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Abstract— Autonomous robots rely on a large variety of
different skills that all contribute to solving a concrete problem.
For any of these skills, performance measures exist. It is
not always clear, however, how expressive these measures are
with regard to the overall performance of the robotic system
in a particular task. In this paper, we discuss performance
metrics for autonomous robots on an example from warehouse
logistics. We point out that individual metrics for lower-level
subtasks might have limited value for assessing the whole system
from a logistics perspective, also depending on the task to be
solved. Thus, we argue for formalized user-defined performance
measures on a high level of abstraction that allow a human
operator to assess the things that really matter for the problem
at hand. We exemplify this by showing results from an ongoing
case-study with a surveillance robot in a simplified warehouse
setting.

I. INTRODUCTION

For a logistics company running a warehouse, the use of
robots is an economic decision: They are employed if it either
pays off monetarily or yields other benefits. In a warehouse
context, potential savings can be due to reduced storage times
in the warehouse, shorter traverse paths, higher throughput
of goods, etc.. Looking at these parameters, it can easily be
evaluated if the use of a robotic system pays off in contrast
to not using it. This comparison, however, can only be
performed after the robotic system has been implemented—
but a company would want to answer the question of cost-
effectiveness before paying for implementing a new system.

In this paper, we particularly look at surveillance robots.
To complete their mission, such robots have to perform
several different tasks, such as mapping and localization of
the environment, navigation within the warehouse, cooper-
ation of robot teams, identification of goods, detection of
storage processes, etc.. For each of these tasks, performance
measures can be defined, and strategies can be adapted to
optimize these measures. The crucial point here is that the
named tasks are not independent. On the one hand, better
performance in one task will increase the performance of
another task (for example, better object recognition might
have a positive effect on mapping). On the other hand, the
opposite can be the case, and an improvement in one task
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can lead to a loss of performance in another; exploration vs.
exploitation is a classical example here. Thus, optimizing
the overall performance under cost constraints results in a
multidimensional optimization problem where the impact of
a single system component is hardly tractable.

We discuss the problem of evaluating the performance of
a surveillance robot system in a concrete scenario in the
field of warehouse logistics. The questions posed are of a
general kind, however, and apply to many more problems
where multiple (or single) robots are employed in a logistics
context.

In the following, we first describe the warehouse scenario
we use as an ongoing example in this paper. In Section III,
we investigate performance measures both from a logistic
and a robotic point of view and exemplify shortcomings
of common benchmarks. Then, we argue for user defined
abstract performance descriptions in Section IV in order to
focus on the relevant information for the task at hand. To
exemplify this, Section V reports on an evaluation of process
detection within a simplified warehouse scenario before we
end with a summary.

II. SCENARIO DESCRIPTION

In this paper, we investigate the problem of measuring the
performance of a robotic system by examining a concrete
project dealing with the use of surveillance robots (see
Figure 1) in warehouse logistics in order to enable semi-
automatic logistic optimization. We address the problem of
understanding so-called chaotic or random-storage ware-

houses, characterized by a lacking predefined spatial struc-
ture, that is, there is no fixed assignment of storage locations
to specific goods. Thus, storage processes are solely in the
responsibility of the warehouse operators and basically not
predictable—goods of the same type may be distributed over
various locations. This makes it a hard problem for people
aiming at understanding the in-warehouse processes, e.g.,
different storage patterns. Knowledge about these storage
patterns is, however, of critical importance to understand
what is going on in the warehouse, and this is a prerequisite
to enable an operator to optimize the warehouse.

In this scenario, we have a solid set of background
knowledge, for example, we know that storage processes
always follow the same schemata involving functional zones

within the warehouse. But the concrete details—for example,
the concrete locations of these zones—are unknown and
can even change over time. Using autonomous robots as a
minimally invasive means to observe in-warehouse processes
in order to support a logistic optimization of a chaotic



Fig. 1. A surveillance robot in a warehouse scenario setup

warehouse was proposed in [14]. The information provided
by the robot shall allow for posing queries about observed
spatio-temporal activities (such as “How often have goods
been relocated within the storage zone?”) as well as about
regions in space (e.g., “Which areas in the warehouse have
been used as a buffer zone?”). Answering such queries is an
important step towards logistic optimization.

