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Abstract— Logistics warehouses have struggled with la-
bor shortages, but the inbound processes remain partic-
ularly human-powered. Worker location data is a key to
higher productivity in such cases. Fixed cameras are a
promising tool for localization, as they also offer valuable
environmental information such as package status. How-
ever, identifying individuals from visual data alone is of-
ten impractical. To enable identity-aware localization, prior
studies have attempted to identify people in videos by as-
sociating their trajectories with wearable sensor measure-
ments. Although this appearance-independent approach
has several advantages, existing methods may fail under
real-world conditions. Therefore, we propose CorVS+, a
novel data-driven person identification framework based
on the correspondence between visual tracking trajectories
and sensor measurements. Firstly, our deep learning model
predicts the correspondence probabilities and reliabilities
for every pair of a trajectory and sensor measurements.
Secondly, our algorithm matches the pairs over time based
on the model predictions. We developed a dataset com-
prising 27 hours of sensor measurements and 38 km of
trajectories in a warehouse. This dataset covers actual
activities and challenging situations, such as multiple sta-
tionary workers inspecting items. The evaluation indicated
the superiority of CorVS+ over existing methods and the
effectiveness of its unique designs for industrial-scale set-
tings. The model and dataset are available at https://doi.or
g/10.5281/zenodo.17745683.

Index Terms— Dataset, fixed camera, identity matching,
indoor positioning, person identification, smartphone.

I. INTRODUCTION

Digital transformation in industrial sites has attracted at-
tention, driven by demand for higher productivity and work
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Fig. 1. Camera mounted on warehouse ceiling.

quality [1], [2]. Logistics warehouses are among the work-
places most affected by labor shortages due to the expansion
of e-commerce markets and consequent increase in workload.
However, full automation with robots is not feasible, given the
need to handle heterogeneous item sizes and shapes, as well as
to accommodate fluid market volumes and trends. Thus, many
warehouses still rely heavily on human workers, particularly
within complex inbound processes. In this context, worker
location data is crucial for improving work visibility and
efficiency. The data offers potential for various applications
beyond navigation, such as shift planning [3], [4], dynamic
task assignment [5], [6], and layout optimization through
simulation [4], [7].

A wide range of approaches for indoor localization has
emerged over the years [8]. Trilateration based on Received
Signal Strength (RSS) of BLE or Wi-Fi is relatively inexpen-
sive and widely used in prior studies [9]–[11]. Nevertheless,
dense clutter and obstacles, including packages and human
bodies, induce multipath fading and shadowing frequently in
warehouses. The trilateration tends to be less accurate in such
environments. Fingerprinting is another common approach
based on radio frequency signals [12]–[14]. However, it is
also unsuitable for warehouses because the frequent turnover
of packages constantly alters the radio maps. While various
other approaches, such as Angle of Arrival (AoA) [15], [16],
Round Trip Time (RTT) [15], [17], and Phase-Based Ranging
(PBR) [18], [19], have been developed, they typically require
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Fig. 2. Identification process of CorVS+.

transceivers with specific hardware capabilities.
In this study, we employ cameras mounted on a ceiling, as

shown in Fig. 1. Cameras are advantageous in providing not
only absolute human locations but also contextual information,
such as the status of packages and equipment [20], [21]. Nev-
ertheless, identifying individuals with only visual data is often
impractical. It necessitates integration with other modalities for
advanced identity-aware applications. Accordingly, some prior
studies identified people in videos by comparing visual track-
ing trajectories with wearable sensor measurements, based on
acceleration [22]–[26], orientation [27], [28], locomotion [29]–
[32], and end-to-end learning [33]. Smartphones can be a
particularly cost-effective solution here because they function
as handy terminals for logistics operations in addition to
sensors for localization and task recognition [34], [35]. In fact,
handy terminals running Android OS have already entered
the market. However, the existing identification methods may
break down in real-world settings due to restrictive scenario
assumptions, insufficient robustness to complex motions, etc.

To address these challenges, we designed a novel data-
driven method, CorVS+, grounded in on-site studies. It iden-
tifies visually tracked subjects wearing sensors through two
steps, as illustrated in Fig. 2. First, it predicts correspondence
probabilities and their reliabilities by deep learning for every
pair of a trajectory and simultaneous sensor measurements.
Second, it matches the trajectories and sensor measurements
based on the predicted probabilities and reliabilities. We
developed a dataset comprising trajectories and sensor mea-
surements of actual warehouse workers. And then, we demon-
strated the superiority of CorVS+ over existing methods.
This paper is an extended version of our preliminary work
[36]. While building upon its core framework, this paper

introduces variable-length modeling and data augmentation,
expands the dataset, and provides more comprehensive eval-
uations. Furthermore, the pre-trained model and dataset are
released at https://doi.org/10.5281/zenodo.17745683 to
support reproducibility and also foster research toward real-
world applications. Our contributions are summarized below.

• We propose a deep learning model and training strategies
for estimating correspondences directly from trajectory
features and sensor measurements. This model is unique
in several respects, including its variable-length process-
ing and consideration of subjects’ activeness.

• We propose a matching algorithm that incrementally
associates the pairs based on the estimated probabilities
and reliabilities, addressing practical situations.

