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Abstract— Changes in topological spatial relations of objects
are often strong indicators for state transitions in the underlying
processes they are involved in. While various aspects of semantic
mapping have been extensively researched, the reasoning about
the temporal development of spatial relations of instances is
often neglected. This paper presents a concept to combine a
semantic map with a stream processing framework for live
analysis of the spatio-temporal relation of objects, based on
the map and information inferred from sensors streams. To
demonstrate the functionality of our concept, we implemented
a proof-of-concept system to track everyday events in an
office environment. The presented application scenario clearly
demonstrates the benefits of the proposed architecture for
detecting and handling complex spatio-temporal events.

I. INTRODUCTION

Knowledge about spatial relations between objects and
actors is required for many applications in artificial intel-
ligence and robotics. Approaches that combine geometric,
topological and symbolic information for reasoning about the
current state of the environment based on known concepts
are critical for semantic mapping [1].

Semantic mapping algorithms extract semantic informa-
tion from sensor data and store it together with metric
and topological information in a representation that provides
means to retrieve the gathered knowledge. For many tasks
in robotics, information needs to be available timely, but
extensive environment analysis can often not be achieved
in a live system. Some tasks cannot be solved without
all high level information present, but often enough a less
accurate, but timely available analysis is desirable to detect
relevant changes. In this paper, we propose an architecture
to interweave a semantic mapping framework with a stream
processing engine to analyze the temporal development of
topological spatial relations. The system generates and ana-
lyzes spatio-temporal event logs based on information from
a semantic map and observations from live sensor data.

The architecture is inspired by the Lambda Architec-
ture [2] common in the Big Data domain. The aim is to
reduce the gap between extensive and slow batch analysis
systems and the need for real-time analytics, by combining
batch processing analysis with a stream processing com-
ponent, which provides less accurate but faster analysis,
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Fig. 1: Different views and representations of the same scene in
which a person that left a room. In addition to the sensor data,
the left image shows a mesh representing the room’s geometries.
The right image shows the footprints generated by the semantic
mapping framework. The markers show the position of the tracked
person and the recently detected event.

based on new input and previously available information. By
utilizing a Complex Event Processing (CEP) [3] library, we
detect spatio-temporal changes and infer additional informa-
tion about their relation in near real time based on predefined
patterns, the relation of detections in sensor streams over
time and information from the map through spatial queries.
This work is a first step towards a lambda architecture in
a semantic mapping framework. It provides a compromise
between the high computational costs of full spatio-semantic
analysis and the need of updates with high frequency.

In this paper, we present a concept that links a stream
processing framework with a semantic map to generate
semantic events, which signal state transitions in a live
system. For that, we bridge ROS to the Apache Flink stream
processing system through a Kafka message broker. In this
stream processing system we a pipeline to infer relevant
spatial relations from the sensor data stream via typical
classifiers and spatial stream processing. Finally, we use CEP
on the resulting event streams to monitor and analyze the
spatio-temporal development of the observed objects over
time. We demonstrate the feasibility of our approach by
a proof-of-concept pipeline for a typical indoor scenario,
where a robot observes doors opening and closing and people
leaving and entering rooms.

II. RELATED WORK

Semantic maps have a long history in autonomous mobile
robotics. Kostavelis et al. [4] provide an overview on seman-
tic mapping in different use-cases including task planning [5]
and plan execution and monitoring [6]. In recent years,
extensive research has been done in the field of semantic
SLAM. Nüchter et al. [1] build semantic maps by registering
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Fig. 2: The steps in our concept to analyze the temporal development of topological spatial relations of entities present in our map and
sensor based perceptions.

3D laser scans, extracting surfaces, labeling them by their
orientation and detecting known objects in 2D renderings.
Günther et al. [7] extract semantic information from a RGB-
D sensor by surface reconstruction and extraction of planar
features. Object detection is done by applying SWRL rules
on the extracted features. Semantic Fusion [8] combines
Convolutional Neural Networks for semantic labeling with a
SLAM system to fuse multiple viewpoints from an RGB-D
camera into a map in real time. Kimera [9] provides a library
for real-time metric-semantic mapping with stereo cameras.
Instance level semantic mapping across multiple frames in
static environments is covered in [10], [11], [12]. Runz et
al. [13], [14] are explicitly focusing on mapping dynamic
objects.

