) of the submitted GUI along with any
property relevant for further analysis and reasoning about elements
(e.g., background and foreground colors, label, icon, activation).

GUI segmentation is typically used for layout testing and analy-
sis [30], computing aesthetic metrics [23, 47], usability metrics [8,
35], adaptivity metrics [13, 16], or evaluation metrics [10, 29, 32],
such as complexity [36, 43]. As the formula of these metrics is
based on the position, dimensions, and arrangement of GUI ele-
ments, their reliable and consistent definition is crucial. For exam-
ple, Balores [23] estimates the GUI balance based on Ngo’s for-
mula [28] by computing the difference between the total weights of
the various GUI elements of each part of the vertical and horizon-
tal axes, each element represented by its surface calculated from
its dimensions. Since the correctness of the formula depends on
the segmented GUI elements, relying on a consistent segmenta-
tion method is essential. Bourguet [6] reported that automatic and
manual segmentations yield different segmentation results, which
produce varying, thus inconsistent, metric measures for the same
GUI. Even when participants are instructed to manually segment
a GUI according to precise guidelines (e.g., delineate a segment
around each push button, but not on its label), the segmented el-
ements may be different with a precision that depends on how
the method is supported. To automatically support this process, a
dilation Canny edge detector is combined with a special bounding
box tool to rearrange areas in a hierarchy [6].

Manually measuring segments in a screenshot with a rule is error
prone [42].Questihm [47] enables participants to draw a rectangle
by direct manipulation over a GUI layout to automatically deduce
its position, dimensions, and arrangement, but this mixed-initiative
process still relies on the seriousness with which the participant
applies segmentation guidelines. Automatic segmentation, such as
in [45, 49], usually assumes that the GUI of interest is captured
in a file in a certain format (e.g., a PNG file, a MPEG-7 file is only
accepted in [44]) and submitted at design time to the software to
operate the algorithm, thus making it tedious, if not irrelevant, to
apply it at run time, when the GUI changes dynamically and where
the capability to store an ongoing GUI in a file does not necessarily
exist. In addition to GUI segmentation, GUI identification is a key
part of more sophisticated processes, such as widget recognition in
sketch-based design [15, 38, 39], GUI accessibility (e.g., to recognize
GUI elements so that assistive technologies for people with disabil-
ities can access these elements [12, 48]), GUI reverse engineering

[5], and GUI modernization [31]. GUI identification heavily relies
on the underlying GUI representation for which the algorithm is
often specifically tailored. These representations range from low
fidelity (e.g., hand sketched widgets [39]) to high fidelity[38], or
continuously between [15].

To overcome these limitations, we present VisionAPI, an Ap-
plication Programming Interface (API) trained for automatically
segmenting and identifying GUI elements at run-time indepen-
dently of any input format. Section 2 briefly reviews recent efforts
achieved in this area and shows that several APIs have been devel-
oped to assist designers and developers in the design of GUIs of
interactive systems. Section 3 then presents an API for automatic
segmentation and identification of hand-sketched graphical user
interfaces based on computer vision. Section 4 concludes the paper
and presents some future avenues for this work.

2 RELATEDWORK

2.1 GUI Segmentation and Identification

In the past, GUI segmentation [3] has used a number of classical
methods, often borrowed from the field of pattern matching, such
as edge detection, and pattern matching. Originally developed for
document segmentation, Vision-based page segmentation (VIPs) [9]
is a pioneering algorithm that uses adaptive clustering to detect and
segment text, images, and graphics from a scanned document image.
Successfully applied to GUIs, it first detects the layout and then
clusters pixels with similar characteristics to identify each region.
Since VIPs has been shown to perform well on a variety of GUI
images, it rapidly became a popular choice for GUI segmentation
[31] and has known several improvements, such ExtendedVIPs [4]
and V-LBE (VIPs based Layout Block Extraction) [45], which se-
lects all the layout segment candidates whose sizes are above a
threshold and then deletes or inserts segments to construct a set of
un-overlapped large blocks which cover the whole layout.