• We created and opened up an unprecedented practical
dataset comprising 27 hours of sensor measurements and
38 km of trajectories collected in a warehouse.

• We present evaluation metrics for person identification
with a high presence of non-target individuals. The evalu-
ation validated the method and derived empirical insights.

II. RELATED WORK

A. Person Re-identification with Fixed Cameras

Person Re-Identification (Re-ID) is a key task in computer
vision that is inseparable from person identification. It matches
the same individuals across different views based on their
appearances, spatiotemporal consistency, and other factors
[37]. Mainstream studies use representation learning to embed
visual information and compare it [38], [39]. In addition, there
is growing interest in unsupervised and weakly-supervised
learning on large-scale datasets [40], [41]. Recent studies
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also leverage semantic knowledge of Vision–Language Models
(VLMs) and have demonstrated high accuracy [42], [43].
Note that Re-ID does not determine exact identities and is
insufficient for identity-aware localization by itself. Having
said that, it is useful to maintain visual tracking through
occlusion. In fact, some researchers have explored tracking
approaches purely based on Re-ID [44].

B. Person Identification with Fixed Cameras
A simple means to find specific individuals in videos is to

get them to wear markers like AprilTag [45]. It can differenti-
ate individuals regardless of their appearances as long as there
are enough patterns. However, marker recognition assumes
adequate image quality and marker orientation. On the other
hand, various studies employed visual attributes for identifica-
tion, such as faces [46], [47], body types [48], and other soft
biometrics [49]. These approaches have potential applications
in security and investigation but also require high resolution
and appropriate angles. In particular, overhead angles make
identification difficult due to the lack of visual features. Gait
recognition, which does not rely on such high resolution, has
also been explored for identification [50]. Nevertheless, task-
specific movements often overshadow individual gait traits in
industrial settings. This circumstance makes gait recognition
ineffective.

C. Person Identification with Fixed Cameras and
Wearable Sensors

Since identification solely based on appearance brings im-
practical constraints, prior studies sometimes incorporated
wearable sensors. It enables the tagging of people in videos
by matching visual tracking trajectories with corresponding
sensor measurements. This approach works even when people
wear uniforms and exhibit limited visual variations. Moreover,
it raises fewer privacy concerns than appearance-based ap-
proaches like face recognition, as it does not require profile
databases for identity verification. Teixeira et al. identified
individuals based on Pearson correlation coefficients between
horizontal acceleration magnitude calculated from trajectories
and measured by sensors [22]. Akbari et al. [23] and Ishihara
et al. [24] also compared acceleration magnitude from cameras
and sensors. However, the second-order differentiation at con-
verting trajectories to acceleration may amplify the errors and
reduce identification accuracy, especially in noisy conditions.

On the other hand, Henschel et al. employed cosine simi-
larity of horizontal body orientations estimated from videos
and sensor measurements in addition to acceleration [27].
The shapes of visual tracking trajectories do not matter in
this approach, as the orientations in videos can be recognized
independently per frame. However, it requires visual recog-
nition models for orientation estimation as well as person
detection. Moreover, it collapses unless the sensors are fixed
to the bodies. In environments like warehouses, where steel
structures and metal equipment are prevalent, magnetic anoma-
lies can also compromise the sensor orientation estimation
considerably. Bannis et al. proposed IDIoT, which uses sensor
rotations from sensor measurements and body pose changes

from videos to identify who and which parts are equipped
with the sensors [28]. This method is agnostic to whether
the sensors are attached or held. However, it still needs pose
estimation tools such as OpenPose [51], which often suffer
from top-down views.

Several studies applied Pedestrian Dead Reckoning (PDR)
techniques to identification. Jiang et al. computed similarity
transformation matrices that align visual tracking trajectories
with PDR trajectories and associated similar pairs [29]. Nagai
et al. discriminated between people carrying sensors and others
by comparing the counts of walking events detected in visual
tracking and PDR [30]. Zhang et al. compared steps and
headings estimated from videos and sensor measurements [31].
Li et al. proposed iPAC, which matches trajectories from visual
tracking and PDR based on walking events and headings [32].
However, one of the common challenges among these studies
is the lack of robustness to complex motions. The conventional
PDR methods used in these studies struggle to handle actions
such as squatting or backward walking, which frequently occur
in warehouses. While PDR methods based on deep learning
deliver improved robustness [52]–[54], precise location labels
for model training are hard to obtain in industrial settings.

Another intuitive approach based on deep learning is to
design models that receive visual tracking trajectories and
sensor measurements and estimate their correspondences in
an end-to-end manner. This approach facilitates training with
noisy trajectory data through the task simplication from re-
gression in PDR to binary classification. Yan et al. identified
individuals based on correspondence probabilities predicted by
a deep learning model [33]. However, there are still substantial
gaps when applying this method to real-world scenarios. For
example, it does not consider situations where multiple people
are stationary with few clues to distinguish.

