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Abstract

Reliable identity preservation is essential in retail multi-object tracking because an identity
switch may assign dwell time, shelf interactions, or demographic statistics to the wrong
consumer trajectory. This challenge is amplified in crowded indoor scenes, where occlu-
sions and appearance ambiguity weaken conventional association cues. This work presents
a demographic-aware multi-object tracking framework for retail environments that ex-
ploits spatial, motion-based, appearance-based, and demographic cues within a modular
tracking-by-detection pipeline. The proposed approach integrates loU-based spatial as-
sociation, LSTM-based motion forecasting, RelD appearance embeddings, and apparent
demographic information derived from age-group and gender predictions into a common
association cost. The core assumption is that demographic attributes should remain consis-
tent across neighboring frames for the same tracked individual; therefore, demographic
agreement can serve as a weak semantic cue during detection-to-tracklet association. Un-
like conventional pipelines that treat multi-object tracking and demographic estimation as
independent stages, the proposed method reuses the outputs of an existing Inception-based
apparent demographic classifier to support identity preservation, without introducing a
new demographic estimation model or requiring end-to-end retraining. The framework is
evaluated on RGB retail tracking sequences from the Consumers dataset under both raw
and privacy-aware anonymized settings. The proposed method achieves 84.8% MOTA
and 87.8% IDF1 on raw data and 80.0% MOTA and 85.3% IDF1 under anonymization,
improving the strongest evaluated baseline by 0.4 and 0.6 percentage points and by 1.0
and 1.3 percentage points, respectively, while preserving the same low ID-switch counts.
Although incremental in absolute terms, these gains are consistent across both evaluation
settings and are obtained over a strong baseline in challenging indoor retail sequences.
The results indicate that even a lightweight demographic-consistency cue can provide
measurable complementary information for improving consumer trajectory stability.

Keywords: multi-object tracking; demographic estimation; RelD; retail analytics; tracking-
by-detection

1. Introduction
1.1. Problem Context and Motivation

The automation of consumer behavior understanding in physical retail environments
remains an important challenge for computer vision and retail analytics. Multi-object
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tracking (MOT) forms the algorithmic foundation of this process, since per-frame detections
must be associated into temporally coherent trajectories before higher-level indicators can
be computed. In retail scenarios, such trajectories enable the estimation of dwell time, zone
affinity, shopper—shelf interaction, and inter-consumer movement patterns that can support
store-layout analysis and product-placement strategies [1,2].

In this setting, overall tracking accuracy is not the only relevant objective. For down-
stream retail analytics, preserving stable identities over time is particularly important,
because identity switches may propagate directly to estimates of dwell time, shelf/product
association, and demographic group-level statistics. A fragmented or inconsistent tracklet
may therefore affect not only standard MOT indices, such as MOTA and MOTP, but also the
reliability of subsequent consumer-behavior indicators. Within this framework, reducing
identity switches and improving tracklet continuity becomes essential for transforming
visual observations into meaningful retail analytics.

Indoor retail scenes introduce domain-specific challenges that are not always fully
captured by standard pedestrian tracking benchmarks. Consumers often move irregularly,
stop near shelves, turn abruptly, interact with products, or become partially occluded by
other consumers and store structures. Reflective surfaces, narrow aisles, low-resolution
body crops, and visually similar clothing further increase the ambiguity of frame-to-frame
association. The authors in [3] addressed this domain gap by introducing the Consumers and
Body-Image Dataset (BID), captured in live retail stores, together with a modular pipeline
combining YOLOX-based detection, LSTM-augmented motion forecasting, and apparent
demographic classification at real-time speeds.

Raw movement trajectories can be further enriched with apparent demographic at-
tributes, such as age group and perceived gender, to support demographic-level retail
analysis. This estimation layer operates on full-body bounding boxes without relying on
facial imagery, both because retail camera viewpoints frequently fail to capture the face
and because privacy constraints and data-protection requirements limit unconstrained
facial data processing in public commercial spaces. The authors in [3] further reported
that an Inception-based multi-attribute classifier can retain competitive performance on
anonymized body crops, suggesting that silhouette, posture, and clothing can provide use-
ful demographic cues for practical consumer segmentation without exposing identifying
facial information.

1.2. Challenges and Limitations of Existing Methods
1.2.1. Multi-Object Tracking

Multi-object tracking (MOT) remains a challenging computer vision problem because
it requires the continuous association of detections across time under changing visual
and scene conditions. Although recent deep learning-based tracking frameworks have
significantly improved tracking accuracy and robustness, maintaining reliable trajectory
continuity and consistent identity assignment in real-world scenarios remains difficult [4,5].
These challenges are particularly relevant in indoor retail environments, where consumers
are often captured under low resolution, varying illumination, cluttered backgrounds,
reflective surfaces, and significant viewpoint changes. In such settings, MOT systems do
not only aim to maximize standard tracking accuracy; they also provide the temporal struc-
ture required by downstream analytics, including dwell-time estimation, zone occupancy,
shelf/product association, and demographic-level behavioral analysis. Consequently, ID
switches and fragmented trajectories may propagate errors to subsequent inference stages,
reducing the reliability of the final consumer analytics.

One of the most significant challenges in MOT is occlusion, which occurs when tracked
individuals become partially or fully hidden by other pedestrians, products, shelves,

https:/ /doi.org/10.3390/ electronics15143089


https://doi.org/10.3390/electronics15143089

Electronics 2026, 15, 3089

30f20

or scene structures. Occlusions are especially common in crowded or narrow indoor
spaces and often interrupt trajectory continuity, leading to fragmented tracks or incorrect
identity reassignment after target reappearance. Traditional tracking approaches based
mainly on spatial proximity or bounding-box overlap frequently struggle under prolonged
occlusions due to the loss of visual continuity between consecutive detections [6]. Similarly,
appearance-based methods may fail when only limited body regions remain visible or
when the visual evidence is degraded by blur, low resolution, or strong viewpoint changes.
To improve robustness, recent approaches increasingly incorporate motion prediction,
temporal reasoning, and attention-based mechanisms capable of exploiting longer-range
dependencies [7-9].