The goal of this project is to specify and detect high-level
logistic processes inside the warehouse and to make them
available to build a logistic simulation that can then be used
for optimization purposes. This optimization is not within
the scope of this paper; we restrict ourselves to the process
detection based on observations from robots.

III. PERFORMANCE MEASURES
Both logistic systems as well as the robot systems are com-

plex systems and their design involves the proper choice of
various design options. Expressed more formally it requires
the choice of specific design options for a logistic (robotic)
system out of a certain “design space” dL ∈ DL (dR ∈ DR).
Examples of such design choices for the robotic system can
be which mapping algorithms to use, the object recognition
to employ, or how many robot units to use. Design choices
for a warehouse system are, e.g., the order picking policy
used, or the layout of storage areas and whether to use fixed
assignments of certain kinds of goods to specific storage
locations.

These design options determine the performance charac-
teristics (including cost) of the system. Using pL ∈ PL

(pR ∈ PR) to denote the performance vectors of the logistic
(robotic) system, we can define a function to derive the
mapping from the design space to the “performance space”

fL : DL → PL (fR : DR → PR). To actually determine this
mapping and find the potentially complex relationships be-
tween design options and performance will typically require
simulation, or even physical experimentation for both types
of systems.

The semi-automatic, robot-supported optimization of
warehouse systems intended in this project can now be seen
on an abstract level as a function gopt : PR → DL. The
use of the robotic system with performance characteristics
pR ∈ PR allows the surveillance of the warehouse system
and enables a logistics expert to simulate the system, and
find new, potentially better design choices dL ∈ DL for the
logistic system.

Therefore we get logistic performances before (dL) and
after (d�L) the robot-supported optimization. Whether d�L is
now better, and therefore the use of the robotic system
and subsequent optimization is successful, depends on the
preferences of the company running the warehouse, as the
problem is a multi-objective decision problem. Let �

u
: PL ×

PL → {0, 1} denote the preference (or utility) function of
this company, which is 1 iff the first performance vector is
preferred to the second, or 0 otherwise. Then the use of the
robot-supported optimization was successful, if fL(d�L) �

u
fL(dL), with d�L = gopt(fR(dR)).

A. A logistic view on performance

In general measuring the performance of a logistic system
is difficult [5]. Depending on the level of abstraction, time
horizon, as well as potential recipients, relevant information
differs. Usually an internal and external view on logistic
performance can be defined [19], reflecting different con-
flicting goals of running a logistic system. The external,
customer-oriented view focuses on logistic quality, i.e., short
delivery times and high adherence to delivery dates, whereas
the internal view tries to quantify logistics efficiency trying
to ensure cost-efficient operation (examples include capacity
utilization, stock levels, turnover frequency). Thus, logistic
performance is inherently multi-dimensional. There are, how-
ever, attempts to aggregate various performance indicators in
hierarchic performance measurement systems [25].

Logistic systems are complex, highly dynamic systems,
so insights into the operation and assessing the impact of
changes to such systems are often not feasible using analytic
approaches, thus requiring simulation models. Using such
models allows to optimize certain aspects of the system,
such as the order picking strategy in a warehouse [6],
either manually by domain experts or automatically using
simulation-based optimization [11].

Assessing the success of such optimization is usually
evaluated focusing on some low level performance measure
and its improvement. Example measures for optimizing
warehouse operations are throughput of picking orders, or
the average/maximum time till fulfillment of picking orders.
This, however, is only a simplification, and performance
measures can rarely be treated in isolation. Therefore, to
decide which of several options to prefer depends on a



user’s preferences (denoted with �
u

in the previous section) in
order to compare otherwise unrelated performance measures
(such as costs, and, e.g., order fulfillment time) with each
other. Without knowing this preference function only clearly
inferior options can be ruled out, i.e., those worse in every
dimension, which are therefore Pareto-dominated.