Later on, with the advent of artificial intelligence applied to
image processing, rich feature hierarchies [19] has become a key
component of many state-of-the-art computer vision models for
various tasks such as object detection and semantic segmentation.
These models use deep neural networks to extract features from
images at multiple levels of abstraction, allowing them to capture
both low-level details (e.g., position and dimensions) and high-level
semantic concepts (e.g., arrangement and element types in their
context) to make accurate predictions [11]. By creating a feature
hierarchy, these models efficiently process GUI images at different
resolutions and scales, allowing them to segment the entire layout
with various sizes and shapes with accuracy [49]. Segmentation
can be operated manually [42], in a mixed-initiative fashion [15],
or completely automatically [45, 49].

By comparing a manual vs. automatic segmentation of 10 web
pages, [6] concluded that four Ngometrics [28] and one color metric
yield different values, sometimes without any correlation between
them. In addition, some metrics, such as balance, symmetry, and
proportion, have been demonstrated to be significantly different
when segmentation was automatic over manual, although they
were based on the same definition. GUI identification is the process
of identifying and categorizing different GUI elements or widgets
such as buttons, menus, text boxes, and icons that are displayed.
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Figure 2: Representation of GUI elements: (a) initial version; (b) final version with admissible vs. rejected representations; (c)

input example; (d) output example.

This process is essential in UI automation and accessibility test-
ing [11] as it allows the software to simulate and test user behavior
or to ensure that they are accessible to people with disabilities. Vari-
ous widget identification tools and libraries are available for the user
interface that use methods such as Optical Character Recognition
(OCR), Document Object Model (DOM) parsing for a web page [5],
and pattern recognition [15]. For example, UISeg [12] is a unified
vision-based algorithm that uses GUI screenshots to estimate the
structure using edge detection and widget detection heuristics with
a pairwise distance function and a threshold selection algorithm
to cluster segmented regions in a hierarchy. IconIntent [46] is an
application analysis framework that combines static code program
analysis and vision-based icon classification to identify sensitive
GUI widgets in Android mobile user interfaces.

2.2 Application Programming Interfaces

The aforementioned algorithms are typically delivered as separate
tools and libraries that are sometimes difficult to reuse and inte-
grate into larger processes. We believe that an API, which is a set
of defined rules that enable different applications to communicate
with each other, could deliver a better and easier service for GUI
segmentation and identification. It acts as an intermediary layer
that processes the transfer between the GUI source and its resulting
segmentation and identification, thus letting designers and devel-
opers become eager to reuse it in their GUI development life cycle.
Indeed, several APIs have been developed to facilitate the work of
designers and developers while addressing usability [26], such as
for creating cross-device GUI notifications by scripting [14], for han-
dling full-body gesture interaction [27], for model discovery [18],
and for using phones as gateways to prototype GUIs using web
scripting [24]. Apigee, Google Cloud’s native API management tool,
reported that 77% of companies rate APIs “important” to making
their systems and data available

3 VISIONAPI, AN API FOR GUI

SEGMENTATION AND IDENTIFICATION

VisionAPI consists of a computer vision API specifically trained to
segment a GUI captured as a picture or video in real-time and to
identify its elements with relevant properties such as colors, fonts,
images, and styles. This API can be integrated with any front-end
development tool and enables web designers and developers to
quickly prototype, design, and build high-fidelity GUIs. Based on a
common representation of GUI elements, it uses a software architec-
ture based on Resnet101 for extracting features and Faster R-CNN
for bounding-box proposals, and TensorFlow to create and train
the machine learning model based on the common representation.