Another major challenge is identity switching, where the identity assigned to a tracked
individual changes incorrectly during tracking. This typically occurs due to occlusions,
fast motion, missed detections, or visually similar individuals. ID switches directly affect
trajectory consistency and are particularly harmful in retail-oriented MOT, since a single
identity mismatch may assign dwell time, shelf interactions, or demographic statistics to
the wrong consumer trajectory. Modern MOT frameworks attempt to reduce ID switches
through the integration of motion models, appearance embeddings, and re-identification
(ReID) networks [10-12]. Nevertheless, maintaining stable identities over longer temporal
intervals remains an open research problem, especially in crowded indoor scenes where
multiple consumers may exhibit similar clothing, posture, or body shape.

Appearance ambiguity is therefore a fundamental limitation of many tracking-by-
detection approaches. In pedestrian and consumer tracking scenarios, ambiguity often
emerges when different individuals share visually similar characteristics, such as clothing
color, body proportions, or movement patterns. Environmental factors, including illumi-
nation changes, motion blur, and low-resolution video, further reduce the discriminative
capability of visual features. In privacy-sensitive retail settings where reliable face in-
formation is unavailable or intentionally avoided, systems rely primarily on body-level
features, increasing the risk of incorrect matches and ID switches. To alleviate these issues,
recent approaches combine appearance descriptors with temporal, spatial, and geomet-
ric cues [13], while transformer-based architectures have shown improved robustness by
capturing richer spatio-temporal dependencies [9,14].

Reliable data association is therefore central to MOT, as it links detections across frames
to form trajectories. Many modern trackers rely on either intersection-over-union (IoU)-
based matching or appearance-based RelD embeddings. IoU-based association assumes
spatial continuity between consecutive detections and associates objects based on bounding-
box overlap. While computationally efficient, this strategy becomes unreliable under rapid
motion, occlusions, or missed detections [6]. RelD-based association relies on deep ap-
pearance embeddings to distinguish between targets, but its performance may degrade
under viewpoint changes, illumination variation, partial visibility, or low resolution [10].
Hybrid approaches that combine IoU matching, motion estimation, and appearance em-
beddings provide improved robustness in complex scenarios [3,12,15]. However, these
strategies typically rely on geometric and appearance-based evidence only. In contrast,
the present work investigates whether apparent demographic predictions can provide
an additional weak semantic consistency cue during association, complementing spatial,
motion, and appearance information in challenging retail tracking scenarios.

1.2.2. Demographic Predictions

Frame-level demographic predictions may exhibit temporal inconsistencies when
applied independently to each detected body crop. The same consumer may receive dif-
ferent age-group or gender predictions across neighboring frames due to pose variation,
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partial occlusion, motion blur, low image resolution, or proximity to a classifier decision
boundary. Although such fluctuations may have limited impact when predictions are eval-
uated independently at the frame level, they become more problematic when demographic
information is aggregated over tracklets for downstream retail analytics.

Most existing pipelines treat tracking and demographic estimation as separate stages:
first, detections are associated into trajectories, and then demographic predictions are
assigned to the corresponding body crops. Under this formulation, the demographic
classifier has no direct influence on the association decision, even though demographic
attributes should remain stable for the same individual across neighboring frames. Con-
versely, candidate detections with compatible demographic predictions can provide weak
semantic evidence that they may belong to the same identity, especially when geometric
and appearance-based cues are ambiguous.

Instead of using demographic predictions only as post-processing information over
completed trajectories, this work exploits them at an earlier stage, during frame-to-tracklet
association. Apparent age-group and gender predictions are used as semantic consistency
cues within the association cost, complementing IoU-based spatial matching, motion
prediction, and appearance-based RelD embeddings.

1.3. Proposed Approach and Main Contributions

In this work, we propose a demographic-aware multi-object tracking framework for
retail environments that integrates demographic information directly into the associa-
tion stage of a tracking-by-detection pipeline. The proposed method combines spatial
information derived from bounding-box overlap, motion cues provided by the existing
LSTM-based tracker, appearance-based similarity extracted from a ReID module, and de-
mographic consistency cues obtained from age-group and gender predictions.

The core assumption of the proposed approach is that demographic attributes of the
same individual remain consistent across neighboring frames. Based on this observation,
demographic predictions are incorporated into the association cost matrix together with
IoU- and embedding-based distances in order to improve identity preservation and reduce
mismatches during tracklet assignment. As a matter of fact, the proposed work does not
introduce a new demographic classifier. On the contrary, it investigates how the outputs of
an existing Inception-v3-based apparent demographic estimation model can be reused as
semantic association cues within a MOT pipeline. The proposed formulation is modular
and can be integrated into existing tracking-by-detection pipelines without retraining the
detector or the demographic classifier.

The main contributions of this work can be summarized as follows:

e Weintroduce a demographic-aware association strategy for multi-object tracking in re-
tail environments, where apparent age-group and gender predictions are incorporated
into the detection-to-tracklet matching cost.

e  We formulate a heterogeneous association cost that combines spatial overlap, RelD-
based appearance similarity, and demographic consistency, including an ordinal
age-group distance term.

*  We evaluate the proposed association strategy on retail-oriented RGB tracking se-
quences under privacy-aware conditions and compare it against established MOT
baselines.

