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Abstract: Practical applications of computer vision in smart cities usually assume system integration and operation in challenging open-world environments. In the case of
person re-identification task the main goal is to retrieve information whether the specific person has appeared in another place at a different time instance of the same
video, or over multiple camera feeds. This typically assumes collecting raw data from video surveillance cameras in different places and under varying illumination
conditions. In the considered open-world setting it also requires detection and localization of the person inside the analyzed video frame before the main re-identification
step. With multi-person and multi-camera setups the system complexity becomes higher, requiring sophisticated tracking solutions and re-identification models. In this
work we will discuss existing challenges in system design architectures, consider possible solutions based on different computer vision techniques, and describe
applications of such systems in retail stores and public spaces for improved marketing analytics. In order to analyse sensitivity of person re-identification task under
different open-world environments, a performance of one close to real-time solution will be demonstrated over several video captures and live camera feeds. Finally, based
on conducted experiments we will indicate further research directions and possible system improvements.
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1 INTRODUCTION

Modern computer vision techniques are solving complex
technical challenges posed by applications in open-world
settings. This refers to scenarios in which the system must
overcome uncontrolled and difficult to predict characteristics of
the operating environment. This is also the case with person
detection [1] and person re-identification [2] tasks, which have
traditionally been researched in the context of autonomous
vehicles [3], robotics [4], human-machine interfaces [5], crowd
analysis [6], and most commonly security applications [7]. The
concept of smart cities [8] and the integration of such vision
systems [9]-[11] into complex decision-making frameworks
[12]-[14] have introduced the need for efficient and robust
solutions, with the ability to make necessary trade-offs between
operational costs and system performance on a case-by-case
basis. The common goal is providing necessary insights into
persons’ behaviour based on the ability to detect and possibly
re-identify the same person at different points in time and space
[15]. Such applications also raise the questions of ethical and
privacy nature, which is a significant line of current research
[16], [17]. Nevertheless, integration of behaviour analysis
systems in retail stores and public spaces is gaining momentum
[18] and is expected to have significant impact on insightful
business operations and space management.

Approaching potential customers based on research
analysis of their behaviour can be considered a key ingredient
for designing successful marketing strategies and campaigns. It
is also manifestation of the general trend of tailored campaigns
and data-driven decisions emerging across different modalities
of interaction with retail shoppers and public space users. In
other words, persons’ movement patterns and time spent in
different parts of a store or elsewhere directly answer the
questions: "How do consumers shop?”, or "How people engage
in public space?”. Data driven insights into these questions are
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foundations for comprehensive understanding of their
behaviour. Thus, behavioural constructs in different conceptual
frameworks, like e.g. emotional regulation consumption or
compensatory consumption [19], can be better related with the
motivational and emotional aspects of the shopping process and
public infrastructure engagement. It is also the kind of data that
cannot be obtained from point-of-sale [20] or simple visitor
statistics [21]. Therefore, spatial analysis of human behavior can
be considered one of the complementary technologies for
achieving optimal decisions and reducing the cost of adapting to
individual needs of customers or users. In this paper, we provide
a brief overview of methods and approaches for addressing
design challenges for person detection and person re-
identification in open-world environments and describe their use
in retail sector and public spaces. We also present a
demonstration of one cost efficient, close to real-time solution
based on OAK-D lite [22] embedded vision platform [23] and
discuss advantages and limitations of such hardware
implementation and baseline algorithmic approach.

The rest of the paper is organized as follows. In Section I
we break down the landscape of existing methods for person
detection and person re-identification tasks and provide a
structured overview of research directions that have been
established by pursuing different solution architectures under
the assumptions of specific imaging modalities, identification
scenarios, robustness requirements and model learning
strategies. In Section Ill we go into implementation details of
developed low-cost solution and indicate advantages and
limitations of the adopted fast prototyping system design
approach. Section IV presents conducted experiments and
discusses their implications for possible applications in retail
marketing analytics and public space management. Finally, in
Section V we indicate directions for future research and possible
system improvements.