3.1 Towards a Common Element

Representation

Since stakeholders involved in the GUI development life cycle have
different backgrounds, they invent and manipulate different rep-
resentations of the same GUI elements, which inevitably poses
the problem of coming up with a common element representation.
Coyette et al. [15] applied the de Borda count method to collect
and classify the most preferred representations in SketchiXML
to properly recognize them with a recognition rate of around 90%.
Some elements are supported only by one sketch representation
while others accommodate up to three different representations.
The system enables the end user to customize the representation
of any element by drawing 3-5 new templates to train the model.
Kieffer et al. [21] show that the level of fidelity of the representation
of a GUI element, the number of constraints imposed on the rep-
resentation, and the visual difference between the representations
influence the sketching activity and the recognition rate. This is
why Uiskei [40] compared different representations to find the best
stroke recognizers to optimize their recognition while sketching.
SketchiXML used grammar to associate the visual representation
of any GUI element to its internal description in UsiXML.

https://cloud.google.com/apigee
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Figure 3: Example of a sketch from its initial GUI.

In the case of VisionAPI, we are faced with the same problem of
a common representation of GUI elements. To address this problem,
we devised an initial representation of 18 frequent elements (Fig. 2-
a): paragraph, label, header, push button, check box, radio button,
rating scale, toggle button, dropdown list, list box, text area, text
input, date picker, stepper input, slider, progress bar, image, and
video. We then asked a small set of practitioners to sketch GUIs of
their choice according to this version and annotate the elements.
To balance the bias and variance of the training dataset, common
representations help in narrowing in on something manageable
for the model to learn (thus reducing the annotation bias) while
preserving a variety of GUIs drawn by different people, in different
colors (thus enhancing the variety). Based on this experience, we
decided on a final version (Fig. 2-b) confronting correct, therefore
recognizable, representations to incorrect, therefore, not recogniz-
able, representations. We then asked members of a large software
development company (>300 employees) to draw and collect 5-10
GUIs found in repositories or of their choice according to this fi-
nal version. For example, The Webzeitgeist repository [22] was
obtained by a crawling seeded with 20 URLs, including the Alexa
Top 500 US sites, the Webby Awards gallery, and popular design
blogs. To build a diverse dataset, participants were designers, de-
velopers, project managers, and graphic artists. We then tested the
recognizability of the sketches (Fig. 2-c and -d). Fig. 3 shows an
example of a real-world GUI transformed into a sketch that was
annotated in the dataset.

3.2 Implementation of VisionAPI

First, we used Faster R-CNN [34] for segmenting each GUI sketch
of the dataset into regions. This neural network introduced a Region
Proposal Network (RPN), one of the best existing region detection
networks that share full-image convolutional features with the
detection network, which significantly reduces the segmentation
time and complexity. An RPN is a fully convolutional network that
simultaneously predicts GUI element edges and objectness scores
at each location. The RPN is trained for segmentation, which is
then used by Faster R-CNN for real-time detection [34]

Second, we used ResNet-101 [20] to extract features from each
segmented element in the GUI. ResNet-101 was considered appro-
priate for this task because this convolutional neural network is 101
layers deep [20] and produces a version pre-trained on more than
a million images from the ImageNet database, thus resulting in a
classification of 1000 object categories, such as keyboard, mouse,
pencil, and many animals. Since this network benefits from a rich
feature representation for a wide range of images that could be
of large size, up to 224 × 224–, it enables classifying new types of
images using the ResNet-101 model according to the GoogLeNet
procedure [41]. An important consideration in training our ma-
chine learning model is the validity of the dataset in terms of width
(all GUI elements should be represented) and depth (each class
of GUI elements should be evenly represented). In studying the
annotations in our dataset, we found that some classes were under-
represented while others were overrepresented depending on the
usual frequency of GUI elements found in layouts, which render
some elements more challenging to detect, such as table, rating,
list, text area, and stepper. In fact, Sahami Shirazi et al. [37] showed
that the most common combination of GUI elements in a mobile
layout consists of three nested elements for 5% of all GUI elements,
which is more frequent than progress bars and checkboxes, and
that the ten most frequent patterns cover 21% of all GUI elements
and are more frequent than common widgets such as radio buttons
and spinners. When performing the analysis, we also examined
the size distribution for each element, a crucial characteristic in
object detection datasets. Some elements are smaller, like links and
radio buttons, and naturally, these are harder to detect, while larger
elements, such as a container or an image, are easier to detect (see
Fig. 4 for the distribution of >7k samples in our dataset).