*  We show that incorporating demographic consistency can improve identity preserva-
tion and tracklet stability in challenging indoor retail scenes, supporting downstream
consumer analytics where stable identities are critical.
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1.4. Paper Organization

The remainder of this paper is organized as follows. Section 2 reviews related work
on multi-object tracking, RelD-based association, demographic estimation, and attribute-
aware tracking. Section 3 presents the proposed methodology, including the problem
formulation, the underlying tracking-by-detection framework, the demographic-aware
association cost, and the Hungarian-based tracklet update strategy. Section 4 describes the
experimental setup, including the dataset, evaluation metrics, and implementation details.
Section 5 reports the quantitative results and comparative analysis, focusing on tracking
performance, identity preservation, and runtime behavior. Finally, Section 6 concludes the
paper and discusses future research directions.

2. Related Work
2.1. Multi-Object Tracking in Retail Environments

Multi-object tracking (MOT) in retail environments is commonly formulated under
the tracking-by-detection (TBD) paradigm, where detections are linked across frames to
form temporally coherent trajectories. This formulation is compatible with modern deep
learning-based object detectors and supports the extraction of higher-level retail analytics,
such as customer trajectories, dwell time, zone occupancy, and shopper—shelf interactions.
However, retail environments introduce domain-specific challenges, including frequent
occlusions, narrow aisles, reflective surfaces, irregular customer motion, and visually
similar consumers.

Early work in retail tracking introduced trajectory-based customer behavior analysis
using Bayesian tracking methods in store environments [16]. Later, a real-time tracking
framework for retail traffic-flow analysis based on periodic detections and lightweight data
association was proposed in [17].

Computer vision-based smart shelf systems further associate customers with product
interactions using tracking and filtering strategies [18]. More recently, deep learning-
based systems have been introduced for consumer behavior analysis in real retail en-
vironments [19,20]. In a scenario involving multiple cameras, Mendes et al. [21] incor-
porated trajectory-based person re-identification to maintain customer identities across
non-overlapping cameras. Beyond camera-based tracking, several retail analytics sys-
tems have explored alternative sensing modalities. RFID-based tracking data and pattern
mining have been used to analyze shopping paths and their relationship to purchasing
behavior [22-24].

Multi-sensor approaches, including RGB-D and RGB-thermal configurations, have also
been explored in person-tracking and retail-related scenarios, mainly to improve robustness
under illumination changes, occlusions, and partial visibility. For example, RGB-D vision
and radio beacon sensor fusion have been investigated for customer profiling and indoor
movement analysis [25], while BLE beacon-based localization and smart shopping-cart
systems have been proposed for customer positioning, heat-map analysis, and personalized
in-store advertising [26,27]. A retail-oriented multi-modal tracking-by-detection framework
combining RGB and thermal imagery for consumer tracking and demographic analysis
was presented in [28], while RGB-thermal fusion methods have been proposed to improve
detection robustness under challenging visual conditions [29,30]. Although these works
demonstrate the potential of multi-modal sensing, the present study focuses on RGB retail
tracking sequences and investigates how demographic predictions can be exploited as an
additional association cue.

Beyond retail-oriented MOT, recent deep learning approaches from adjacent detection
and tracking domains further illustrate the benefits of context-aware and discriminative
representation learning under challenging sensing conditions. Wang et al. [31] introduced
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a global feature-injected blind-spot network for hyperspectral anomaly detection, using
enlarged receptive fields and channel-attention-based global context modeling to improve
the separation of anomalous targets from complex backgrounds. Teng et al. [32] proposed
a positive-negative prompt mining network for UAV-based multispectral object tracking,
in which target-relevant information and background-interference cues are jointly mod-
eled to strengthen the learned tracking representation. Although these methods address
different tasks and sensing modalities and are therefore not directly comparable with RGB
retail MOT, they demonstrate the broader value of global-context modeling and explicit
target-background discrimination in deep detection and tracking systems.

Privacy-aware tracking and anonymization methods have also emerged to address
data protection concerns in video analytics that aim to reduce personally identifiable
information while preserving downstream visual utility. Existing approaches include
reversible image transformation [33,34], head inpainting [35], privacy-enhanced video
streaming [34], face anonymization [36,37] and configurable video deanonymization [38]
as representative examples. In the present work, privacy awareness is addressed at the
dataset and evaluation level through anonymized body crops and face-blurred consumer
sequences, following the retail benchmark introduced in [3].

2.2. Appearance-Based Association

Recent MOT approaches have increasingly explored stronger association mecha-
nisms, including transformer- and attention-based association models [9] and RelD-assisted
multi-stage matching strategies [12]. Joint detection-and-embedding architectures, such
as JDE [39] and FairMOT [40], learn detection and RelD features within a single net-
work, reducing the latency overhead of running a separate ReID model. Furthermore,
Chan et al. [41] proposed a multi-object tracking framework that combines hybrid attention
mechanisms and embedding association to improve feature discrimination and reduce
identity switches by jointly exploiting appearance and geometric information during ob-
ject association.

Apart from architectural unification, works such as DeepSORT [10] and Strong-
SORT [11] have adapted appearance embeddings to the requirements of MOT, which
differ from standard person RelD benchmarks. More recently, Wang et al. [42] proposed a
method to improve robustness under occlusion, while a transformer-based RelD extension
for stronger representations under occlusions and long temporal gaps is explored in [43].
Cross-resolution RelD approaches [44] further attempt to address degraded visual quality,
although such methods are still rarely integrated into practical MOT pipelines. Despite
these advances, appearance-based association remains challenging under severe occlusions,
similar clothing, partial visibility, and low-resolution detections.

2.3. Apparent Age and Gender Estimation

Apparent demographic estimation aims to infer visually perceived attributes, such
as age group and gender, from image data. Most existing approaches rely primarily on
facial information, since facial texture, geometry, and appearance provide strong cues for
age and gender estimation [45-47]. However, in retail environments, facial information
is often unavailable, unreliable, or intentionally anonymized due to camera viewpoint,
low resolution, occlusions, and privacy constraints. As a result, body-based apparent
demographic estimation becomes a more suitable setting for privacy-aware retail analytics.