Another aspect of semantic mapping is to derive and
represent spatio-temporal and topological information about
the mapped environment. SEMAP by Deeken et al. [15]
grounds concepts and instances in a spatial database and
implements operators to reason about relations and topology
between objects. SEMAP itself is agnostic to the origin of the
perceptions. Rosinol et al. [16] build multilayer 3D dynamic
scene graphs for actionable spatial perception based on [9].
In contrast to SEMAP it maintains a history of object poses
in a pose graph, but to our knowledge this is not utilized
to reason about changes in topological spatial relations.
Such spatial relations are exploited in [17], were SEMAP
was used to infer high level information about agricultural
processes by constantly updating and querying the system
externally. The resulting event log was then analyzed offline
in an external tool. Machine telemetry typically already
has a strong semantic. This is different in the context of
autonomous robotics, where such information typically has
to be inferred from sensor data.

Tenorth and Beetz [18] implemented reasoning about
spatio-temporal change by storing multiple perceptions over
time as a special case. In DyKnow [19], Heintz et al.
describe an approach for temporal stream reasoning using
metric temporal logic by focusing on the stream-like nature
of sensor data. It was extended to allow C-SPARQL [20]
queries [19] and spatial reasoning based on different region
connection calculi [21]. Unfortunately, to our knowledge
DyKnow is not freely available.

In recent years, several open source distributed stream pro-
cessing frameworks have emerged. They focus on real time

streaming analysis of high volume unbounded data streams
and offer support for pipelined stream transformations. Such
transformations are often represented as a Directed Acyclic
Graph (DAG). They provide certain guarantees like at-
least/exactly-once processing, fault tolerance and managed
states [22]. Apache Spark [23], [24] and Apache Flink [25]
offer an high level declarative API, while Apache Samza [26]
and Apache Heron [27] provide low level APIs for DAG
definition. These frameworks also provide additional tools,
e.g., for machine-learning [28], graph analysis or CEP [25].

Based on the evaluation of [29] Apache Flink is a good
fit for the application in robotics, mostly due to low latency,
processing and state guarantees and its support for CEP [25]
for high-level analysis of temporal relation of events. In this
paper, we propose an architecture to interweave SEMAP with
Flink to analyze the temporal development of topological and
spatial relations based on the information being present in the
map and live sensor data from a robot. We show using a CEP
library, we are able to detect spatio-temporal changes, and
infer additional information using defined patterns about the
relation of these changes in near real time.

III. CONCEPT

Our idea is based on the concepts of SEMAP, but in-
stead of querying the map externally, we apply a pipeline
implemented in Flink on the input streams to continuously
analyze the relation between detected objects, while still
using the abstractions derived from the geometric aspect of
the map. The concept similar to the Waterfall Model [30]
closely related to the JDL Data Fusion Model [31]. For
object detection, stateless stream operators are used, which
transform input data streams to derive information based
on pre-defined models. The output streams are synchronized
timely and detections from different sensors are fused. These
fused detections are then aggregated and processed in stateful
streaming operators. In these operators, observation-to-track
association is done and the state of tracks is predicted and
estimated. We propose to treat the map updates of the
semantic map as input streams as well. This allows to do
spatio-temporal joins of the updated tracks with the relevant
objects from the map, while maintaining the same grounding
of the underlying concepts. This way, the current topological
spatial relations of objects are inferred. Partitioning and
querying of the streams is possible with object identifiers,
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Fig. 3: Interaction of the stream processing component and the
SEMAP framework.

which map to concrete instances of defined concepts. To
monitor the temporal development of said relations, we use
CEP to detect state transitions. The proposed concepts are
visualized in Fig. 2.

IV. IMPLEMENTATION & SYSTEM ARCHITECTURE

A. Apache Flink

Flink programs are structured as a directed acyclic
graph (DAG). Stateful operators transform and produce data
streams. Operators are parallelized into subtasks based on
stream partitions and state is scoped to the partition [25]. The
execution is possibly distributed, and the data exchange can
be parametrized for latency or throughput. Flink differenti-
ates between event and processing time semantics. Temporal
progress in streams is measured through watermarks, which
are generated on event timestamps. Features like windowing,
aggregation, and the internal operator state are based on
these watermarks. Flink’s DataStream API offers a set of
predefined operators like map, flatmap and window. Ob-
ject detection could be implemented as a flatmap operator
producing an output stream containing 0-n detections from
1 image in the input stream. Flink also provides stateful
versions of said operators. The API also allows to access low
level functionality like timers, event timestamps, state and the
key of the partition through its ProcessFunction interface.
Additionally it provides libraries like FlinkCEP and a high
level structured and declarative Table & SQL API based on
the concept of dynamic tables, which are build on top of the
low level Streaming API.