D. Positioning of This Study
Taken together, various studies have attempted to iden-

tify individuals by associating visual tracking trajectories
and wearable sensors. Yet the acceleration-based, orientation-
based, and PDR-based approaches face technical or cost
limitations. Hence, this study opts for the most promising ap-
proach, end-to-end correspondence estimation. Prior research
on this topic remains limited, and to the best of our knowledge,
none have addressed settings as complex as warehouses. This
study focuses on unexplored challenges of person identifica-
tion in the wild and takes a step toward resolving them.

III. PROPOSED METHOD: CORVS+
A. System Overview

In this study, we propose CorVS+, a data-driven method that
identifies people in videos with wearable sensors via Corre-
spondence between the Visual tracking trajectories and Sensor
measurements. It provides absolute location information linked
to the identities and is feasible in practical environments like
warehouses. The identification process consists of two stages:
correspondence estimation and matching. First, it estimates
correspondence probabilities and their reliabilities with a deep
learning model for every pair of a visual tracking trajectory

This article has been accepted for publication in IEEE Journal of Indoor and Seamless Positioning and Navigation. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JISPIN.2026.3740387

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



4 IEEE JOURNAL OF INDOOR AND SEAMLESS POSITIONING AND NAVIGATION

and simultaneous sensor measurements. Second, it matches
the trajectories and sensor measurements based on the esti-
mated probabilities and reliabilities. CorVS+ does not rely on
appearance and is compatible with arbitrary tracking systems,
including edge AI cameras [55], [56].

B. Correspondence Estimation Model
Recent progress in computer vision technologies has im-

proved the performance of human detection and tracking [57]–
[59]. Still, location data calculated from the bounding boxes
often contain errors, particularly with distorted wide-angle
cameras or occlusion-prone environments. Additionally, it is
too costly to manually implement a heuristic rule set that
can handle a wide range of personal attributes and actions in
industrial settings. In this context, we leverage deep learning
to consider various spatiotemporal features automatically and
improve the robustness. Key extensions regarding the model
from our preliminary work [36] include the following.

• The new model accepts variable-length inputs. This
change involves architectural updates, such as padding
support and positional encoding.

• Two data augmentation strategies, random masking and
shifting, are applied to positive samples.

• The pre-trained weights are made publicly available.
1) Input and Output: The input modalities are listed below.

We adopt movement speeds and linear acceleration magnitude,
which the prior studies commonly used as identification cues.
These data reflect movement intensity well; linear acceleration
indicates movements themselves by excluding gravity effects.
We also employ turning rates, acceleration, and angular veloc-
ity as the inputs. It intends to provide information regarding
movement headings, sensor orientations, and other key factors.
The frequencies of the trajectory features and sensor measure-
ments are 2.5 Hz and 100 Hz in this paper.

a) Movement speeds calculated from visual tracking
b) Turning rates calculatd from visual tracking
c) Linear acceleration norm measured by inertial sensors
d) 3-axis acceleration measured by inertial sensors
e) 3-axis angular velocity measured by inertial sensors

As preprocessing, we smooth these data by applying the
Gaussian filter with a standard deviation of 0.2 seconds and
resample them to 10 Hz. We empirically selected these values
to balance information retention and noise reduction, helping
the model focus on meaningful features. Cameras have lower
sampling rates than inertial sensors. We align their time scales
by upsampling the trajectory features and downsampling the
sensor measurements.

Then, a sliding window of length W retrieves data segments
from temporally overlapping regions of the trajectory feature
and sensor measurement sequences, as depicted at the top of
Fig. 3. Waveform t represents trajectory features of a track,
where movement speed is plotted as an example. Waveform
m represents concurrent measurements of a sensor, where
3-axis acceleration is plotted as an example. The gray box
denotes a range for the model input sampled by the window.
While a longer input enriches information and enhances the
model performance, it constraints applicability to fragmented

Time

Time

Slide

Padding

Fig. 3. Sliding window and padding processes.

short trajectories. To reconcile such a trade-off, we adopt
variable-length inputs. Samples shorter than the window length
W are padded to maintain a uniform length, as illustrated
at the bottom of Fig. 3. This formatting allows for parallel
computation via batching. In this paper, we set the W to 600
data points (i.e., 1 minute). The window stride is 10 points for
training and 1 point for validation. Note that, since some input
modalities, such as acceleration, are quantitative variables
that can take arbitrary values, padding with a fixed value
is insufficient to distinguish the padded regions from them.
We thus pass binary masks indicating the valid regions to the
model as well as the inputs. In the prediction phase, we feed
these data into the model for every combination of a visual
tracking trajectory and simultaneous sensor measurements.

The outputs are two scalars: probability and reliability. The
probability denotes how likely the tracked subject corresponds
to the sensor wearer. However, this correspondence gets in-
herently ambiguous when there is little activity in both the
trajectory and sensor signals. For example, given a trajectory
and sensor signals of two stationary individuals, the model
may incorrectly infer that they are identical. In fact, many
workers in warehouses remain in fixed locations for long
durations to inspect items. To address this challenge, we
introduce activity-based reliability of the estimated probability,
separate from the internal confidence. The subsequent process
uses these scores to match the pairs.

2) Architecture: In the contexts of Human Activity Recog-
nition (HAR) and PDR using wearable sensors, most scenarios
assume that sensor measurements are constantly available, and
studies into deep learning models with variable input length
remain limited [60]–[62]. Meanwhile, inference from variable-
length sequences is well-established in domains such as natural
language processing and speech processing. We draw on
those techniques to implement a model for our targeting task,
correspondence estimation between visual tracking trajectories
and sensor measurements.