Body-based demographic estimation relies on coarser visual cues, including silhouette,
posture, clothing, body shape, and gait-related information [48-50]. Although these cues
are less discriminative than facial information, previous work has shown that they can
support practical age-group and gender prediction when facial information is not available.
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In particular, Panagos et al. [3] introduced the Body-Image Dataset (BID) and evaluated an
Inception-based multi-attribute classifier on full-body consumer crops under anonymized
conditions, while Yuan et al. [51] proposed the Body Age (BAG) dataset for age estimation
using body-based images.

In the present work, we do not introduce a new age or gender estimation model.
Instead, we reuse the outputs of the existing Inception-based demographic classifier as
semantic cues for data association. This shifts the role of demographic estimation from
a purely downstream analytics module to an auxiliary source of identity-consistency
information during tracking.

2.4. Attribute-Aware Association for Tracking

Semantic pedestrian attributes, including gender, age, clothing color, body shape,
and hairstyle, provide high-level identity-related information that may complement low-
level appearance embeddings.

Published work in pedestrian attribute recognition and soft biometrics showed that
such descriptors can support person re-identification when facial information is unavailable
or when visual conditions reduce the reliability of texture-based descriptors [52,53].

Attribute-assisted RelD methods further demonstrated that combining attribute-level
information with conventional appearance descriptors can improve identity matching
under viewpoint changes, illumination variation, and partial occlusion [54,55].

In MOT, most association strategies rely primarily on geometric, motion-based,
and appearance-based evidence.

Some approaches rely solely on spatial overlap between bounding boxes [5,6] for
association to determine matched detections with tracklet estimations. This paradigm
fails under heavy occlusion conditions and some methods have been proposed to improve
its performance [56,57]. In formulations such as DeepSORT [10] and StrongSORT [11]
association is resolved by combining spatial overlap with motion prediction and/or learned
appearance descriptors computed from detection crops.

All these design paradigms can benefit from the exploitation of semantic attributes
which may provide an additional source of consistency, especially in ambiguous association
cases. For example, two detections that are spatially close and visually similar but have
incompatible apparent demographic predictions are less likely to correspond to the same
individual than two detections that are also consistent in age group and gender. A sudden
apparent age-group or gender mismatch can be treated as weak evidence against an
assignment, especially when spatial and appearance cues are ambiguous. The use of
semantic and attribute cues for detection-to-track association extends the classical IoU-
based and appearance-based matching criteria of tracking-by-detection pipelines with
higher-level semantic consistency constraints. Augmenting the association cost matrix
with attribute consistency terms can therefore provide additional evidence against unlikely
assignments. This observation is particularly relevant in privacy-aware retail tracking,
where face information is unavailable and body-level descriptors may be affected by low
resolution, occlusion, and similar clothing.

The present work follows this association-level perspective. Rather than training a joint
tracking-classification model, we incorporate apparent age-group and gender predictions
into the detection-to-tracklet association cost. In this way, demographic predictions are used
as weak semantic consistency cues that complement IoU-based spatial matching, LSTM-
based motion forecasting, and RelD appearance embeddings. This provides a lightweight
and modular alternative to fully joint multi-task architectures, while directly targeting
identity preservation in retail tracking scenarios.
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3. Proposed Method

Figure 1 summarizes the proposed pipeline and illustrates how spatial, motion, ap-
pearance, and demographic cues are integrated before the final association stage.

Input image

N

Lightweight detection
model

Detected
consumer
instances

Inception-based
backbone

Existing | Tracker
tracklets | memory

Motion
LSTM forecasting

[ Position estimations ]

spatial overlap

Appearance l ?em’g;gl;g]s . (IoU distance)
embeddings }2 [M. 12-20] demographic
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d . d
L association cost loU
}‘emb C= )“loU ClIoU + l’emb CIemb + l’demo ddemo }‘IOU

[ Linear assignment ]

Output trajectories

Figure 1. Overview of the proposed demographic-aware MOT pipeline. YOLOX detections, LSTM-
based motion cues, RelD appearance embeddings, and apparent demographic predictions are com-
bined within the association cost to improve consumer trajectory consistency.

3.1. Problem Formulation

The tracking module is responsible for assigning detections across frames and con-
structing a separate trajectory for each consumer. A trajectory can be represented as a
sequence of bounding boxes:

T={B...,Biir}, B;€R% (1)
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where each bounding box is defined as:
Bi = (x,y,w, h), (2)

with x and y denoting the spatial position of the bounding box, while w and / correspond to
its width and height. The goal of a tracking algorithm is the generation of a set of sequences
T that represent the movement trajectories of all object instances within the tracked scene.

3.2. Multi-Object-Tracking Framework

The proposed methodology adopts the tracking-by-detection paradigm, where in-
dividuals are first detected independently in each video frame and are then associated
over time in order to form continuous trajectories. In this framework, the detection stage
provides bounding-box candidates for consumers appearing in the scene, while the tracking
stage is responsible for maintaining their identities across consecutive frames. The overall
pipeline is modular and consists of three main components: an object detection network,
a motion prediction module, and an association mechanism. The detection network extracts
consumer bounding boxes together with confidence scores for each frame. These detections
are then passed to the tracking module, which associates them with existing trajectories.
To improve the robustness of the association process, especially in cases of temporary
occlusions or irregular consumer motion, motion forecasting is incorporated through an
LSTM-based model, while individual consumer appearance embeddings and demographic
information are extracted using a CNN-based Re-ID module.

Each module is trained separately and integrated into a unified tracking pipeline.
This modular design allows the tracker to combine detection information with temporal
motion cues, appearance embeddings, and demographic consistency cues, improving
trajectory continuity in challenging indoor retail environments without requiring end-to-
end retraining of all components. The final output of the system is a set of trajectories,
where each trajectory corresponds to a detected consumer and describes their movement
throughout the video sequence.