B. Connection to ROS

For robotic applications communication with the Robot
Operating System (ROS) is desirable. In Flink, data sources
and sinks are typically made available through connectors.
We opted for bridging ROS and Flink through a message
broker (Apache Kafka) as shown in Fig. 4. We chose
Kafka because of its excellent integration into Flink, its
high throughput capabilities and low latency. Our bridge
is based on librdkafka, which maps ROS topics to Kafka
topics, allowing to use default ROS serialization and custom
conversions. This broker, while adding an overhead, allows
to easily exchange message between both systems, simplifies

op id name alias frame id rel desc id abs desc id
+I 1 object1 hallway 2 1 29

(a) An excerpt from the instance table showing the hallway instance how it is equally represented in the Flink application
and SEMAP.

op type geometry abstraction desc
+I FootprintHull POLYGON ((... 1
+I FootprintHull POLYGON ((... 29

(b) The 2D convex hull abstractions (relative and absolute) selected from the geometry model table which are referenced
by the hallway instance.

TABLE I: An example of CDC tables in Flink mirroring the equivalents in SEMAP.

Fig. 4: Current data flow between the different components in our
architecture.

the implementation and benefits from the good integration of
back pressure handling in Flink.

C. SEMAP Integration

SEMAP is an instance-based framework using a PostGIS
database. It provides different levels of geometric abstrac-
tions for objects, operators to reason about spatial relations
and an interface to ROS for data management and querying.
An environment map in SEMAP consists of triangle meshes
representing the geometry of objects.

In our work, we monitor SEMAPs internal instance table
for changes using a Change Data Capture (CDC) framework.
The Flink-cdc-connector is used to stream changes of the
database into the stream processing system, where parts of
SEMAPs internal schema are mirrored. This way, the ob-
ject instances and their absolute geometric abstractions (see
Fig. 1) are available in the stream processing system using
the same representation. Therefore, the streaming queries
done with Flink’s Table and SQL API as shown in Fig. 3
are still referring to the same concepts and entities, which
are present in the map as shown in Tab. I.
/ / SQL API
/ / S e l e c t o n l y 2D convex h u l l s
Tab le f o o t p r i n t s = t a b l e E n v . s q l Q u e r y (
”SELECT” +

” type , ” +
”ST geomFromWKB ( geomet ry ) a s geometry , ” +
” a b s t r a c t i o n d e s c ” +

”FROM g e o m e t r i e s ” +
”WHERE t y p e = ’ F o o t p r i n t H u l l ’ ” ) ;

/ / Tab le API
/ / Get o n l y a b s o l u t e f o o t p r i n t s f o r i n s t a n c e s
Tab le a b s t r a c t i o n s = f o o t p r i n t s .

j o i n ( i n s t a n c e s ) .
where ( $ ( ” a b s o l u t e d e s c r i p t i o n i d ” ) .

i s E q u a l ( $ ( ” a b s t r a c t i o n d e s c ” ) ) )
.

s e l e c t ( $ ( ” * ” ) ) ;

Listing 1: Selecting the 2D convex hull abstractions and join the
result with the instance table on the condition that the geometry is
absolute.
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D. Spatial Stream Processing

For spatio-semantic analysis of the streaming data, we
mirror SEMAPs functionality in the streaming pipeline to
a certain degree. For that, our system performs selected
spatial queries over streams. The continuous spatial queries
implemented in our pipeline are based on Apache Incubator
Sedona (formerly known as GeoSpark [32], [33]), which
extends Flink’s SQL API with constructors, functions and
predicates. We extended Sedona with constructors to effi-
ciently convert the binary CDC input to spatial data types
and spatial aggregators to collect partial results. An example
can be seen in the Listing 1.