There are several paradigms for fusing different modalities
[63]. One well-known paradigm uses independent encoders for
each modality to map the data into a common representation
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Fig. 4. Correspondence estimation model architecture.

space, exemplified by CLIP [64] and ImageBind [65]. Identity
verification becomes theoretically possible by comparing the
embedded vectors. Nevertheless, this approach is considered
inappropriate for visual tracking trajectories and sensor mea-
surements. The information in these data is so asymmetric
that the projection into a single space would discard much of
it before the identity verification. In addition, this approach
does not explicitly consider temporal correspondence between
the modalities. With these points in mind, we adopt an early
fusion paradigm that synchronizes and merges the data at the
outset to focus on interactions across the modalities.

Fig. 4 schematizes the architecture with tuned hyperparam-
eters. We extend DualCNN-Transformer from our previous
work on PDR [53]. It can capture multi-timescale features
through the two different-sized convolutional paths and self-
attention blocks. It helps recognize both short-term actions like
squatting and long-term movements like walking. The initial
batch normalization layer serves as online data standardization
and mitigates scale divergence across the modalities. The sub-
sequent batch normalization layers aim to stabilize the learning
process and also improve the generalization performance [66],
as with general CNNs. We omit the affine parameters only for
the initial one to avoid functional redundancy. Note that all
these batch normalization layers are customized to compute
means and variances exclusively from valid values, ignoring
the padded regions; we refer to this as masked batch normal-
ization.

We incorporate Rotary Position Embedding (RoPE) [67], a
representative scheme for injecting relative positional depen-

dencies into attention mechanisms. RoPE is also a standard
in modern Large Language Models (LLMs) and VLMs, such
as Gemma [68] and Llama [69]. This choice reflects the
intuition that the correspondence probability relies on mutual
relationships among features rather than their exact timing. For
example, the correspondence estimation should be invariant to
whether an informative feature pattern appears in the former
or latter part of the time window. Additionally, RoPE does
not require learnable parameters for every absolute position.
It enables seamless adaptation to arbitrary sequence lengths,
even those not seen during the training. This scalability is
advantageous for handling variable-length inputs. Note that all
other learnable parameters are shared across absolute positions
as well. It means the model size depends not on its temporal
length but only on its dimensional width.

After the CNN backbone and Transformer encoder, we
apply global attention pooling to aggregate the features along
the time dimension. Features at each time often do not con-
tribute equally to correspondence estimation. Some intervals
can be uninformative or misleading due to noise, whereas
others may provide discriminative cues. In this case, average
pooling, which uniformly dilutes the features, is suboptimal.
Attention pooling allows the model to dynamically assign
importance to each time and flexibly fuse features relevant to
the correspondence estimation. This layer is implemented as
a single-head architecture and also supports padded data; we
refer to this as masked global attention pooling. The attention
layers of the Transformer encoder and the masked global
attention pooling layer overwrite their attention scores for the
padded regions with −∞ [70]. It prevents padding values
from contributing to the final outputs and affecting the weight
updates through backpropagation. This practice is common for
processing padded sequences with Transformers.

Another key novelty is attaching a non-parametric module
for the reliability estimation. It receives the segments of
movement speeds xspd and linear acceleration norm xacc from
the original inputs and their running variance σ̃2

spd and σ̃2
acc

from the initial batch normalization layer. Then, it computes
logarithms of the input variance over the running variance for
the speeds and linear acceleration each. At last, it yields the
activity-based reliability r as a sigmoid of the greater one.

r = sigmoid

(
max

(
log

var (xspd)

σ̃2
spd

, log
var (xacc)

σ̃2
acc

))
(1)

We interpret the variance of speeds and linear acceleration
as activity levels of the visual tracking trajectory and sensor
signals, respectively. The reliability implies whether at least
one of the trajectory and sensor signals exhibits much activity
compared to typical. More precisely, it takes 0 if both ex-
hibit minimal and approaches 1 if either exhibits more. This
formulation offers an objective quantification of reliability,
regardless of how often stationary pairs of trajectories and
sensor measurements actually belong to the same individuals
in the training data.

3) Training: The training needs positive and negative pairs
of trajectories and sensor measurements. We construct the
negative pairs by randomly coupling data from different in-
dividuals or timestamps. Here, we exclude the trajectories of
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people without sensors during training. This curation aims
to emphasize learning inter-modal relationships rather than
per-modal patterns. In addition, we cap the ratio ρneg of
negative to positive samples to avoid combinatorial explosion
and stabilize the learning process. The negative sample ratio
ρneg is set to a large number for training while fixed to 1 for
validation.

Because the positive samples are much scarcer relative to
the negatives, we apply two data augmentation strategies to the
positives. First, we randomly mask parts of the inputs, forcing
the model to estimate from incomplete data. Because attention
mechanisms upweight salient regions, the model tends to be
optimized for them preferentially. This temporal masking aims
to explore also subtle feature patterns and encourage multi-
faceted inference, analogous to dropout. Here, adjacent time
points are likely to correlate, so we mask a contiguous block
rather than scattered points to ensure the regularization effect.
In this paper, we determine the masking proportion such that
the combined length of the masked or padded region accounts
for 25% of the maximum input length W . We do not perform
the masking for samples shorter than 75% of the W .

