
Business Process Sketch Recognition

Bernhard Schäfer1,2

1 Intelligent Robotic Process Automation, SAP SE, Walldorf, Germany
bernhard.schaefer@sap.com

2 Data and Web Science Group, University of Mannheim, Mannheim, Germany
bernhard@informatik.uni-mannheim.de

Abstract. In early stages of a BPM project, simple process diagrams
are often sketched on paper or whiteboard. Transferring a process sketch
into existing modeling systems is a tedious manual process. Yet, there
is little existing research on how to support professionals in seamlessly
transferring their sketches into formal models. We address this gap with
a technique that automatically converts a sketched process into a struc-
tured model. To recognize the symbols and structure of handwritten
flowcharts, we have developed Arrow R-CNN. Arrow R-CNN is the first
deep learning detector for flowchart structure recognition. It outperforms
existing systems on a public flowchart dataset by a wide margin. We plan
to incorporate the missing components for end-to-end flowchart recogni-
tion and then adapt our technique to other business process notations.
We also consider integrating knowledge from a process repository to cor-
rect recognition errors. Similarly, a repository could be used to match a
sketch or fragment thereof to models in the repository.

1 Introduction

For an initial sketch of a business process, pen and paper can be a suitable ap-
proach. During process discovery workshops or other interactive modeling scenar-
ios, simple process diagrams are sketched on whiteboards and brown paper [11,
p.85]. The sketching process can be supported by haptic tools such as sticky notes
or magnetic BPMN elements. During or after the workshop, a process analyst
manually constructs a BPMN model from the sketched process model [11, p.174].
While constructing a high-quality BPMN model requires strong expertise in pro-
cess modeling, transferring a sketch into an interchangeable model format could
be partially automated. The need for such an automation tool has been ex-
pressed by customers of a leading BPM software provider [28]. Although some
prototypes have been proposed to this end, these prototypes only recognize basic
symbols, and do not consider connections, handwriting, and more complex ele-
ments such as swimlanes [20,28]. Our work addresses this gap with a technique
for end-to-end recognition of sketched business processes from photos.

The paper is organized as follows. Section 2 briefly surveys related work in
business process diagram recognition. Section 3 describes our developed hand-
written flowchart recognition system. Section 4 outlines our planned extensions
towards business process sketch recognition and matching, including identified
problems that threaten those ambitions.
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2 Related Work

There are numerous works on gesture-based diagram editors that operate on
touch-input devices such as interactive whiteboards [6, 7, 10, 14, 17, 19, 21, 24].
Recognition of sticky notes, handwritten on a tablet or smartphone, has been
addressed within the remote collaboration tool Tele-Board [12, 13]. On these
touch-enabled devices, the gestures and handwriting are recorded as a temporal
sequence of strokes. The recognition based on strokes is commonly referred to as
online recognition. In contrast, our work focuses on offline recognition, where the
input is a raster image and thus less structured. Offline recognition is considered
more challenging than its online counterpart [3]. To our knowledge, there is little
work on offline business process diagram recognition. Zapp et al. [28] present a
prototype to recognize EPC diagrams from images. To validate their recognizer,
the authors collect 108 private images of sketched EPCs. These sketches do not
contain handwritten text, and their system does not recognize arrow connections.
Due to their varying form and shape, text phrases and arrows are considered the
greatest challenge in flowchart recognition [4]. In the context of Tangible BPM,
Lübbe et al. developed a prototype that recognizes basic BPMN symbols from
a sketch photo [20]. In a second step, the user manually annotates connections,
handwriting, and more complex elements such as swimlanes.

Fig. 1. Awal et al. [1] flowchart
sample: neural network training
procedure algorithm

In the area of handwritten flowchart recog-
nition, a lot of research took place after the
publication of an online dataset in 2011 [1].
The 419 flowcharts in the dataset describe al-
gorithms, such as the neural network training
procedure shown in Fig. 1. Even though algo-
rithms conceptually differ from business pro-
cesses, there are similarities from a recognition
standpoint. Following the dataset release, var-
ious systems for online recognition were pro-
posed [2, 4, 5, 18, 25, 26]. More recently, the
flowchart dataset has also been used for offline
recognition by plotting the smoothed strokes
onto a white image. Similar to [28], Bresler et
al. [3] use a stroke reconstruction preprocess-
ing step and then continue with their online
recognizer proposed in [4]. Julca-Aguilar [15]
trains an object detector for flowchart symbol
recognition. While achieving promising results
for symbol recognition, their system is not ca-
pable to recognize the structure of a flowchart.