V. PROOF OF CONCEPT

To demonstrate the feasibility of the proposed concept
and the functionality of our implementation, we tested our
approach in a robotic indoor scenario. The robot is equipped
with a Velodyne VLP-16, a wide-angle Logitech webcam
and a SICK Tim LiDAR. The goal is to detect persons within
the field of view of the sensors that leave or enter rooms.
In addition, it tracks when doors open or close to generate
semantic events. In the following sections we describe our
concrete implementation and the algorithms used to detect
and track persons, and how the streams are successively
semantically enriched. Best to our knowledge, there is no
baseline for comparison, so we also provide the data sets
used for performance evaluation.

Tab le t r a c k s L o c a t e d = t a b l e E n v . s q l Q u e r y (
”SELECT” +

” r . name as room , ” +
” t . name as t r a c k i d , ” +
” t . pointGeom , ” +
” t . rowt ime AS rowt ime ” +

”FROM t r a c k T a b l e a s t , ” +
”LATERAL (SELECT * FROM roomTable ) AS r ” +

”WHERE ”
S T C o n t a i n s ( r . polyGeom , t . pointGeom ) ” ) ;

/ / R e s u l t i n g schema
(

‘ room ‘ STRING NOT NULL,
‘ t r a c k i d ‘ STRING ,
‘ pointGeom ‘ RAW( ’ org . l o c a t i o n t e c h . j t s . geom .

Geometry ’ , ’ . . . ’ ) ,
‘ rowtime ‘ TIMESTAMP( 3 ) *ROWTIME*

)

Listing 2: Joining the track table with the intermediate table of
rooms with the previously intersected 2d convex hull based on the
containment predicate.

A. Detection & Tracking Pipeline

Image based detection is done in stateless operators with
the YOLOv4-Tiny [34] model, which was pre-trained on
the COCO [35] data set. It was chosen for its well known
low inference time. Object detections are tracked across
multiple sensor frames by an operator using a combination of
Kalman filters and Hungarian method [36] with the Jaccard
index as cost. For laser scan based detection, we use the
2D SICK Tim LiDAR and apply the clustering and random
forest classification presented in [37]. Different operators are
implemented for the synchronization of the detection streams

and the synchronization with a stream containing the relevant
tf information. Up to two clusters are matched to an image
object detection based on the containment in the bounding
box after projecting them on the image plane. The matched
clusters are tracked in an operator by assignment through
perfect matching and a constant velocity Kalman filter. The
produced stream contains the tuples of the unique identifier
of a track and its 2D geometric position. The position is
transformed in the world frame and the stream is interpreted
as a streaming table with each event being an upsert.
P a t t e r n <Tuple2<S t r i n g , S t r i n g >, ?>

openedAndEntered = P a t t e r n .
<Tuple2<S t r i n g , S t r i n g>>b e g i n ( ” Opened ” ) .
where ( new S i m p l e C o n d i t i o n<Tuple2<S t r i n g , S t r i n g

>>(){
@Override
p u b l i c boolean f i l t e r ( Tuple2<S t r i n g ,

S t r i n g> v a l u e ) {
re turn v a l u e . f1 . e q u a l s ( ” Opened ” ) ;

}
} ) . n e x t ( ” E n t e r e d ” ) .
w i t h i n ( Time . s e c o n d s ( 6 ) ) . where ( new

S i m p l e C o n d i t i o n<Tuple2<S t r i n g , S t r i n g >>() {
@Override
p u b l i c boolean f i l t e r ( Tuple2<S t r i n g ,

S t r i n g> v a l u e ) {
re turn v a l u e . f1 . e q u a l s ( ” Pe r so n

e n t e r e d ” ) ;
}

} ) ;

Listing 3: Simple pattern withe the sequence of the door of a
room being opened and someone entering the same room within 6
seconds.

B. Semantic enrichment, change detection and temporal
relation

We show two different ways to capture spatial changes in
Flink data streams. One operator relies directly on the exact
geometric transition. The other one captures the transition on
a topological and semantic level. To detect door events, lines
are extracted from the laser scans, which are converted to a
streaming table. These are joined with ST Contains predicate
via room id and a bounding box of the door’s possible range
of motion. Every line that fulfills the predicate, is enriched
with the semantic information that it is the door of a certain
room instance. Subsequently, another operator compares the
angle of the line with the reference of a closed door. Its
internal state is per door and depends on a threshold for
the angle. Events are produced whenever the internal state
changes.

