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Abstract. This paper presents the most recent additions to the vitrivr
retrieval stack, which will be put to the test in the context of the 2019
Video Browser Showdown (VBS). The vitrivr stack has been extended by
approaches for detecting, localizing, or describing concepts and actions
in video scenes using various convolutional neural networks. Leveraging
those additions, we have added support for searching the video collection based on semantic sketches. Furthermore, vitrivr offers new types
of labels for text-based retrieval. In the same vein, we have also improved upon vitrivr ’s pre-existing capabilities for extracting text from
video through scene text recognition. Moreover, the user interface has
received a major overhaul so as to make it more accessible to novice
users, especially for query formulation and result exploration.
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Introduction

In this paper, we present the latest iteration of the open source, content-based
multimedia retrieval stack vitrivr [17]. The presented system is a continuation
of previous versions, which have been participating in the Video Browser Showdown [3] for several years now, first under the name IMOTION [14, 16, 18], and
since 2018 under its current name – vitrivr [13]. In the vein of the mainstreamification of Deep Learning and convolutional neural networks (CNNs), the focus
of this year’s iteration of the vitrivr system lies on augmenting the existing
sketch-based retrieval capabilities with semantic concept detection, description,
localization, and scene text detection, by making use of various available off-theshelf tools, pre-trained models, and existing as well as custom training datasets.
Moreover, we have made numerous changes to the user interface to improve
the user experience particularly for novice users for both query formulation and
result exploration.
The remainder of this paper is structured as follows: Section 2 provides a
brief overview of the overall architecture of the vitrivr system stack and its preexisting capabilities. Section 3 introduces the new functionality which has been
added to vitrivr for this iteration of the competition. Section 4 concludes.
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System Overview and Existing Capabilities

vitrivr is a content-based multimedia retrieval stack capable of retrieving from
mixed media collections containing images, audio, video, and 3D data. In the
context of the VBS competition, only the video retrieval capabilities are relevant. The vitrivr stack is comprised of three components: the database system
ADAMpro [7], the retrieval engine Cineast [15], and the user interface vitrivr-ng.
The user interface is browser-based and can be served either directly by Cineast
or via an external web server. More details with respect to the architecture of
the entire system can be found in [17].
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New Functionality

In this section, we highlight the additions made to the vitrivr stack. They are primarily based on functionality provided by various neural network architectures.
The first group of these additions generates various forms of textual output from
a given video scene. These methods include scene text detection and extraction
as well as scene labeling and captioning. The second group operates based on concept detection and localization, which is queried via a sketched input. Figure 1
depicts an overview of the different types of features, both new and pre-existing.
In addition, the user interface was improved to increase the efficiency in query
expression and result browsing in a competitive setting.
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Fig. 1. Overview of the different types of features employed by the vitrivr system.

3.1

Scene Text Detection and Recognition

A straightforward way of searching for a particular scene is to use any visible
text within that scene as a means for querying. Scene text detection and recognition involves the localization and transcription of textual objects in images.
We perform the detection and recognition by leveraging and combining several
different neural network-based concept detectors. The new end-to-end scene text
detection and recognition module in Cineast is based on a combination of the
work presented in [19] and [23] and implemented using the TensorFlow [1] Java
API. The module is used during the off-line extraction phase to generate text
labels for each keyframe extracted from a video. These labels can then be used
on-line, i.e., at retrieval time, during the competition.
The first step during the extraction involves identifying potential text objects
in a scene using EAST [23]. EAST leverages a fully connected CNN to generate
bounding boxes for areas that contain text. In a second step, we extract the
sub-images delimited by those bounding boxes and use a convolutional recurrent neural network (CRNN) – a combination of a CNN and a recurrent neural
network, as proposed by [19] – to infer the text in the respective sub-image.
We trained the CRNN network using the full MJSynth dataset [8], whereas the
pre-trained model provided by the authors was used for EAST.
3.2

Captioning and Labeling

The ex post analysis of the approaches used most at the last iteration of VBS
showed that –in particular with increasing collection sizes– concept-based searching is the preferred way of searching. Concept-based searching allows to search
for semantic information included in a particular scene. We would like to use
that information –that is, the produced labels and captions– to be able to perform a textual lookup during retrieval phase. With the VBS tasks, especially the
KIS Textual task in mind, we have identified two objectives:
One objective is for vitrivr to be able to perform scene-based action recognition and to label the scenes accordingly. Examples of such action labels involve
terms like “horse riding” or “rock climbing” if the scene depicts a person carrying out the respective action. In our implementation, labeling is mainly based on
spatio-temporal information extracted from subsequent frames by a 3DCNN [9,
20]. More precisely, we employ spatio-temporal feature extraction by 3DConvNets proposed in [20]. This architecture3 takes multiple consecutive frames as
input and, in addition to spatial features, extracts motion features which together enable the recognition and classification of the action taking place in the
current shot.
The second objective involves key frame-based captioning of a scene to describe it semantically, that is, describing on a high level what that scene depicts.
An example could be a sentence such as “a white cow grazing on a meadow”.
We use CNN and LSTM networks to achieve this, as proposed by [21]. We apply
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the proposed methods to the representative frame of every shot. The network
producing the captions has been trained on [10]. Since this method generates
multiple candidate captions, which might describe different aspects of the input
image, we store the three most likely captions per segment.

3.3

Semantic Sketches

Inspired by the work presented in [6], we added a new type of sketch-based
querying, which uses common semantic concepts rather than colors. We hope
that this allows for a more intuitive search, in particular for novice users of the
vitrivr system. The maps describing the localization of the concepts have been
obtained using a DeepLab network [2] trained on three image datasets containing
concept-instances from different contexts [4, 5, 22].
The obtained object maps are quantized into an n × n grid where the most
extensive concept is used as a label for every cell. For every concept, a twodimensional coordinate point has been pre-computed based on a 2D-embedding [11] of semantic distances [12] between the concepts. To generate a vector
from the previously obtained grid, the 2D-coordinates per concept are simply
concatenated for every cell in a pre-determined order, resulting in a vector of
length 2n2 . This leads to a compact representation, which still retains some
notion of similarity between the different concepts as well as their spatial relation
within the scene.

3.4

User Interface Improvements

The extensions of the user interface implemented for the VBS 2019 version of
vitrivr primarily address the efficiency and speed of both query formulation and
results exploration. In particular, the user interface has been improved with
novice users in mind to ensure that they are able to use vitrivr right away and
that the key functionality is accessible in a more intuitive fashion.
While the previous version of the user interface was merely an adaption of a
general purpose UI aimed at content-based multimedia retrieval, the UI used in
this iteration of the competition is geared more towards the competitive nature
of the VBS setting. This is achieved by restructuring several workflows so as to
reduce the number of clicks necessary to access the functionality relevant to the
competition.
Moreover, we have substantially increased the number of results that are
displayed in the interface in order to provide better browsing capabilities. To
increase the browsing efficiency, the user interface has been extended by filters
for certain visual characteristics (e.g., filter for colored shots or filter for black
and white shots) or for excluding previously seen results from a previous query.
Especially for the latter, such filter information can also be transmitted to other
team members using their own instance of the interface, which enables a high
degree of collaboration.
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Conclusions

In this paper, we have presented recent additions to the vitrivr system in order
to improve its video retrieval capabilities, especially in a competitive setting.
The presented additions have focused on the use of Deep Learning techniques
and the improvement of the user interface, in particular towards novice users.
The vitrivr stack is released as open source software4 under the MIT license.
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