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ABSTRACT
e IMOTION system is a multimodal content-based video search
and browsing application oering a rich set of query modes on the
basis of a broad range of dierent features. It is able to scale with
the size of the collection due to its underlying exible polystore
called ADAM𝑝𝑟𝑜 and its very eective retrieval engine Cineast,
optimized for multi-feature fusion. IMOTION is simultaneously
geared towards precision-focused searches, i.e., known-item search
with image or text queries, and recall-focused, exploratory searches.
In this demo, we will present the 2017 IMOTION system deployed
on the IACC.3 collection consisting of 600 hours of Internet Archive
video, which was also used in the TRECVID 2016 Ad-Hoc Video
Search and in the 2017 Video Browser Showdown (VBS) challenge
in which IMOTION ranked rst. Conference aendees will have
the chance to interact with the 2017 IMOTION system and quickly
solve various retrieval tasks.
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1 INTRODUCTION
Information retrieval technologies are key enablers of a range of
applications in an environment where nding the right information
and data becomes critical in many sectors, for ecient decision-
making, research, or creative thinking. Multimedia content de-
serves a particular treatment given its unstructured (non-symbolic)
and hidden (semantic gap) meaning to the computer. is calls
for research on the way it can be indexed, queried, and stored
eciently.

e IMOTION system [14] is a content-based video search engine
that provides fast and intuitive known item search in large video
collections. In this paper, we pay special aention to the extensions
and improvements we brought to the system aer the publication
of [16]. In this demo, we showcase the IMOTION system with all
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Table 1: Overview of feature data sources and query modes

Feature ery Modality

Low-level Image
ery-by-Sketch,
ery-by-Example,
Relevance Feedback

Motion ery-by-Motion

Mid-level On-screen Text

Text-based Retrieval

Spoken Audio

High-level

Automated Image
Captioning
User-provided
Information
Semantic Concepts Weighted Boolean retrieval

the available features and query modalities using a collection of 600
hours of video (IACC.3). We present the 2017 IMOTION system [16]
which won the 2017 iteration of the Video Browser Showdown
(VBS) [4]. Conference aendees will be able to interactively use
the system and explore the collection using all available modes.

is paper is structured as follows: Section 2 introduces the
system architecture; Section 3 presents the capabilities of the system
from the features, the query modalities and the user interaction
point of view. e demo plan is discussed in Section 4. Section 5
presents related work and Section 6 concludes.

2 SYSTEM ARCHITECTURE
e IMOTION system is an extension of the vitrivr open source
retrieval stack [15] and hence follows its architecture. It shares the
polystore (ADAM𝑝𝑟𝑜 ) [6] and the retrieval engine (Cineast) [13]
with vitrivr while extending both, mainly by making use of text-
based retrieval capabilities which are based on Apache Solr1, and
by using a custom user interface (see Figure 1) optimized for the
challenges of the VBS 2017 competition.

3 IMOTION SYSTEM CAPABILITIES
In this section, we present in detail the system capabilities and the
broad range of retrieval modes of the system. We give an overview
of the features and query modalities summarized in Table 1.

3.1 Features
Low-level Image Features ecolor category contains low-

level image features such as global and localized color his-
tograms and regional color aggregations such as the color

1hps://lucene.apache.org/solr/

https://lucene.apache.org/solr/
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Figure 1: Screenshots of the GUI of the 2017 IMOTION system. Top: known-item search GUI. Bottom: exploratory search GUI.

layout descriptor. Similarly, the edge feature category con-
tains features concerned with localized directional and
non-directional edge histograms.

Low-level Motion Features To describe motion, localized
directional histograms of sparse trajectories are used. Dur-
ing extraction, background–foreground separation is done
by stabilizing the frame with a homographical model and
the foreground region is estimated by thresholding the
result of a spatio-temporal Gaussian blurring convolution.

OCR Since many videos contain sequences prominently fea-
turing text on screen, we apply the Tesseract [18] opti-
cal character recognition system to every keyframe. For
videos segmented into ve or fewer shots, we sample the
videos additionally at a 10 second interval. Because the
output of the OCR is non-predictable for images which do
not contain any text, it is ltered using the ratio of spe-
cial characters to regular characters in order to reduce the
amount of noise produced.