3.3. Object Detection

To identify consumer instances that appear in a scene, this work employs the YOLOX-S
detection model [58]. Its architecture adopts a feature pyramid backbone with an anchor-
free design that uses decoupled heads for classification and bounding box regression. This
structure supports both high accuracy and computational efficiency. For every frame,
the detector produces bounding boxes along with confidence scores, which are then passed
to the tracking stage. To ensure a fair comparison, all evaluated methods for tracking rely
on the same detection backbone.

3.4. Object Tracking

At every frame, the tracker attempts to associate the newly detected bounding boxes
with already existing tracklets. These tracklets may be categorized into different states
depending on their recent matching history, such as active, inactive, or lost. Active tracklets
correspond to targets that have been successfully matched in recent frames, while inactive
or lost tracklets refer to targets that have temporarily disappeared, usually due to occlusion,
missed detections, or exiting the visible region of the scene.

The association procedure follows a detector-centered strategy. Initially, detections
are divided according to their confidence scores. High-confidence detections are matched
first with the predicted locations of existing tracklets. For this purpose, a cost matrix is con-
structed using the intersection-over-union metric between detections and predicted tracklet
positions. The optimal assignment is then obtained through the Hungarian algorithm.
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After the first association step, unmatched tracklets and detections are processed in
additional matching stages. Lower-confidence detections may still contain valid consumer
observations and are therefore considered in a subsequent association step. This allows the
tracker to recover targets that would otherwise be ignored due to lower detector confidence.
In addition, inactive tracklets are also considered in the matching process, enabling the
continuation of trajectories after short-term occlusions or detection failures.

When a detection cannot be matched with any existing tracklet, a new trajectory
is initialized. Conversely, if a tracklet remains unmatched for a predefined number of
frames, it is first marked as lost and may eventually be removed from the tracking process.
This strategy allows the tracker to maintain stable identities while avoiding the indefinite
preservation of trajectories that are no longer visible in the scene.

3.5. Demographic-Aware Association Cost

Let T; denote an active tracklet and D! a detection at frame t. The association cost
between active tracklets and detections obtained from the detection network is defined as

Cjj = diou(T;, D) (3)

where dj,y is measured as the spatial IoU overlap between two bounding boxes.

We propose an association cost that incorporates appearance feature embeddings
and apparent demographic predictions extracted from the Inception-based demographic
estimation module:

Cl; = d1ou(Ty, D!) + e (T, DY) + dgemo (T3, DY), @)

where

*  demp denotes the appearance embedding distance,
*  dgemo represents the demographic distance.

The appearance embedding distance follows the cosine rule:

P 5)
lerTT2llepy T2’
while the demographic distance is defined as
Ademo = Wg - W(8i # &j) + Wa - @, (6)

where

*  gi gjare gender labels,

*  a;4;are ordinal age-group indices,

e  Kis the maximum ordinal distance, and

* W, w, are weighing factors to balance the impact of each attribute, set at 0.25 and 0.75,
respectively.

To avoid instances where one factor dominates the association cost matrix, which can
lead to missed associations, we weigh each distance by a factor A;:

Cf] = AIoUdIOU(Tir D]t) + Aembdemb(Tir D]t) + Ademoddemo(Tir D]t')r (7)

In practice, we find that dj,y is the most reliable distance metric, due to the difficulty
of accurately estimating the gender and age group of individuals, followed by drep. For
this reason, we set Ay to 0.75, Ageip to 0.2 and Ageme to 0.05. In addition, since the overall
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weighing factor for dgem, is set to 0.05, different values of wy and w, have no effect on
overall performance in our experiments. An ablative analysis of the weighing factors for
each association cost term is provided in Section 5.2.

4. Experimental Setup
4.1. Dataset

In this work, we employ the Consumers dataset [3], which comprises sequences of con-
sumers in indoor retail scenes. The sequences were recorded under normal store operation
and depict individuals in realistic scenarios, where variations in external appearance (e.g.,
clothing, accessories), occlusions between consumers and the environment and irregular
movement patterns are common. Additionally, each sequence contains one or more con-
sumers entering or leaving the scene and interactions between individuals are frequent.
In contrast to standard pedestrian tracking benchmarks, consumer motion in retail envi-
ronments is often less regular, since individuals may stop near shelves, change direction
suddenly, or interact with other consumers and objects. These characteristics make the
dataset particularly suitable for evaluating tracking methods in realistic retail scenarios.

The dataset comprises a total of 8700 images of spatial resolution 3072 x 1729 in 145
sequences of varying length, organized as groups of images, of which 120 are used as the
training set, and the remaining 25 as the test set. The images belonging to the training set
are used to train the detection models, while the images of the test set are used to validate
both the detection models as well as the trackers. In the test set, there are a total number
of 1134 objects to be detected and tracked across 49 unique trajectories, split among the
25 sequences. An average of 58.64 frames corresponds to each sequence, with 1466 in
total, which amounts to 0.77 objects per frame since there are instances of scenes with
no visible consumers such as before and after exiting the camera field of view or during
occlusion due to the environment. The original dataset splits [3] are followed to ensure a
fair comparison between the different tracking methods. All compared tracking methods
are evaluated under the same detection configuration. In this way, the comparison focuses
on the effectiveness of the tracking and association strategies rather than differences caused
by the detector.

An additional challenge of this dataset is the presence of anonymization in the form
of blurring of the individuals’ face area, to adhere to privacy-respecting regulations such
as GDPR. This introduces compounding difficulties for the detection and Re-ID models,
especially for the latter, since a section of the image that is commonly associated with
gender (head area and hair) is blurred, hampering the accuracy of estimations. The Re-ID
model is trained on the BID [3] dataset, where the train and test set images follow the
same split as in Consumers, since they are the cropped detections. This way, there is a clear
distinction between train and test sets, for both detection and Re-ID models. A statistical
breakdown of the BID dataset is included in Table 1.