Third and finally, we used TensorFlow [1, 2] to create and train
the final machine learning, since TensorFlow is an open source
software platform for developing and training machine learning
models developed by Google Brain Team for a variety of tasks,
including recognition of images and speech, natural language pro-
cessing, and data analysis. It was therefore considered particularly
appropriate for our purpose.

https://gist.github.com/elimisteve/69077a93d21b8bf8a02a362c830fbcb1
https://gist.github.com/elimisteve/69077a93d21b8bf8a02a362c830fbcb1
https://winners.webbyawards.com/winners
https://github.com/rbgirshick/py-faster-rcnn
https://www.mathworks.com/help/deeplearning/ref/resnet101.html
http://www.image-net.or
https://paperswithcode.com/method/googlene
http://www.tensorflow.org
https://research.google/teams/brain/
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Figure 4: Size distribution of GUI elements in the training set: red and blue lines represent the 1% and 10% thresholds, resp.

3.3 Results and Limitations

To evaluate our model, we used the Mean Average Precision at
Intersection over Union of 50%, or for short mAP@IOU 0.5. This
is a performance metric typically used in object detection tasks to
measure the accuracy of a model’s predictions [17]. This metric cal-
culates the precision of the model’s predictions at a threshold of 0.5
Intersection over Union (IOU) against the ground truth annotations.
IOU measures the overlap between the predicted bounding box and
the ground truth bounding box. So, a model with a high mAP@IOU
0.5 score indicates that it can accurately identify and localize ob-
jects in an image with good precision, with at least 50% overlap
between the predicted and ground-truth bounding boxes. Using this
metric, the performance obtained with the last version is 85% on
the test set. IOU values are typically located in the range of 0.5 and
0.7, which is considered acceptable, for example, for images where
large relative areas are covered by foreground objects [17]. Beyond
this encouraging result, we observed the following limitations.

• The model has difficulty segmenting GUIs decomposed into
frames that contain many individual elements or repeated
GUI elements, particularly when they are close to each other.
This is caused not only by the proximity of existing GUI ele-
ments but also by the angle with which the GUI is captured.

Figure 5: Prediction comparison between the previous (left)

and the current version (right).

For example, Fig. 5 compares a previous version of Vision-
API with its current version regarding the segmentation of a
GUI consisting of several frames, some of them repeating the
same structure. Fig. 6 shows another challenging example
containing my repeated sequences of the same elements,

https://learnopencv.com/intersection-over-union-iou-in-object-detection-and-segmentation/
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Figure 6: Example of a challenging GUI to segment due to its

repeated structure.

where each individual element was correctly segmented but
not grouped.

• The uneven dataset poses additional complexity when un-
common classes are used, such as sliders and ratings. For
example, a rating bar typically consists of several smaller
pieces that are aligned in a row, but hard to estimate as
grouped. Rather, individual elements are segmented as sepa-
rate, unrelated elements. The slider also consists of several
elements with different boundary boxes, which makes it
difficult to detect.

• The enforcement of using the trained representations is
key. Despite the common representation explicitly defined
and communicated, deviations from these representations
occur rapidly, thus lowering the segmentation prediction.
Of course, other representations could be included as in
SketchiXML[15] which enables the end user to introduce
personalized representations in the recognition process, but
at the price of some confusion for those who will use them.
Any personalized representation may not work for other end
users who are not aware of these new representations.

• Customwidgets or infrequentwidgets are not covered.When
a GUI includes a custom widget, which is usually program-
matically defined on demand and requires additional ef-
forts [33], or infrequent widgets (e.g., a carousel), there is
currently no support for recognizing these elements.