3 State of the Project

As discussed in Section 2, there are no public business process sketch datasets.
The closest to our knowledge is the public flowchart dataset by Awal et al. [1].
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Fig. 2. Business process sketch recognition pipeline

While the flowcharts in this dataset describe algorithms instead of business pro-
cesses, they are related from a recognition perspective. Thus, we have placed our
initial efforts into developing an accurate recognizer for this type of flowcharts.
We have proposed Arrow R-CNN 3, an offline handwritten flowchart recognizer
that achieves state in the art on mentioned dataset. Arrow R-CNN extends the
Faster R-CNN object detection system by Ren et al. [23], which uses a convo-
lutional neural network (CNN) for detecting objects in an image. Our system
recognizes flowchart elements, their arrow interconnections and performs text
detection. As an example, our system is able to recognize the symbols and struc-
ture of the flowchart in Fig. 1 without a single error. Arrow R-CNN outperforms
existing offline systems by a wide margin (97.9% vs. 84.2% symbol recognition
rate). It also achieves state of the art in online recognition, without having
knowledge of the temporal order of strokes or other explicit stroke information.

4 Planned

Our process sketch recognition system is composed of the stages shown in Fig. 2:

1. Symbol Detection: recognize visual elements (e.g. nodes, arrows, text phrases)
2. Handwriting Recognition: identify the written text of each detected phrase
3. Structure Recognition: detect relationships and form business process graph
4. Process Matching : optionally match graph against processes in repository

The remainder of the section discusses the open points regarding those steps and
our intended work to go from flowchart to business process recognition.

4.1 Handwriting Recognition

For end-to-end flowchart recognition, two components are still missing: hand-
writing recognition and text to symbol mapping. We do not consider handwritten
text recognition a focus topic of this dissertation and plan to use an off-the-
shelf recognizer if possible. Regarding text to symbol mapping, in the flowchart
dataset text phrases are commonly located within a node or close to an arrow.
We plan to exploit this observation with a rule-based assignment strategy. If this
approach is insufficient for other notations, we would try to learn this assignment
with a neural relationship proposal network inspired by [27].
3 Submitted to the International Workshop on Graphics Recognition (GREC 2019)
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4.2 Natural Image Recognition

The flowcharts in [1] have a white background and do not contain image noise.
Our system is based on Faster R-CNN, an object detector which can recognize
objects in all sorts of image backgrounds. We believe that our system can be
trained to recognize process diagrams from a wide span of images, such as the
one in Fig. 2. We plan to verify this hypothesis by collecting our own dataset. To
this end, we want to photograph handwritten process sketches on whiteboards or
paper from different angles and distances. To simulate process discovery work-
shops, we might also use sticky notes for representing activity and control nodes.

We consider the size of this dataset the key challenge threating this ambition.
In general, training deep learning models requires a lot of data. While the re-
quired volume can be reduced through data augmentation and transfer learning,
it is difficult to estimate the magnitude of required images upfront.

4.3 BPMN Recognition

Since BPMN is a widely-used standard for process modeling, it is a natural
choice for our work besides less formal notations such as flowcharts or simple
linear sequences. From a recognition perspective, BPMN is far more complex
than flowcharts due to the larger number of elements and the hierarchical struc-
ture. A first step towards BPMN sketch recognition could be the recognition of
computer-generated BPMN diagrams. To that end, we would curate a dataset of
BPMN models and for each create diagrams using different layouts and model-
ing software. This diagram recognizer could be used to generate a BPMN XML
format from a BPMN diagram embedded in an image or document.

Overall, the goal is to maximize the flexibility of users w.r.t the process no-
tation and the sketching surface and tools they can use. To handle multiple
notations, a notation image classifier could be used, which predicts the pre-
dominant notation in an image. Recognition would then be handled by a set
of notation-specific models. Alternatively, an inherent multi-notation recognizer
could generate a notation-independent business process graph [9]. A second step
would convert this graph into the desired notation.

4.4 Process Sketch to Repository Matching

Given a process model or fragment thereof, the problem of retrieving similar
models from a process repository has been studied extensively [8, 9, 16, 22]. Re-
garding process sketches, a process matcher could identify fragments of the sketch
that correspond to a process from a repository. During whiteboard modeling, this
could be used to notify professionals when a similar model already exists. Lever-
aging the process repository can also improve the overall recognition accuracy.
For example, handwriting recognition errors could be alleviated by comparing
recognized texts with commonly used activity labels. Similarly, activity label
and type co-occurrence statistics could resolve cases when the neural flowchart
recognizer is uncertain about the symbol type. Albeit interesting, we are not sure
yet to what extent this matching problem fits into the scope of this dissertation.
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