Table 1. A statistical breakdown of the BID dataset, for the train and test splits of each demographic

attribute.
Split Samples Gender Attribute
M F

train 5507 39.2% 60.8%
test 1134 44.9% 55.1%
Split Samples Age Group Attribute

12-20 21-36 37-60 61+
train 5507 5.4% 50.4% 39.6% 4.6%
test 1134 12.8% 42.5% 38.7% 6.0%
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4.2. Training and Implementation Details

All models are implemented using the PyTorch 2.4.1 framework and are trained
separately using a single GPU. After training they are unified in the tracking framework.

The detection model is trained on the Consumers training set in the task of person
detection. We use the provided weights of [3] as baseline and fine-tune the network for
an additional 10 epochs with a 0.001 learning rate using Stochastic Gradient Descent. The
first epoch is used as a warm-up period, and the learning rate is annealed using a cosine
scheduler. All other training settings used follow the defaults set by [58]. We train several
lightweight models intended for mobile applications, using two versions of the Consumers
dataset. In the private, held-out version, the images used are raw without any form of
anonymization applied; while in the second, public version, the area around the face of
each consumer has been blurred in order to respect the privacy of each individual.

The LSTM network follows the training procedure of [59], where the training split (7
sequences) of the MOT17 dataset is employed for a total of 100 epochs. For this model,
the Adam optimizer with an initial learning rate of 0.001 is used, and after 60 epochs we
reduce the learning rate to 0.0001. In our implementation, the LSTM uses a single cell
with 128 neurons, as larger configurations did not provide a significant benefit in overall
tracking quality. Since the LSTM is utilized at each tracker update step for every tracklet,
applications in scenarios with a large number of targets can potentially cause an increase in
network latency due to the added computations. By using a lightweight LSTM module,
the overhead of the framework is kept at manageable levels, while the tracking algorithm
benefits from its inclusion.

Finally, the Re-ID model adopts the Inception-based architecture of [60], is initialized
with ImageNet weights and fine-tuned on the BID [3] dataset. BID comprises full-body
images of consumers where the area near the subject’s face has been blurred to preserve
the privacy of individuals and to comply with data regulations. Due to the relatively small
sample size of the dataset, we use a learning rate of 0.0001 with a weight decay of 0.0005 for
10 epochs, to avoid overfitting. That architecture has demonstrated acceptable performance
for indoor full-body image demographic estimation [3] and is modified to also extract a
1024-dimensional feature vector from its input, which is used by the tracker during the
stage of tracklet association.

Conventional frame-level k-fold cross-validation was not employed because the video
data consist of temporally correlated sequences, and a random partition of individual
frames could introduce temporal leakage between the training and validation subsets.
We therefore retained the original sequence-level training and evaluation split adopted
in [3], ensuring direct comparability with the previously reported results. A separate
sequence-level cross-validation protocol was not introduced in the present study. Since
each trainable model was optimized once under this fixed split, the reported results do
not include repeated-seed uncertainty estimates; this constitutes a limitation of the present
evaluation.

5. Results and Discussion
5.1. Quantitative Results

For evaluation of our proposed method, we adopt the privacy-aware protocol pre-
sented in [15], which involves two evaluation experiments simulating realistic conditions
where information in consumers’ faces has been blurred to preserve their identity following
privacy-respecting regulations. The first experiment trains the detection network using the
raw Consumers training set, while in the second we use the publicly released Consumers
training set which contains sequences where blurring has been applied to the areas of the
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face. This scenario also represents a realistic use case where raw data is not always available
due to external constraints.

Our proposed method is compared against several approaches from the multi-object
tracking literature and we report the following evaluation indices to assess tracking quality:

e the CLEAR MOT [61] metrics: MOTA and MOTP,

¢ the tracklet identity metric IDF1,

e thetracking quality indicators: mostly-tracked (MT), partially-tracked (PT) and mostly-
lost (MT), and

e the amount of identity switches that occurred.

For a fair comparison, all methods are evaluated using the same weights obtained
from the training procedure outlined in the previous Section using identical training
hyperparameters. The tracking results of each experiment are presented in Tables 2 and 3.

Table 2. Quantitative results of several MOT methods on the Consumers test set with the object
detection method trained on the original raw data. All methods use the same weights for the
detection model. Reported results are the average of the 25 sequences of the test set. Best results
are highlighted in bold. 1 indicates that a higher score is better, | the opposite.

Method Association Type* MOTA 1t MOTP1 IDF11 MT 1 PT ML | IDSw |
SORT [6] S 75.0% 81.3% 83.2% 27 20 2 13
ByteTrack [5] S 65.2% 81.3% 62.2% 26 21 2 115
DeepSORT [10] S+A 54.1% 76.4% 69.4% 16 31 2 22
StrongSORT [11] S+A 75.0% 86.8% 80.9% 28 19 2 15
OC-SORT [56] S 75.1% 88.5% 81.8% 28 19 2 8
PD-SORT [57] S 78.4% 87.8% 80.3% 24 20 5 8
Byte + LSTM [3] S 83.6% 88.4% 87.7% 37 10 2 6
Byte + LSTM + RelD [15] S+ A 84.4% 87.5% 87.2% 40 7 2 6
Ours S+A+D 84.8% 87.8% 87.8% 42 5 2 6

*S: spatial; A: appearance; D: demographic.

The experimental assessment shows that incorporating demographic attributes,
namely apparent gender and age-group predictions, into the tracklet association pro-
cess provides consistent benefits over the compared MOT configurations. In the raw-data
setting, the proposed method achieves the highest MOTA and IDF1 scores among all
evaluated trackers, while also increasing the number of mostly tracked trajectories. Com-
pared with the strongest internal baseline, ByteTrack + LSTM + Re-ID [15], the proposed
demographic-aware association improves MOTA, MOTP, IDF1, and mostly tracked tra-
jectories, while preserving the same low number of identity switches. This indicates that
demographic consistency does not replace spatial, motion, or appearance cues, but acts as
an additional semantic constraint that improves the final association decision.