Second, we randomly shift only sensor measurements along
the time dimension. In practical settings, time synchronization
between cameras and sensors is seldom perfect. The times-
tamp misalignment typically consists of two components: a
systematic offset inherent to the device type or measurement
protocol, and a stochastic jitter dependent on individual device
variations or timing. The model is expected to implicitly
learn to compensate for the systematic offsets through the
training. Accordingly, this temporal shifting intends to develop
invariance specifically to the stochastic jitter. In this paper,
the shift length follows a normal distribution with a mean
of 0 seconds and a standard deviation of 0.25 seconds. We
empirically set this value based on a preliminary investigation
into the clock drift and time synchronization behavior across
10 smartphones we employ as sensors.

Using these data, we train the model to output the proba-
bility 1 if identical and 0 otherwise. The reliability estimation
module is not involved in the training. We employ Binary
Cross Entropy (BCE) as a loss function and apply weights
to loss values for the positive samples according to the
proportion. We also experimented with Focal loss [71], often
used in class-imbalanced tasks such as object detection, but
it did not result satisfactorily. The model may have focused
on low-activity data and did not learn effectively. Separately,
we use AdamW [72] as an optimizer and cosine annealing
[73] with linear warmup [74] as a learning rate scheduler, a
common recipe for Transformers [69], [75] and other modern
deep learning models [76], [77]. We set the peak learning
rate to 0.0001 and the batch size to 128 in this paper.
Regarding model weight initialization, we follow standard
practice by applying Kaiming normal initialization [78] to
the CNN backbone and Xavier uniform initialization [79] to
the Transformer encoder and MLP head to enhance training
stability. With validation every 1000 steps, the weights with
the smallest validation loss will be adopted.

Track � Track � 

Camera A Camera B 

Fig. 5. Tracking duplication example.

C. Matching Algorithm
Most prior studies imposed tight constraints: only one or

all individuals carry sensors, matching is finalized within a
predefined period, etc. However, these assumptions are de-
tached from real-world operations. We develop a new match-
ing algorithm based on insights from on-site experiments and
observations. This algorithm supports arbitrary numbers and
durations of data.

1) Assumptions: It can be unrealistic to expect everyone to
carry sensors. For instance, warehouses are open environments
where external personnel such as truck drivers can enter.
Conversely, workers carrying sensors often leave camera views
for work or breaks. Visual tracking can be interrupted at
occlusion as well as such out-of-view. Moreover, tracking
duplication may occur in overlapping regions among cameras,
as shown in Fig. 5. In this case, prohibiting the assignment
of multiple simultaneous trajectories to the same sensor may
invite more matching failures. Based on these analyses, we
define two rules below. These permissive assumptions offer the
potential for applications to various complex environments.

• Every trajectory corresponds to one sensor or none.
• Each time point of each sensor data corresponds to any

number of trajectories or none.
2) Logic: Our target environments involve many people

compared to the prior studies. In addition, the simultaneous
presence of multiple stationary people occurs frequently. These
circumstances make it difficult to complete person identifi-
cation within a limited time. Thus, we design the matching
algorithm to defer decisions for unreliable or uncertain data.
Based on the probabilities and reliabilities predicted by the
model, the algorithm associates visual tracking trajectories
with corresponding sensor measurements through the follow-
ing procedure.

Now, for every combination of a trajectory t and simul-
taneous sensor measurements m, we have the sequences of
probabilities P t,m =

{
p0, p1, ...

}
and reliabilities Rt,m =
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{
r0, r1, ...

}
across the time window steps. To begin with, time

points It,m
rel with reliabilities higher than a threshold Rcsdr are

selected. A reliable probability average p̄t,mrel is given as the
mean of probabilities over the reliable time points. The Rcsdr

determines how reliable time points will be considered.

It,m
rel =

{
i | ri > Rcsdr

}
(2)

p̄t,mrel =
Σi∈It,m

rel
pi∣∣It,m

rel

∣∣ (3)

The reliable time points and reliable probability averages are
computed for all combinations C. We can obtain M t as the
set of all measurements combined with t. A trajectory t will
be associated with measurements m if m is the only sample
such that the reliable probability average p̄t,mrel is higher than a
threshold Pacpt ≥ 0.5 among M t. The Pacpt determines how
plausible combinations will be accepted.

M t = {m′ | (t,m′) ∈ C} (4)

matchPositive (t,m) :={
m′ ∈ M t | p̄t,m

′

rel > Pacpt

}
= {m}

(5)

Meanwhile, a trajectory t will never be associated with mea-
surements m if the reliable probability average p̄t,mrel is lower
than a threshold 1− Pacpt.

matchNegative (t,m) := p̄t,mrel < 1− Pacpt (6)

A trajectory t will be assigned to null if all combinations of
t are negative. The label null indicates people not carrying
sensors.

matchNull (t) :={
m′ ∈ M t | matchNegative(t,m′)

}
= M t (7)

Occasionally, multiple warehouse workers move together in a
coordinated manner. We intend to defer distinguishing such
uncertain combinations via the uniqueness check at (5). Al-
though this algorithm does not ensure matching completion
in a single trial within a fixed period, it aims to identify
individuals over time by confirming positive and negative pairs
incrementally.