4 CONCLUSION

In this paper, we present VisionAPI, an application programming in-
terface trained for segmenting and identifying elements of a graph-
ical user interface at run-time using computer vision by relying on
Faster R-CNN for segmenting the layout into elements, Resnet101
for extracting features of each segmented element, and TensorFlow
for creating and training the model, of which a prediction rate of
85% has been obtained. This encouraging result, together with other
positive results obtained in image segmentation in general, rein-
forces the impression that the classical segmentation algorithms
used so far are being superseded by machine learning algorithms

as long as the prediction model is sufficiently well trained. This
is largely dependent on the balance between the diversity of the
elements subject to training and the representation used. The more
different representations there are for the same element, the more
possibilities there are to recognize an element accurately or not,
but the more confusion there is induced in the end user.

OPEN SCIENCE

The GitHub repository containing related material is publicly acces-
sible at https://github.com/teleporthq/teleport-vision-api. A video
demonstrating the online processing of a hand-sketched graphical
user interface is accessible at https://www.youtube.com/watch?v=
_oet4GOzcRQ. The VisionAPI is also used in teleportHQ, a low-
code platform that automatically generates code, in particular for
the user interface based on OpenUIDL [25] and in GPT-UI [7].
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A HOW TO SEND A REQUEST TO VISIONAPI

To use the API, any request should be sent to the API endpoint at
https://api.vision.teleporthq.io/v2/detection For this purpose, the
request header should be formatted as follows: a Content-Type
key should be added with the value application/json and a Apias-
Token key with the provided key. The body of the request is a JSON
with two keys: image is a required string parameter that denotes
the direct URL to a publicly available JPG, PNG image, or video;
threshold is an optional parameter that specifies the confidence
threshold below which VisionAPI will not consider and include
segmented results in the output, ranging from 0 to 1 with a default
value of 0.1. For example, the GUI in Fig. 2-c can be sent as follows:

{
"image": "https://i.imgur.com/HzTWzLS.jpg",
"threshold": 0.5

}

Another request example using Curl is

curl
-X -X POST https://api.vision.teleporthq.io/v2/detection \
-H ’Content-Type: application/json’ \
-H ’Apias-Token: your_token’ \
-d ’{

"image": "https://i.imgur.com/HzTWzLS.jpg",
"threshold": 0.5

}’

If the request is valid, VisionAPI outputs a JSON file as follows:

[ {
"box": [ y, x, height, width] ,
"detectionClass": numeric_label,
"detectionString": string_label,
"score": confidence_rating

},... ]

The JSON file contains a list of objects, each corresponding to
a detected UI element in the image sent in the request. All keys
appear in all elements of the response array as follows:

• box contains the coordinates of the bounding box surround-
ing the segmented element

• x and y are the coordinates of the top left corner of the
box and width and height. All coordinates are normalized
between [0, 1] where (0,0) is the top left corner of the element
and (1, 1) is the bottom right corner. If one wants the pixel
coordinates we have to multiply x and width with the image
width and y with the image height.

• detectionClass is the numeric class of the detection.
• detectionString is the human-readable label of the detection.
• score represents how confident the algorithm is that the
predicted object is the correct one. It takes values between
[0, 1], where 1 represents 100% confidence in its detection.

VisionAPI then creates an output that represents the response to
the request as follows:

[ {
"box": [

0.066403992474079,
0.185734212398529,
0.06268358975648,
0.437795639038085

],
"detectionClass": 15,
"detectionString": "header",
"score": 0.9958260059356

},
{

"box": [
0.168106362223625,
0.185209602117538,
0.047976151108741,
0.175636291503906

],
"detectionClass": 16,
"detectionString": "button",
"score": 0.99246710538864

},... ]

The detectionClass to detectionString mapping is done accord-
ing to this dictionary:

{
1: ’paragraph’,
2: ’dropdown’,
3: ’checkbox’,
4: ’radiobutton’,
5: ’rating’,
6: ’toggle’,
7: ’textarea’,
8: ’datepicker’,
9: ’stepperinput’,
10: ’slider’,
11: ’video’,
12: ’label’,
13: ’table’,
14: ’list’,
15: ’header’,
16: ’button’,
17: ’image’,
18: ’linebreak’,
19: ’container’,
20: ’link’,
21: ’textinput’

}
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