Speech-to-Text e metadata provided with the video col-
lection contains among other things the output of an auto-
matic speaker recognition (ASR) process [5, 9] which tries

to detect all speakers within a video and timestamp every
spoken word. We use this ASR data and transform it into
articial close captions by thresholding the detected words
by condence value and by mapping them to the bound-
aries of the shots. ese captions are then aggregated into
one document per shot such that each document contains
all words spoken during the shot as well as the ones from
the previous and the subsequent shot. is windowing
is done in order to increase the chances of retrieving se-
quences in over-segmented video regions.

Automated Image Captioning We apply the DenseCap [7]
image captioning neural network to all keyframes of the
collection to produce one or several simple textual de-
scriptions of the depicted scene. ese captions are then
grouped into one document per keyframe and subsequently
loaded into Solr. e captioning is able to label a wider
range of objects since the network is not trained to recog-
nize objects directly but rather to pair textual descriptions
to images and is hence not limited to a xed set of classes.

User-provided Information For each video, the collection
also contains a le with metadata. Even though these les
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are encoded in XML, the structure is of lile benet which
is why we aen these documents by removing all XML
tags. e remaining text documents are also added to Solr.
Since this is the only instancewherewe have one document
per video rather than one per shot, we return one in ten
shots of all videos which match a query on this modality.

Semantic Concept Instances e system can lter results
by various semantic categories, which are obtained by
binarizing prediction outputs of a total of 655 external clas-
siers. We apply various object and concept detectors on
keyframes of the video collection and store the top 600
instances per detector. A custom network [12] is used to
detect 325 common objects, dened by entry-level nouns
(e.g., ‘dog’). In addition, we added 365 labels corresponding
to classes in the Places2 [22] dataset representing environ-
ments (e.g., ‘amusement park’) and 80 object category la-
bels learned from human annotation in the MSCOCO [10]
detection dataset (e.g., ‘snowboard’). Scores for the 30
topics we extracted for TRECVID AVS 2016 [20] are also
present as categories. Since all these lists are precomputed,
we store them directly in the browser-based user interface
to reduce runtime system load on the back-end.

3.2 ery Modalities
e following query modalities of IMOTION can be used either
sequentially (for incremental query renement) or concurrently
(combined search).

ery-by-Sketch To be able to specify queries visually, the
system oers a sketch canvas. e user has the possibility
to input a rough visual representation of the desired con-
tent which is then processed by the same visual features
which were used to process the videos.

ery-by-Example In contrast to the ery-by-
Sketch modality, ery-by-Example does not use a user
created object for querying but rather the internal descrip-
tion of an already known object. is way a user has the
possibility to extend upon previously retrieved results.

Relevance Feedback In extension to ery-by-
Example, relevance feedback enables a user to construct
a query based on multiple previously retrieved results by
labeling them either as relevant or irrelevant. e system
then also uses the internal representations of these positive
and negative examples to construct a new result.

ery-by-Motion Similar to ery-by-Sketch, the user has
the possibility to specify ow-elds which roughly de-
scribe the motion within the video sequence. e interface
allows switching between foreground and background mo-
tion sketching. Foreground ow elds model prominent
moving objects and background ow elds model cam-
era movement or movements of small objects. It should
be noted that an empty motion canvas essentially means
querying for still sequences.

Text-based Retrieval e text retrieval modality allows for
querying using keywords. It makes use of the text-based

retrieval capabilities provided by Apache Solr, i.e., comput-
ing the relevance using term frequency/inverse document
frequency (TF-IDF).

Weighted Boolean Retrieval For the Semantic Concept In-
stances, we use pre-computed lists of relevant shots per
topic. All list elements have a score which was determined
by the rank of the detector output, the score ramps in the
interval [0.0, 1.0] over the length of the list. By selecting
a concept as relevant and thereby adding all elements of
its corresponding list to the result set, the UI also adds a
weight slider for the concept as shown in Figure 1 on the
le. Using these sliders, the user can specify the relevance
of a topic with respect to the others which provides more
overall exibility than basic Boolean retrieval.

3.3 User Interaction
3.3.1 Precision-focused searches (Known-item Search). For pre-

cision-focused searches, i.e., known-item searches, the IMOTION
system provides a search interface as shown in Figure 1: query
results are displayed with a thumbnail of the shot and a border
which indicates its relevance to the query. e sliders on top control
the weights of the various similarity measures. Changing the value
of one of these sliders updates the scores of the individual results
and re-orders them correspondingly in real time. In cases where the
correct result is dicult to identify based on this grid representation,
the user has the option to re-group the results by video. e results
are then grouped chronologically within a video (horizontally)
while the videos are ordered by maximum shot score (vertically).
For every shot, the user also has the option to load the previews of
the surrounding shots or of all shots from the same video in order
to be able to gain a beer overview of the entire video. It is also
possible to start the video playback from every shot at the relevant
position.