We first select all 2D convex hull abstractions from the
tables streamed from SEMAP (see Listing 1). The hallway’s
footprint abstraction is intersected with each room, resulting
in a better approximation of its concave geometry. In the
next step the tracking stream is joined with this table based
on the ST Contains spatial predicate (see Listing 2) using
the declarative SQL API and the Sedona extensions. The
resulting table is converted to a data stream containing tuples
of the track and room identifier it is localized in, thus
containing the topological relation between room and track.
To detect when of people leave or enter rooms, the stream is
partitioned by the track identifiers and simple CEP patterns
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for the transition from room to hallway and vice versa,
producing an event tuple when matched, which contains the
same entity identifier of the rooms in the map.

For the inference of spatio-temporal relations of events, a
union data stream of the topological spatial event streams
is created. The identifier of these events associates them
unambiguously with spatio-semantic entities. This allows to
define CEP patterns capturing predefined relations based on
the order of occurrence within temporal constraints. Listing 3
shows such a simple pattern. One limitation in the current
implementation is the hard temporal threshold and the fixed
sequence of events - the pattern obviously generates wrong
results if the door would be opened by someone else. Another
limitation is that, e.g., both the patterns for entering an
leaving have to be manually defined.

C. Watermarks and Flink & Kafka Configuration

For all data sources, we tightly generate watermarks
monotonously increasing timestamps for every incoming
record with a larger timestamp then the current watermark.
This is feasible, since we process data from one system, so
records appear in order for one data source. Currently, every-
thing is computed locally, so the lowest latency is achieved
with Flink’s internal buffering disabled when partitioning
streams. For the same reason, buffering is currently also
disabled in both the ROS producers and Flink consumers and
the broker immediately flushes messages. Processing timers
and idleness configurations in the watermark generators may
be used for an upper bound for the delay introduced from a
source or an operator, but these result in non-deterministic
execution and will practically disable the processing and state
guarantees.

VI. EVALUATION

A. Datasets

Because of the lack of a fitting dataset for evaluation,
we provide a simple one to demonstrate and evaluate our
approach. The robot is placed in the hallway of an office
building, observing the entries of the rooms. The recorded
bagfile is 93 s long. Image data is recorded with 30Hz, 2D
laser scans with 15Hz and 3D laser scans with 10Hz. The
robot is localized in the map providing the tf information. We
labeled the events of interest which happened in the field of
view of the robot’s camera. The reference sensor for timely
annotation of events is the 2D laser scanner and an event
was labeled, when the transition was complete, e.g., when
all points belonging to the person in the 2D laser scan are
inside the room’s bounding footprint. For doors, we labeled
both the start and the end of the opening and closing process.
B. Event delays

All experiments were done by playing the data set 25
times, on a Thinkpad X1 extreme with 64GB RAM, an
Intel(R) Core(TM) i9-10885H CPU @ 2.40GHz octa core,
a NVIDIA Quadro T2000 with 4GB VRAM (NVIDIA
510.47.03, CUDA 11.6, CUDNN 8.3.2). The Kafka broker,
the Flink application and the ROS nodes were all deployed
locally on the same machine. For the evaluation of the
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Fig. 5: Delays between event emission and start of transmission of
the last record affecting the detection.

delays in the event generation, we differentiate between two
types of events: The door events, which are purely based
on laser data, the transformation into the map frame, spatial
queries and state update in an operator and the person events,
which dependi on multi-modal sensor input, which requires
transformation of both sensor streams, accumulation in two
tracking operators, the timely synchronization and fusion of
detections, the transformation into the map frame, spatial
queries and finally the matching to a simple CEP pattern. We
measured the difference from the point of time the messages
were sent to the broker, and the time the event was eventually
generated. The first plot in Fig. 5 shows that the latency
for the door events is approximately the sensor’s frequency,
which is plausible given that the watermark is increased with
every incoming record.

For the person based events, the delay mainly consists of
two parts. The largest part of the delay is a result of the
watermark generation. When connecting two streams, e.g.
for synchronization, the watermark of the resulting stream is
the minimum of the two input streams. Thus, the time delta
between two records in the slower stream (in our case the
laser scan stream) directly impacts the delay. On top of that
is the runtime cost of the assignment, tracking and pattern
matching, where events are accumulated and only processed
when the watermark progresses.