In our scenario, these logistic measures only refer very
indirectly to the performance of the observing robot, as it
is only providing information for the optimization process
and, thus, is not directly involved into the operation of the
warehouse. It only provides information that is then used for
warehouse optimization later on. To judge the quality of the
observations, we need to consider different benchmarks.

B. A robotics view on performance

For the given warehouse scenario, the robots have to
follow a complex behavior that tackles many different
robotics tasks: The environment needs to be mapped and
the robots have to localize themselves in the generated
map; the environment needs to be explored continuously
because of its dynamics; objects have to be tracked and
to be identified; activities happening to those objects have
to be recognized and categorized. For all these subtasks,
reasonable performance measures exist. In the following,
we provide an overview by giving a (non-exhaustive) set
of examples.

1) Localization and Mapping Quality: The general ap-
proach to evaluating the success of mapping and localization
is to calculate an absolute error over the distance between
prediction and actual position of the robot or features in the
map (the ground truth). For examples, see [20] or [7]. The
main problem arising here is that the ground truth might
not be easily available. For situations where the precise
robot position cannot be retrieved easily for comparison,
more semantically driven approaches have been proposed
(e.g. [9]). Recent work focuses more on challenges emerging
from robot use in the field. For example, [28] proposed
suitable benchmarks for 6-D outdoor SLAM. The measures
mentioned up to now are designed for grid based maps; for
topological maps, an approach is to define an error measure
of how well a generated road graph fits into the geometric
map, e.g. [26].

2) Multi-robot coordination and exploration: The perfor-
mance metric for coordinated multi-robot exploration usually
is the time in which they manage to finish a coverage task,
that is, to map the whole environment (e.g., [4], [24]). Coor-
dination mechanisms are evaluated implicitly with regard to
coverage performance. Often, evaluation stops at the point
of complete coverage. When it comes to repeated coverage,
as in sweeping tasks or our warehouse surveillance task,
evaluation usually becomes anecdotal [2] or performance is
proven by analytic assurances [10].

3) Object recognition: Object recognition1 is a field that
is intensively benchmarked. To rate the detection success,

1Object recognition is not a serious issue in the given warehouse scenario,
as we rely on uniquely identifiable features such as RFID tags.

methods are usually evaluated over standardized object li-
braries such as the “Columbia object image library” (COIL)
[18] that has been used in various seminal approaches (e.g.,
[23], [3]), or the Caltech 101 or Caltech 256 data sets
[13]. While this ensures very comparable results, it has been
pointed out that results relying on these benchmarks can be
highly misleading and might lead into very wrong research
directions [21]. For many specific tasks, more specific bench-
marks are developed, for example for pedestrian detection
[8].

4) Activity recognition: Activity recognition or process
recognition tasks are usually evaluated counting the detection
rate against a human-annotated ground truth. While there had
been no standard metric to compare such systems 5 years ago
[17] and metrics borrowed from related fields often failed
to provide meaningful insights [27], recent developments
have led to quite some progress with regard to performance
metrics [27]. Especially in the field of human activity recog-
nition, standard benchmarks have been set up [12], and even
an “Activity Recognition Challenge” is running this year [1].

C. Shortcomings

We have seen that a multitude of metrics exist for eval-
uating the performance of a robotic system with regard
to specific subtasks. In a robotics application in logistics,
however, several of these subtasks contribute to the overall
performance. One might be tempted to try to increase the
performance of the robotic system by optimizing the perfor-
mance in any subtask. Of course, this does not work as hoped
for, as the subtasks are not independent. In the following, we
give two examples.

1) Mapping Quality vs. Exploration: Mapping of the
environment is an important component of most robotics
applications, as it is needed for navigation and localization
of the machine. Assessing the quality of a generated grid
map is not a hard problem (see Section III-B.1). But apart
from the sensors and algorithms used, the mapping quality is
also affected by the navigation speed of the mapping robot,
higher speed might easily lead to poorer results. But the
question is up to which point a high-quality grid map is
needed for the task at hand. Topological approaches with
local navigation controllers that rely on less exact data have
shown great success and robustness as well [16, e.g.].