3.3.2 Recall-focused searches (Exploratory search). In order to
complement the ery-by-Sketch/Example approach with explora-
tory navigation, the system oers multiple 2D-embeddings of the
collection, based on dierent similarity metrics. ese embeddings
manifest in the UI as a separate view whereupon keyframes are
placed in a large complete 572 × 572 grid. e embedding method
assigns the keyframes to grid positions such that distance relations
in a given feature space are best preserved.

An important feature is the seamless two-way transfer between
search and embedding mode. Any thumbnail from the results pane
can be instantly centered in the 2Dmap in order to allow exploration
of its neighbors. Conversely, every object of the 2D map can be
used as query, with optional renement.

e 2D embeddings are obtained by in three steps: a sampling is
rst reprojected to 2D space using t-distributed Stochastic Neigh-
bor Embedding [11], then mapped to coarse grid coordinates using
optimal linear assignment (we use an implementation of the Jonker-
Volgenant algorithm [8]), 2D positions of the full set are then es-
timated using Gaussian RBF interpolation and nally mapped to
ne grid coordinates by greedy assignment.
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4 DEMONSTRATION
For this demonstration conference aendees will have the chance
to perform known-item searches with one of the pre-selected visual
or textual queries, try AVS-style topics or simply explore the video
collection with the 2017 IMOTION system. e presented system
will be in the setup used for the 2017 Video Browser Showdown, us-
ing the IACC.3 video collection of over 600 hours from the Internet
Archive.

5 RELATEDWORK
Content-based interactive video retrieval has aracted a relatively
small but dedicated research community. e Video Browser Show-
down [4] is an annual competitive live benchamrking event where
particpating teams are asked to submit in a limited time (no more
than 5 minutes) results matching an ad-hoc video query. ese
queries have been only of the Known Item Search variety (one
unique correct result in the entire collection) until the 2017 edi-
tion of VBS, where more exploratory AVS queries have been in-
troduced. e AVS queries (e.g., “Find all shots of women wearing
glasses”), as well as the pre-dened video collection are based on the
TRECVID [1] 2016 Ad-Hoc Video Search task. is demo uses some
results from the IMOTION team’s participation in this task [20].

e eld of content-based video retrieval without the interactiv-
ity constraint is more prominent in the literature. Two essential
benchmarks for such search systems are the TRECVID and Medi-
aEval challenges. Without the response time restrictions, content
analysis systems in this eld are able to make use of computation-
ally heavier methods such as Deep Neural Networks for various
classication tasks [21]. An important recent development in real-
time search borrowed from this body of work consists of tagging
the collection with semantic classiers or using hidden layer acti-
vations as features in the pre-processing phase [20].

Recent high-performing approaches in video browsing revolve
around retrieval of simplied sketches (e.g., by using simple color
signatures [3]) and displaying the collection in a more informative
way (e.g., using a graph-based keyframe arrangement for brows-
ing [2]). A more in-depth sketch analysis where deep semantic clas-
siers are employed for sketch auto-completion has been demon-
strated in earlier work [19]. For a comprehensive review of video
search or browsing methods and systems, readers can refer to [17].

6 CONCLUSION
In this paper, we have presented the 2017 edition of the IMOTION
system and we have shown how it can be used in an interactive
demonstration for retrieving video sequences using a large variety
of features and query modalities.
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T. Metin Sezgin, and Yusuf Sahillioglu. 2015. IMOTION - A Content-Based
Video Retrieval Engine. In Proceedings of the 21𝑠𝑡 International Conference on
MultiMedia Modeling (MMM 2015) (Lecture Notes in Computer Science, Vol. 8936).
Springer, Sydney, NSW, Australia, 255–260.

[15] Luca Rosseo, Ivan Giangreco, Claudiu Tanase, and Heiko Schuldt. 2016. vitrivr:
A Flexible Retrieval Stack Supporting Multipleery Modes for Searching in
Multimedia Collections. In Proceeding of the International Conference on Multi-
media (ACM MM 2016)). ACM, Amsterdam, e Netherlands, 1183–1186.

[16] Luca Rosseo, Ivan Giangreco, Claudiu Tănase, Heiko Schuldt, Stéphane Dupont,
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