IV. DATASET CREATION

This section introduces our dataset for developing and eval-
uating systems that identify visually tracked people wearing
sensors. The data was collected in collaboration with our
partner company. Participants provided their written consent
voluntarily after receiving a full explanation of the purpose
and data usage. In this section, we will describe the dataset
creation processes and also analyze its characteristics. Key
extensions regarding the dataset from our preliminary work
[36] include the following.

• The test data has been expanded by a factor of 3.
• The dataset is made publicly available.

Smartphone pouch 

Colored vest 

Fig. 6. Colored vest and smartphone pouch.

A. Scenario

Many datasets containing pedestrian trajectories and wear-
able sensor measurements have been created, particularly in
PDR [80]–[82] and Visual–Inertial Odometry (VIO) studies
[83]–[85]. However, most datasets focus on controlled scenar-
ios that differ distinctly from our targets. Thus, we developed
a dataset comprising labeled visual tracking trajectories and
sensor measurements in a logistics warehouse. 28 workers
assigned to the inbound area performed their tasks while
wearing vests and pouches with smartphones inside, as shown
in Fig. 6. Each vest had a unique color pattern, which served
as a reference for the trajectory labeling. The dataset includes
actual activities such as inspection, transportation, and sorting.
In addition, workers vary in body type, age, and role. Note
that not all participants (i.e., workers carrying smartphones)
were present simultaneously due to the shift schedule differ-
ences. Conversely, the cameras also captured non-participants
frequently.

B. Sensor Measurements from Smartphones

We collected sensor measurement data with smartphones
(ASUS Zenfone 8, Android 13), including acceleration, grav-
itational acceleration, and angular velocity. These data are
available via Android Sensor Framework API 1. The smart-
phones were attached to the participants’ lower backs in land-
scape orientations, not interfering with their operations. We got
them to enter their IDs before the measurement to associate
the data with the participant identities. Incidentally, we ran
the measurement at dynamic maximum rates each device
could handle. Although varying slightly across devices, inertial
sensor data were generally recorded at above 500 Hz. Note that
this high frequency is excessive for person identification with
CorVS+ but is intended to ensure compatibility with other
tasks such as HAR and PDR. Since the raw data were hard
to use as is, we resampled them to 100 Hz and synchronized
their timestamps across sensors (e.g., accelerometer) for each
device.

1https://developer.android.com/develop/sensors-and-location/sensors/sens
ors overview
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Fig. 7. Sensor measurement and trajectory time per participant.

C. Visual Tracking Trajectories from Fixed Cameras

We also gathered video footage from wide-angle RGB cam-
eras (H.View HV-800G2A5 2) mounted vertically downward
on the ceiling. In this paper, we employed 19 cameras covering
the inbound area of approximately 29 × 18 m2. They synchro-
nized every hour and streamed video in full HD resolution
at 5 fps and up to 8 Mbps. We applied Optical Character
Recognition (OCR) to extract the overlaid timestamps and
corrected temporal misalignments in the recordings caused by
frequent frame drops. Additionally, we undistorted the videos
with Double Sphere camera models [86] so that their geometry
approximates the physical floor planes [1].

First of all, we predicted worker bounding boxes with
a YOLOv8 detection model [87]. The model weights had
been previously tuned using both manually annotated and
semi-automatically synthesized data [21], [88]. Subsequently,
we projected the bounding boxes onto the world coordinate
system and performed multi-camera tracking [89] customized
from ByteTrack [90]. Afterward, we subsampled the frames
by skipping every other frame to alleviate the succeeding
correction effort, resulting in a trajectory frequency of 2.5
Hz. Lastly, we manually fixed the tracking failures except
for fragmentation due to out-of-view and set ID labels to the
trajectories by referring to the vest patterns. This correction
ensures pure assessment of identification performance inde-
pendent of tracking accuracy. We conducted the labeling on
trajectories over 1 hour during a peak period involving the
most workers.

D. Data Analysis

Fig. 7 displays time intervals when each participant was
measured by a sensor and/or tracked with cameras during
the labeled period. We allocated the first 30 minutes for
model training and parameter selection (tune data) and the
remaining 30 minutes for testing (test data). The tune and
test data contain approximately 14 and 13 hours of sensor
measurements, respectively. These durations include when out

2https://hviewsmart.com/products/h-view-colorcam-4k-bullet-ai-camera-w
ith-color-night-vision-hv-800g2a5

TABLE I
KEY STATISTICS OF TRAJECTORIES ON TUNE DATA

Video Duration (sec) 1800
# of Unique Participants in Video 28
# of Participant Trajs 103
Total Time of Participant Trajs (sec) 39057
Quantile Times of Participant Trajs (sec) 30 / 122 / 622
Total Dist of Participant Trajs (m) 14731
Quantile Dists of Participant Trajs (m) 21 / 63 / 191
# of Non-participant Trajs 141
Total Time of Non-participant Trajs (sec) 7408
Quantile Times of Non-participant Trajs (sec) 5 / 18 / 47
Total Dist of Non-participant Trajs (m) 6030
Quantile Dists of Non-participant Trajs (m) 3 / 18 / 37