To demonstrate this effect, we limited the image stream
frequency to 7.5Hz, which is half of the frequency of the
scan stream. The second plot in Fig. 5 shows, that the median
delay approximately doubles for the person events, while for
the door events it remains unchanged. The main source of the
delay is the timely synchronization necessary between image
and laser scan detection, where records are only send down-
stream, if they were successfully matched. The watermarks
only progress when records with a higher timestamp arrive,
which now happens with a median frequency of 7.5Hz (the
throttled image stream’s frequency), affecting the progress in
the following operators, e.g., tracking and the evaluation of
the CEP patterns. One explanation for the higher deviation
is that in the synchronization operator, the best timely match
found does not result in an emitted record, if it does not lie
fulfill a time constraint, which happens more often because
of the lower frequency of the image stream. Overall, the
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Fig. 6: Example of temporal event detection: (a) No event (b) Person entered Room07 (c) No event (d) Person left Room04 (e) Room04
closed → Person left then closed Room04 (f) Room07 closed → Person entered then closed Room07

numbers show that the detectors of choice are fast enough to
keep up with the input data and introduce no back pressure
or additional delay. We also see that the overhead of the
message broker is negligible, although it is possibly the
source for the small deviations evident in all measurements.

C. Detection

An example for the resulting event log of our pipeline are
shown in Fig. 6. It displays a sequence of topological spatial
changes and the generated events and relations inferred by
our pipeline. It was able to detect all 16 transitions in the
topological spatial relations of persons and rooms within
500ms around their occurrence in event time (not processing
time) in the labeled logs. Every 6 times the doors were
opened, it was detected before persons left or entered the
corresponding room. As a result, 12 spatio-temporal relations
of the opening/closing of doors, when persons entered or left,
were all detected correctly.

Reasons for the temporal imprecision stem directly from
the quality of detectors and representation. A person is
currently just represented by a center point in the Kalman
filter and spatial queries. The Kalman filter also takes the
mean of up to two associated clusters centers, which further
results in a loss of geometric precision of the position and
the constant velocity model used is also imprecise. Better
detection and tracking, together with, e.g., a mesh-based
representation of persons would most likely lead to better
results, since the result of the predicates in the spatial
streaming queries are directly constrained by the accuracy
of the tracking and detection algorithms.

D. Discussion

While the results in Sec. VI-C definitely show room
for improvement. In Sec. VI-B we showed the order of
magnitude of delays introduced by the stream processing
framework, through the concept of watermarks, which is the
base for its processing guarantees. As discussed in IV-A,
latencies could be reduced but would weaken the guarantees
given by the framework. Currently, the latencies negligible,
as we see the use case of this approach as an input or trigger
for symbolic task planning. In this case, the delay and tempo-
ral precision is sufficient, as it would require additional more

extensive and computationally expensive analysis. While the
detectors, sensor fusion and trackers performed well enough
to demonstrate the concept on the presented data set, it
is unclear how the perform in more complex situations.
In this paper, we processed all data in the Flink pipeline.
While this might be useful in cases where it is important
to provide guarantees, e.g, on the order in which sensor
data is processed, this approach has some disadvantages.
Especially in distributed systems the high amount of data
that has to be transmitted might become a communication
bottleneck. Processing all sensor data in the Flink application
also means that many already existing algorithms have to be
ported. An alternate approach would be to do the raw sensor
data processing in ROS and send the derived information
to the Flink application, still benefiting from the processing
guarantees, query language and specialized tools like CEP.

VII. CONCLUSION & FUTURE WORK

We showed that our concept is feasible to detect the
change of topological relations of objects based on multi-
modal sensor input and a semantic map. Analyzing the
resulting log with CEP patterns to derive additional infor-
mation about spatio-temporal relations delivered promising
first results. Next, we plan to integrate such information
into high level task planning, execution and monitoring. For
that, a common multi-modal query and maintenance interface
for the semantic map and the stream processing component
is required. Also, it will be necessary to synchronize all
groundings made by the streaming pipeline back into the
database. Currently all sensor data processing is done in the
stream processing framework. In the future, we plan to do it
partially in ROS. This is an advantage, since there is currently
no need to have the guarantees provide from our framework
on this level of processing. Since the detection and tracking
directly impacts the results of event detection, we want to
deploy state-of-the-art object detectors, trackers and semantic
mapping frameworks as input for our system.
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