2 RELATED WORK

Person detection [1], [10], [11], alongside face detection
[24], [25], is probably one of the most studied object detection
tasks in the literature [26]. Similarly, person re-identification
(RelD) [2], alongside face recognition [27], is one of the long-
standing recognition problems in vision [28], [29]. Its goal is to
retrieve information whether the specific person has already
appeared in video or over multiple camera feeds in the past. In
such case, re-identification is considered as successful if we can
correctly assign person’s identity with some of the identities
already present in the gallery, or create a new identity entry in
the case of novel person in the scene. Described working
scenario corresponds to the open-set RelD task, which is
different from the closed-set setting in which it is assumed that
the query object already exists in the gallery. These two
problems, detection and re-identification, can be approached
either traditionally, i.e. separately [30], [31], in a sequential
manner, or jointly, i.e. in an end-to-end manner [32], [33], which
is a characteristic of more recent RelD approaches. In the
following we provide a brief overview of methods utilized in
these two specific tasks of interest.

2.1 Detection task

In general, besides the problem of defining object
categories [34], object detection approaches solve two
fundamental problems in vision: localization and classification of
object instances inside the scene. Consequently, binary
classification of persons in the image can be formulated as a
two stage: localization and detection problem, or as a single
stage, i.e. one step regression task [26]. As there are numerous
approaches for person detection, their applicability depends on
the cost-performance trade-off put in front of system designer.
The role of the detector in the broader context of the system in
which it operates is also important. In this sense, the choice of
an adequate working point on the detector’s receiver operating
characteristic (ROC) is also a matter of compromise and the
requirements set regarding the subsequent processing of
generated information. Thus, precision and recall, or the
relationship between detector's sensitivity (hit rate) and
specificity (false positives rate) play a crucial role in the design
choice of accompanying or downstream processing elements
that are relying on detector's decisions. However, in some
cases, greedy approaches in which the possibility of a miss is
avoided by increasing the sensitivity of the detector, despite a
higher number of false alarms, are also justified if it is possible
to adequately use such results. Such techniques may include
the use of detection or confidence scores in the case of still
images, spatial filtering based on the temporal history of the
object’s locations in the case of video signal, or additional side
information obtained from other sources. In the given context of
public spaces monitoring and retail analytics, it is interesting to
note that usual detection paradigm can be modified in order to
overcome some of the difficulties posed by the application
scenario. Thus, a new object detection paradigm called Locount
is proposed in [35], with the goal of localizing groups of objects
of interest and estimating number of instances within the group.
It is similar to the type of problems considered in [6], which
indicates that the task of person detection is still of active
research interest. This is especially true in the case of open-
world environments, where adaptation and resilience to various
aggravating circumstances such as illumination variation, image
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noise, presence of occlusions, and variations in scale or
resolution of persons in the video are often needed. It is
achieved through advanced learning techniques, data
augmentation, or combining of different signal modalities.

2.2 Re-identification task

According to [36], image-based person re-identification
methods can be broadly grouped by: 1) signal modality (e.g.
visible, infrared [37], thermal [38], or cross-modal [39]); 2)
learing approaches (e.g. whether the recognition is based on
metric learning [40], [41] or more complex deep RelD
architectures and learning frameworks [31], [42]); and 3) how
generalization across multiple domains, i.e. cross-domain RelD
is addressed [43]. Video-based person RelD methods [44]-[46]
that exploit temporal information in the learning process are also
seen as a separate line of research, with a similar division of
methods with respect to the above-mentioned properties. Other
aspects in relation to which RelD solutions are considered
include different types of challenges where standard methods
exhibit certain weaknesses, leading to classes of special,
specific methods that effectively overcome the limitations of
standard solutions. Thus, the main characteristics of effective
RelD solutions aare invariance to different variations of the input
signal and robust hierarchical feature representations that lead
to accurate identity matching.

Resolution mismatch [47], when a low resolution query
image is matched against the high resolution gallery samples, is
a common example of RelD problem that is affected by the
scale of the object and image acquisition setup. Opposite
situations of high resolution query images are also common,
giving rise to resolution independent features [48] and multiscale
pyramid representations [45].