TABLE II
KEY STATISTICS OF TRAJECTORIES ON TEST DATA

Video Duration (sec) 1800
# of Unique Participants in Video 25
# of Participant Trajs 96
Total Time of Participant Trajs (sec) 37361
Quantile Times of Participant Trajs (sec) 26 / 117 / 553
Total Dist of Participant Trajs (m) 11539
Quantile Dists of Participant Trajs (m) 17 / 55 / 178
# of Non-participant Trajs 146
Total Time of Non-participant Trajs (sec) 7085
Quantile Times of Non-participant Trajs (sec) 11 / 24 / 45
Total Dist of Non-participant Trajs (m) 5956
Quantile Dists of Non-participant Trajs (m) 6 / 28 / 37

of view. In fact, the participant with index 19 never appeared in
the video throughout the test data period while being measured
by the sensor. Tables I and II summarize key statistics of visual
tracking trajectories for each data. The whole dataset contains
more than 25 hours and 38 km of trajectories from participants
or non-participants in total.

Focusing on the test data, a quarter of the participant
trajectories had a travel distance of shorter than 20 meters,
with some under 5 meters. The actual distances could be even
shorter, as these distances were computed from raw trajectories
before the smoothing. It suggests that the data includes partic-
ipants who stayed stationary most of the time. Fig. 8 displays
labels with the last 1-minute trajectories drawn on an image
stitched from multi-camera frames at a certain time in the
test data. The label IDs above 1000 indicate non-participants.
We can see that some workers in an inspection zone, near
the center of the image, have hardly moved throughout the
period. At the same time, some trajectories exhibit unnatural
zigzag artifacts. They presumably stem from lens distortion
and coordinate mismatches at the camera boundaries.

E. Data Availability
The dataset is publicly accessible on Zenodo via DOI:

10.5281/zenodo.17745683. This repository contains reference
videos and pre-trained model weights in addition to the
trajectory and sensor measurement data. The video quality
has been intentionally reduced for privacy reasons while
keeping the resolution. Having said that, they should still
be helpful for observing the trajectory data and appreciating
the unique characteristics of warehouse environments. All
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Fig. 8. Label example with last 1-minute trajectories in test data.

these data are licensed under Creative Commons Attribution-
NonCommercial 4.0 International (CC BY-NC 4.0). Please
see the README file in the repository for granular details,
including file structure, naming conventions, and data formats.

V. EVALUATION AND DISCUSSION

This section aims to demonstrate the effectiveness of
CorVS+ and obtain insights for further advancement. We will
provide the evaluation settings and results, and clarify the
method strengths and remaining challenges. Key extensions
regarding the evaluation from our preliminary work [36]
include the following.

• Hyperparameter optimization of the model architecture
has been performed.

• Comparison with Yan et al.’s method [33] has been added.
• An ablation study with eight variants has been added.

A. Metrics

A conventional accuracy rate is inappropriate where individ-
uals without sensors account for a considerable portion. We
introduce new metrics to evaluate identification performance
specifically for people carrying sensors, which is our primary
interest. We define Participant Precision (PP) as an extension
of standard precision, the proportion of trajectories predicted
correctly among all trajectories predicted as participants. Par-
ticipant Recall (PR) and Participant F1 score (PF) are also
given by equations below, where ŷj and yj represent predicted

and actual ID labels for the j-th trajectory, and Lp represents
the set of participant ID labels.

ParticipantPrecision :=

∣∣{j | ŷj ∈ Lp ∧ ŷj = yj}
∣∣

|{j | ŷj ∈ Lp}|
(8)

ParticipantRecall :=

∣∣{j | yj ∈ Lp ∧ ŷj = yj}
∣∣

|{j | yj ∈ Lp}|
(9)

ParticipantF1 :=
2 PP · PR

PP + PR
(10)

Here, the ŷj and yj will be null for non-participants. The ŷj

can also be undefined if the matching is not confirmed. In
evaluation, we treat such unmatched trajectories as incorrect.

∀j, ŷj ∈ Lp ∪ {null, undefined} ∧ yj ∈ Lp ∪ {null} (11)

Additionally, to better reflect the importance of informative
trajectories, we also assess weighted versions of the metrics
according to the trajectory time duration.