Faster navigation and, following from that, a slight de-
crease in mapping quality will pay off in faster exploration
of the environment and this creates more opportunities to
detect activities. In surveillance tasks, this might be more
important than a detailed and exact grid map, so maximizing
the performance of the mapping system might be the wrong
idea at some point.

2) Activity Frequency vs. Activity Diversity: When sur-
veying the warehouse, we would like to detect at the best all

activities involving the movement of goods that happen in
there—which is not realistic, unless we place a stationary
robot everywhere. The robots have to move within the
warehouse to find activities and, thus, they will miss some.
Let us assume our measure would be to count the percentage



of detected activities over time. Then, the best strategy
according to this measure would be that a robot would remain
at a location where many activities are going on (perhaps
the entrance, where all goods will be located when entering
the warehouse). This extreme case would create a very clear
picture of this one location (a hotspot), while other locations
remain unexplored. In this case, we will miss important
information. For example, it will remain unclear whether
some storage location is not used at all or rarely used—
and under which circumstances. This distinction might be a
relevant detail for the optimization purpose.

IV. RETRIEVING ESSENTIAL INFORMATION
A. Describing processes on different levels of abstraction

The difficulty when assessing different performance mea-
sures in the overall scenario is how relevant the performance
metrics are for the overall process. On the lower sensory
level, this question is hard to answer. As argued for in
Section III-C, an improvement with regard to one measure
might even lead to a performance drop for the overall system.
The important question is: How relevant is the measured
behavior for the targeted outcome?

To be able to utilize the acquired sensory input com-
ing from the robot in a reasonable way, the sensory data
is subject to interpretation, leading to different levels of
abstraction for the perceived data. Measured distances are
transformed into a map, dynamic changes within the map
are interpreted as activities, certain patterns of activities have
a specified meaning as an abstract concept—for example,
they can be interpreted as a redistribution of the good within
the warehouse. Such higher-level concepts allows an expert
in the logistics domain a much clearer assessment of how
relevant the measured parameters are. While, for example,
it is doubtful what an increased range of sensor perception
will contribute to the overall success of the system, the
percentage of correctly detected redistributions in a ware-
house can much easier be related to its importance for the
overall performance. Clear abstract descriptions of high-level
processes especially become important when human experts
are included in the assessment process.

In the framework given in Section III, changing one or
more options in the flat vector of design options (dR) in
the hope to improve the overall logistic performance PL

usually results in cumbersome trial-and-error experiments
with a following long simulation phase. Instead of doing so
we argue for having (limited) set of design options that are
integrated to contribute to higher level concepts that become
part of the performance space PR.

B. User-defined Queries for Individual Performance Assess-

ment

Depending on the task at hand, different processes become
relevant. While it might once be the redistributions we
are interested in, it might also be the information about
whether different goods are moved out of the warehouse
together. Thus, it is reasonable that an operator can specify
relevant in-warehouse processes according to his needs. For

Fig. 2. The idealized warehouse scenario used for evaluation of the
symbolic process detection approach

the described warehouse surveillance task, Kreutzmann et
al. show how this can be done by using a formal language
[15], namely linear temporal logic (LTL) [22]. For example,
without going into details in LTL, a redistribution operation
was specified like this:

RedistributionG,Li,Lj = at(G,Li) ∧ in(Li, S) → (1)
♦
�
at(G,Lj) ∧ in(Lj , S)

�

This defines that we have a redistribution when a good G is
observed at a location Li (at(G,Li)) and this location lies
within the storage zone S (in(Li, S)) and at some point in
time later (specified by the modal operator ♦) G is observed
at another location Lj (at(G,Lj)) which also lies within the
storage zone (in(Lj , S)).

More abstract processes specified like this can then also
be used for evaluation by judging the success with regard
to exactly this process with a metric specified by a human
operator, that is, it becomes part of the performance space
PR of the robotic system. Various different specifications
of processes and measures can be specified and evaluated
concurrently (e.g., having both measures for exploration and
exploitation) such that it is, similar to the utility function �

u
,

the system operator’s preference which measures to optimize
in order to achieve a better overall performance.