The most common person RelD goal is a short-term
identification, where it is assumed that the pedestrian’s clothing
remains unchanged over time. While such assumptions are fully
justified in the case of described retail application scenarios, a
more general solution would be the invariance of RelD to
changes in person’s clothing [49] and appearance [50], when
captured during different activities. Thus, a step forward ideal
long-term or lifelong person RelD would be invariance to cloth-
changing, which could be regarded as more applicable in real-
world scenarios. In [51] authors claim that the most reliable
discriminative characteristic for above-mentioned invariance is
unclothed body shape, i.e. effective representation of the 3D
shape and texture of the human body. It is closely related to
other biometric identification methods based on human gait
recognition [4], [52], which are complementary to classical
image- or video-based RelD [53].

Significant class of adaptation methods also includes
occluded person RelD [54]-[57]. A common strategy is to steer
RelD toward decisions based on features that comprehend or
do not take into account the hidden part of the person. Such
examples include learning the dynamic prototype mask [54],
feature attention mask [58], saliency-guided patch transfer [56],
using multiple views of the same person [55], or relying on part
based representations [59] and fine-grained image analysis [60],
see e.g. [61], [62]. There have also been attempts to partition
feature space [63], while the standard leaming strategy for
person RelD has been the triplet loss framework [64], [65] and
its extensions [66]. Alternatives include various deep metric
learning approaches [40] and ranking optimization at inference
stage [42].



2 PROPOSED PERSON RelD IMPLEMENTATION

In order to analyze the sensitivity of person re-identification
task under open-world setting of retail stores and public spaces
we have implemented one cost efficient, close to real-time
solution. It is based on OAK-D lite [23] device and pre-trained
person detection and person RelD models made using
OpenVINO [67] hardware acceleration deep learning framework.
The corresponding camera device is shown in Fig. 1 and its
main characteristics are summarized in Table I.

Table 1 Main characteristics of OAK-D lite platform

Feature Specification
Processor Intel Movidius Myriad X VPU
Cameras 1x 13 MP RGB (IMX214, rolling shutter)

2x 0.31 MP mono (OV7251, global shutter)
75 mm
4 TOPS (1.4 TOPS for Al)

Stereo baseline
Al performance

\Video output Up to 4K@30fps (H.264/H.265/MJPEG)
Depth perception | Stereo, 300,000-point, 200+ FPS
Connectivity USB 3.1 Gen1 Type-C
Dimensions (WxHxD), 91 mm x 28 mm x 17.5 mm
Weight 619

ariants Fixed-focus / Auto-focus (RGB cam)
Mounting 1/4"-20 tripod, VESA (7.5 cm, M4)

As can be seen from Table |, it is a versatile and
heterogeneous computing platform. It is suitable for applications
in different vision tasks that require real time stream processing
and advantages of using embedded hardware implementation,
such as high level of integration, small form factor, modular
design, low power consumption and relatively low cost, taking
into account that the device integrates both imaging devices and
signal processor. Besides providing the options of choosing
between the global and rolling shutter, on board cameras are
also designed to be geometrically precisely aligned in a linear
arrangement to facilitate calibration and accurate distance
measurements. Nevertheless, in the given experiments we have
relied only on the main high resolution RGB camera and
multiple stream processing by frame grabbing from created
camera source in the constructed processing graph.

Figure 1 Embedded vision platform used in experiments

OAK-D Lite platform integrates multiple specialized
processing units and sensors that collaboratively handle
different computational tasks, optimizing performance and
efficiency. Thus, Movidius Myriad X Vision Processing Unit
(VPU) integrates several system components two of which are
of main interest for implemented person RelD. First one is
Image Signal Processor (ISP), on-chip hardware accelerator
responsible for different camera pipeline functions and high-
throughput image pre-processing tasks such as denoising and

266

color correction. The second one is Neural Compute Engine
(NCE), neural network hardware accelerator, which enables
efficient deployment of trained deep learning models or any
other computational graphs that are possible to define in
supported ONNX [68] or OpenVINO [67] network exchange
formats. Its advantage is small power consumption, which is
especially suitable for edge processing and deployment in
environments that require continuous system operation. Note
that although the main processing (person detection and person
RelD) was done on embedded platform, experimental setup
also required a host device (CPU) for higher-level program
control and application logic (visualization, communication and
/O interface).