Simple spatial overlap association strategies such as SORT and ByteTrack are out-
performed in the Consumers dataset by newer approaches such as OC-SORT and PD-SORT
due to instances of consumer occlusion and irregular movement, which Kalman-based
motion estimation fails to accurately predict. This is further supported by [3], where replac-
ing the Kalman filter with an LSTM network provides a significant boost in performance,
from 63.1% MOTA to 77.1%, higher than the aforementioned methods. RelD-based as-
sociation trackers such as DeepSORT and StrongSORT obtain widely different tracking
scores, which can be attributed to the simpler architecture and ReID model employed by
DeepSORT that performs sub-optimally in this dataset. Due to being similar algorithms,
OC-SORT and PD-SORT both demonstrate strong MOTP scores, with the former actually

https:/ /doi.org/10.3390/ electronics15143089


https://doi.org/10.3390/electronics15143089

Electronics 2026, 15, 3089

14 of 20

being the highest in our comparison, suggesting a potential application of these methods
in retail scenarios.

Table 3. Quantitative results of several MOT methods on the Consumers test set with the object
detection method trained on the public version of the dataset, whereby individual information of
consumers has been blurred. All methods use the same weights for the detection model. Reported
results are the average of the 25 sequences of the test set. Best results are highlighted in bold. 1
indicates that a higher score is better, | the opposite.

Method Association Type* MOTA 1+ MOTP 1 IDF1 ¢ MT 1 PT ML | IDSw |
SORT [6] S 68.4% 80.1% 77.5% 20 25 4 11
ByteTrack [5] S 63.1% 81.6% 62.4% 25 20 4 95
DeepSORT [10] S+A 58.2% 75.5% 72.1% 17 28 4 14
StrongSORT [11] S+A 71.1% 85.4% 81.2% 25 19 5 7
OC-SORT [56] S 73.6% 87.8% 80.3% 24 20 5 8
PD-SORT [57] S 74.5% 87.0% 79.4% 22 20 7 8
Byte + LSTM [3] S 77.1% 85.6% 81.0% 30 15 4 6
Byte + LSTM + RelD [15] S+ A 79.0% 86.3% 84.0% 34 10 5 2
Ours S+A+D 80.0% 87.6% 85.3% 34 12 3 2

* S: spatial; A: appearance; D: demographic.

A similar trend is observed under the privacy-aware experimental protocol, where
the detector is trained on the public anonymized version of the Consumers dataset. In this
setting, the proposed method again achieves the best MOTA, MOTP, and IDF1 scores,
while maintaining the same number of identity switches as the strongest Re-ID-based
variant and reducing the number of mostly lost trajectories. This result is particularly
relevant because face blurring introduces visual degradation in the head region, which
can affect both detection and appearance-based association. Since all compared methods
use the same detection model and the same detector weights within each experiment,
the observed differences are attributed to the association strategy rather than to differences
in detection quality.

In a nutshell, the results suggest that even a conservative demographic-aware term
can improve the tracking process when used as a weak semantic cue within the association
cost. The proposed method does not require a new demographic classifier or an end-
to-end tracking-classification architecture. On the contrary, it reuses existing apparent
demographic predictions to provide additional identity-consistency evidence, leading
to incremental but stable improvements in tracking performance under both raw and
anonymized evaluation conditions.

5.2. Hyperparameter Analysis

Our proposed association cost employs three separate cues during calculation: spatial
bounding box overlap, appearance embeddings and demographic estimations for each de-
tected consumer instance. Each particular cue has a weak point, e.g., bounding box overlap
is hampered by occlusions, and relying exclusively on a single cue during association could
be detrimental to final performance, especially in cases where that weakness is present.
For this reason, we apply a weighing factor to each cue, balancing the contribution of each
term to the overall cost calculation, which ultimately affects the final identity assignment.
In Table 4, we showcase results of our proposed method for different values of the three
weight hyperparameters used to balance the cost association terms.
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Table 4. Hyperparameter analysis of the association cost term weighing factors. In this experiment,
the same object detection model is used and evaluation is performed on the anonymized Consumers
test set. Reported results are the average of the 25 sequences of the test set. Best results are highlighted
in bold. 1 indicates that a higher score is better, | the opposite.

Aou Aemb  Ademo MOTA{1 MOTP{ IDF1{+ MT® PT ML, IDSw
0.75 0.2 0.05 80.0% 87.6% 85.3% 34 12 3 2
0.75 0.05 0.2 79.8% 87.4% 85.2% 33 11 5 2
05 0.25 0.25 79.5% 87.2% 85.0% 33 10 6 2
0.8 0.1 0.1 80.0% 87.6% 85.3% 34 12 3 2
0.9 0.1 0.1 79.9% 87.6% 85.2% 34 11 4 2

In practice, we find that the proposed method is robust to a varying selection of
hyperparameters, with bounding box overlap being the most significant factor for the
Consumers dataset. In fact, exploiting the memory of LSTM allows the framework to
maintain high tracking scores without overly relying on a particular association term;
however, the best tracking performance is achieved for a hyperparameter selection that
emphasizes bounding box overlap rather than appearance embeddings or demographic
attributes. Moreover, our results indicate that favoring appearance embeddings over
demographic information with a higher weight can benefit the final results, especially in
cases where the demographic estimation is unreliable due to high uncertainty and changes
in consecutive frames, e.g., due to consumer occlusion or rotation. Notably, while we can set
the total value of the weighing terms (i.e., }_ A) to <1 or >1, we find that doing so negatively
affects tracking quality by leading to association costs that penalize tracklet-to-detection
matching, and for this reason we choose values that sum to a maximum of 1.