In the following evaluation, we will introduce the concept
of histories of goods, a concept that is not really relevant for
the understanding of the warehouse but has been specified
as a measure to integrate different facets of the robot’s
performance.

V. AN EXAMPLE EVALUATION WITHIN THE
WAREHOUSE SCENARIO

In this section we report on a first experimental evaluation
performed for the LTL-based process recognition approach,
as described in [15]. The goal was to measure the success
of the proposed process detection mechanism in an idealized
warehouse scenario set up in the lab (see Figure 2).

In the experiment, cradles were moved around in the
warehouse between pre-defined zones while the robot was
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Fig. 3. Evaluation results showing the rate of correct history detections.
Diagram taken from [15].

steered within this scene and mapped the position of the cra-
dles which it could identify by unique optical tags attached
to them. The processes to be detected had been specified
in LTL, as described in the previous section. Observations
made by the robot’s sensory system were abstracted and
translated to symbolic expressions (like at(. . .) or in(. . .)),
and a process was detected if we can find a model (based on
these symbolic observations) that satisfies the corresponding
formal specification.

The question was now what to measure when evaluating
the approach. An obvious metric would be to count the
percentage of correctly detected in-warehouse processes.
However, this would veil the information which processes
had been detected well and which not. A fairly high per-
centage of correctly detected observation could eventually
camouflage the fact that one particular process had hardly
been correctly observed at all. So the evaluation considered
correctly observed histories of goods. The history of a good
is the sequence of different processes that involves one
particular good. Looking at histories ensures that the flow of
goods over the whole warehouse is monitored and assessed.
A correctly determined history ensures that all kinds of

processes can be recognized and the whole spatial range of
the warehouse is covered. Histories can also be formulated
as LTL formulas. A history is correctly identified if temporal
order and number of processes match the ground truth.

Figure 3 shows results from the experiment under different
amounts of background knowledge. In particular, the success
was evaluated with, without, and with only partial knowledge
of the functional regions. Also, the performance of the
clustering algorithm that translates measured positions of
goods automatically to a smaller, discrete set of qualitative
abstract locations was compared to a clustering algorithm
where the cluster centers had been (reasonably) pre-defined.
The results reveal the major problem of the implementation
so far: with automatic clustering, detection rates of histories
significantly dropped. Especially, this problem became ev-
ident for the case of only knowing two of the functional
regions (entrance and outlet), which is a most realistic
assumption in this scenario. With pre-defined clustering,
the proposed algorithm could infer the knowledge about
regions very well (detection rate only dropped from 82.9% to

75.4%), but with automatic clustering it dropped from 58.1%
to 43.1%. The used clustering algorithm was known to be
quite straight-forward, but it was assumed that its quality was
sufficient. The given experiment disproved this assumption
by evaluating its impact on high-level process detection.
Thus, the evaluation approved one of the main goals of
the approach: to show that complete knowledge about the
whereabouts of the functional regions is not really necessary
and can be deduced by formal reasoning—but only with a
sufficiently high quality of the clustering method. Improving
this quality is a reasonable next step to improve the overall
performance of the system.

VI. SUMMARY
In this paper, we have investigated how to evaluate the

performance of a surveillance robot system in order to gather
information for logistic optimization a warehouse scenario.
Several options exist to improve the robot’s behavior in
certain subtasks, and all of the subtasks have individual per-
formance measures. The impact of different design options to
overall logistic performance measures is hard to understand,
as they mutually affect each other. We have exemplified
shortcomings of current robotics metrics with regard to
their contribution to a complex system and argued for an
integrating approach where users can specify performance
metrics on a higher level of abstraction such that they can
be related to the overall performance more easily. Finally, we
have exemplified this by showing evaluation results from an
ongoing case study that was able to identify shortcomings in
one particular part of the system by evaluating higher-level
concepts.
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