For software implementation, besides the device drivers
and other utilities provided by Luxonis corporation under the MIT
license in official DepthAl code repository [69], we have used
OpenCV [70] and Python programming language. We note that
there are also C++ device interfaces and code implementations,
available in [71]. The main algorithmic solution was taken from
OpenVINO repository and consists of the pre-trained person
detection model, available in [72], and person RelD model
available from [73]. As a starting point for developing additional
functionalities we have utilized demonstration script in [74], from
which the provided code implementaton was made:
https://github.com/brkljac/personRelD. Possible alternative for
baseline implementation could also be some general purpose
RelD toolbox [75].

4 EXPERIMENTAL RESULTS AND DISCUSSION

The experiments included visual analysis of system
performance in various operating environments. We have
analyzed ability of system to cope with person RelD task in
outdoor and indoor space, under different illumination and in the
presence of varying number and dynamics of people. General
conclusions is that in all considered scenarios system managed
to achieve close to real time operation, but never more than =
12 frames per second (fps). On the other hand, under certain
difficult conditions, the fps dropped even to = 4 fps. This
included low-light conditions, but mainly the presence of very
dynamic background noise in the scene. For example, in an
outdoor scene where a significant portion of the background
was covered by leaves, in the presence of wind, the background
dynamics were very pronounced and caused additional
slowdown. However, even in such cases the final RelD result
was quite good and without any false detections in the
described background area. The most challenging RelD were
cases where the same person changed orientation towards the
camera while walking or when entering and exiting the scene.
This led to the creation of multiple identities for the same
person, which is a common problem with person RelD. During
experiments in an indoor retail space, it was found that certain
object arrangements cause false person detection and initialize
a correct but false person RelD in subsequent frames. This
indicates that person detection module could be subject to
further improvements in terms of robustness.

Most of the situations described above are illustrated in Fig.
2 and Fig. 3, while the corresponding video files are available in
the given code repository, Section IIl.

The observed variability in people’s appearance could be
overcome by model training on datasets like [76], [77], which
contain a sufficiently diverse range of appearances (positions of
the person relative to the camera, changes in illumination and



different human activities). Another research direction are more
frequent RelD model updates through better use of historical
appereances and without re-indexing of images in the gallery
[78].

5 CONCLUSIONS

In this paper, we analyzed solutions for person RelD from a
technical and application perspective. Conducted experiments
revealed the need for improvement of the existing baseline
solutions in order to make them fully applicable as analytic tools
in the considered retail stores and public spaces. They also
revealed the need to combine signal modalities in order to filter
and improve existing RelD in indor space. Therefore, perceptual
features like

B Uhypy,

Figure 2 (a) succesful RelD, but with low fps rate due to dynamic background
noise; (b) succesful RelD under low light conditions, but with identity loss after
change of person's orientation at the end of sequence; (c)retail store
application.

Figure 3 (a) crowded indoor space: successful RelD, but with low fps; (b)~false
person detection, but with correct RelD; (c)~low light operation.

image depth [79], sound or other sensing devices [80] could
bring complementary side information. As already mentioned,
[6], [35], crowded scenes and cluttered object detection
sometimes require alternative formulations of standard vision
tasks.

On the side of possible applications, further analysis of the
data collected by RelD systems could reveal a more complex
behavior patterns [81], [82], i.e. go beyond simple statistics like
time spent in different parts of a retail store. On the other hand,
unsupervised representation learning [83] seems to be the key
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for described challenges and increasing the robustness of RelD.
Nevertheless, existing person RelD solutions are already at the
level that makes them applicable in the given context.
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