5.3. Runtime Analysis

To support deployment in practical environments with realistic scenarios where strict
limits are often imposed on computational resources, we additionally analyze the efficiency
of our approach, reporting the associated overhead in overall latency. Our runtime evalua-
tion analyzes the end-to-end execution speed of our proposed method using the lightweight
model variants of the YOLOX series [58] to assess the scalability of our end-to-end approach
under constrained runtime budgets. Furthermore, in order to simulate real-world condi-
tions where the privacy of individuals is an additional limitation, the detection models
are trained and evaluated on the public Consumers dataset using privacy-compliant data,
i.e., blurring over the area of the face.

The runtime measurements are obtained on a machine running Linux 18.04.5 LTS
using a NVIDIA RTX 2080 Ti GPU and an Intel Xeon processor running in single core
mode. For each detection model, 10 evaluation runs in the Consumers testing sequences are
performed and the average FPS are calculated. We report MOTA, MOTP and IDF1 scores
along with the mean and standard deviation of the latency measurements in Table 5.

Our runtime analysis showcases a trade-off between latency and performance, espe-
cially in the case of YOLOX-S vs. Tiny models. While YOLOX-S outperforms the other
detection models with more accurate detections as reflected in the tracking metrics, its
latency falls behind due to its larger model size and computational overhead. The la-
tency of YOLOX-Tiny lies between the other two models and its tracking performance
follows closely that of YOLOX-S, demonstrating a compromise between tracking quality
and overall latency. Finally, YOLOX-Nano achieves the highest throughput at 22.74 FPS,
compared to 18.25 FPS for YOLOX-S, but at the cost of lower tracking performance. This
corresponds to an increase of 4.49 FPS, or approximately 24.6%, over YOLOX-S in the
evaluated setup. The measured runtime behavior may also be influenced by the use of
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depthwise convolutions, whose practical efficiency depends on the underlying hardware
and software implementation.

Table 5. Runtime and performance analysis of our proposed method with different lightweight
detection methods with the YOLOX architecture. Evaluations are performed in the public anonymized
Consumers test set. In each experiment, the Re-ID model used follows the Inception-based architecture
described in Section 3. Model size and FLOPS refer to the combined architecture (detection and
Re-ID). Parameter size is measured in millions. Best results are highlighted in bold. 1 indicates that a
higher score is better.

Detection Model = Params GFLOPS MOTA1T MOTP? IDF1 ¢t FPS 1

YOLOX-S 20.39 28.2 80.0% 87.6% 85.3% 1825+ 1.0
YOLOX-Tiny 16.99 7.8 79.5% 86.9% 85.2% 22.03 +£0.9
YOLOX-Nano 12.30 25 78.2% 84.7% 83.9% 22.74 + 0.5

5.4. Limitations and Future Work

The present study also defines several directions for further improvement. The
demographic-aware term is deliberately introduced with a conservative weight, so that
unreliable age-group or gender predictions cannot dominate the association decision. This
design choice preserves the robustness of the tracker, but also suggests that more adaptive
weighting strategies could further improve performance. In addition, the current weighting
factors are manually selected to keep the association model simple and interpretable. Learn-
ing these weights from validation data, or adapting them according to the confidence of the
detector, ReID module, and demographic classifier, could provide a more flexible formula-
tion. Finally, the evaluation focuses on RGB retail sequences from the Consumers dataset;
broader validation across additional store layouts, camera viewpoints, crowd densities,
and multi-camera settings would further establish the generality of the approach.

A promising future direction is to move from fixed hand-designed association costs
toward adaptive demographic-aware association models. One possible formulation is an
expectation—-maximization-inspired scheme in which tracking and demographic estimation
are treated as mutually informative but separately optimized processes. In one direction,
stable demographic predictions could provide latent semantic consistency cues for adapting
the association cost when spatial and appearance information is ambiguous. In the reverse
direction, stable tracking identities could provide temporally coherent samples for improv-
ing demographic predictions over tracklets, rather than treating each frame independently.
Such a formulation could be further extended with learnable demographic embeddings,
confidence-adaptive weighting, or multi-expert fusion mechanisms that combine spatial,
motion, appearance, and semantic cues. These extensions are beyond the scope of the
present work, but they follow naturally from the modular formulation proposed here and
could transform the current conservative demographic-aware cost into a more data-driven
association model.

6. Conclusions

This work presented a demographic-aware multi-object tracking framework for retail
environments. The proposed method follows a modular tracking-by-detection pipeline,
where YOLOX-based detections are associated over time using spatial overlap, LSTM-based
motion forecasting, RelD appearance embeddings, and apparent demographic cues. The
main contribution of the work is the integration of age-group and gender predictions into
the detection-to-tracklet association cost, allowing demographic consistency to act as a
weak semantic cue for identity preservation.

The experimental evaluation on a realistic dataset demonstrated that incorporating
demographic consistency can improve tracking performance in indoor retail scenes, un-
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der both raw and anonymized training conditions, improving MOTA and IDF1 scores as
well as tracking quality in the form of mostly tracked trajectories. These results indicate
that demographic-aware association can contribute to more stable consumer trajectories,
especially in scenarios where occlusions, visual similarity, and low-resolution body crops
make identity preservation difficult. The privacy-aware evaluation further showed that the
method remains effective when face regions are blurred, supporting its applicability to retail
settings where data protection constraints limit the use of identifiable facial information.

The runtime analysis revealed the trade-off between tracking accuracy and computa-
tional efficiency when using different lightweight YOLOX detector variants, suggesting
that the proposed association strategy can be integrated into practical retail analytics
pipelines, although its overall efficiency remains dependent on the selected detector and
the computational budget of the deployment environment.
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