B. Model Training and Parameter Selection

At the outset, we randomly split the tune data into training
and validation subsets with an approximate 8 : 2 ratio. Here,
the individuals were assigned exclusively to either subset to
prevent overfitting. Next, we constructed positive and negative
pairs from them. In this experiment, the negative sample
ratio ρneg for the training subset was varied to 4, 64, and
1024 to investigate its effect on the model performance. At
the same time, the positive samples in the training subset
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TABLE III
HYPERPARAMETER CANDIDATES OF MODEL ARCHITECTURE

CNN Backbone

channel num ch 16 / 24 / 32
small kernel size kss 3 / 5
large kernel size ksl 5 / 9

stride size 1
padding size 0

Transformer Encoder

layer num nenc 2 / 3 / 4
attention dim dattn 32 / 48 / 64

attention head num h 2 / 4
feed forward dim dff 64 / 96 / 128

dropout rate 0.1

MLP Head hidden dim dmlp 8 / 12 / 16
dropout rate 0.1

TABLE IV
OPTIMAL HYPERPARAMETERS AND BEST VALIDATION LOSSES

ρneg ch kss ksl nenc dattn h dff dmlp Loss
4 16 5 9 4 32 4 128 8 0.082
64 32 5 9 2 64 4 128 16 0.072

1024 24 5 9 4 48 4 128 12 0.066

were quadrupled by randomly masking and shifting. The time
window length W was set to 600 data points (i.e., 1 minute)
as previously mentioned. Then, we trained the correspondence
estimation models and optimized their key architecture-related
hyperparameters for each ρneg , as effective configurations
would depend on the data amount. Specifically, Tree-structured
Parzen Estimator (TPE) [91], a representative Bayesian opti-
mization algorithm, was employed with a search space listed in
Table III and a sampling fraction of a quarter. Note that several
parameter combinations were constrained, informed by prior
studies [92], [93] or necessitated by dimensional consistency.

2 ch = dattn = 4 dmlp (12)
2 kss − 1 = ksl (13)

Table IV presents the optimized hyperparameters and best
validation losses for every ρneg . Fig. 9 shows the validation
loss trends of those optimal models. With larger ρneg , the best
validation loss tended to decrease. Richer negative samples
seem to have facilitated the accommodation of a broader range
of data patterns. Also, the losses showed some oscillations
at ρneg = 64, 1024. One possible explanation is that the
predominance of negative samples led to mini-batches without
any positives while amplifying the impact of each positive.
Moderate class variability across mini-batches provides regu-
larization benefits [94]. Increasing batch sizes or capping the
class ratio per batch may facilitate model training with even
larger ρneg . For the scope of this paper, we adopted the optimal
hyperparameters with ρneg = 1024.

Here, it is worth highlighting the effect of data splits. In
our setup, we randomly partitioned the participants in the tune
data at an approximate 8:2 ratio, yielding 22 in the training
subset and 6 in the validation subset. Consequently, out of
the 103 participant trajectories, 76 were allocated to training
and 27 to validation. However, when extending this strategy
to five-fold cross-validation, validation subsets for two folds
consisted of only five participants, and one of them contained a
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Fig. 9. Validation loss curves of optimal models.

mere 10 trajectories. These imbalanced folds tended to produce
more unstable validation losses than the others. Taking this
into account, due attention should be paid to sample sizes
assigned to individual subsets. On the other hand, the chosen
hyperparameters exhibited solid results among the balanced
folds. Their mean best validation loss among those folds was
0.069, even though other configurations occasionally exceeded
0.1. It confirmed that the chosen hyperparameters generalize
reasonably across different data splits. From our observations,
the kernel sizes of convolution layers have a particular impact.

Afterward, we trained models with the optimal hyperparam-
eters four additional times using the original data split and
different random seeds. Also, we performed person identifi-
cation on the tune data and selected the matching algorithm
parameters for each trained model. More precisely, a grid
search was conducted over the reliability threshold Rcsdr and
the probability threshold Pacpt by varying them in increments
of 0.05. We determined the parameters to yield the highest
PF on the tune data. As a result, the most frequently adopted
values were 0.1 and 0.15 for Rcsdr, and 0.9 for Pacpt.

C. Baseline Comparison
1) Setup: For comparison, we benchmarked two baseline

methods. The first one matches the pairs based on the agree-
ment rate between walking events detected in visual tracking
and PDR, with reference to iPAC [32]. It classifies the tracked
subjects as walking when the movement speeds calculated
from their trajectories exceed a threshold. Similarly, it clas-
sifies the sensor wearers as walking when the walking speeds
predicted by PDR exceed another threshold. Then, it associates
the pairs whose classified labels agree above a predefined
proportion in decreasing order of the agreement rates. We
refer to this method as walk matching for convenience. We
borrowed the pre-trained ResNet model of RoNIN [95] for
PDR speed prediction. We also prepared sensor measurement
data of 200 Hz as expected by RoNIN. The method parameters
were optimized using the tune data.

Aside from that, we treat Yan et al.’s method [33] as the
second baseline. It uses a deep learning model to predict
the correspondences, similar to CorVS+. The model takes
movement velocity from visual tracking trajectories, as well
as acceleration, angular velocity, and orientations from wear-
able sensors, and outputs their correspondence probabilities.
After updating the probabilities in light of other pairs, it
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TABLE V
METRIC VALUES PER METHOD ON TEST DATA

Normal Time Weighted
PP PR PF PP PR PF

Walk matching 0.091 0.229 0.131 0.220 0.262 0.239
Yan et al. [33] 0.553± 0.004 0.627± 0.010 0.588± 0.006 0.861± 0.001 0.972± 0.001 0.913± 0.001

CorVS+ 0.797± 0.006 0.727± 0.008 0.760± 0.004 0.993± 0.003 0.972± 0.003 0.982± 0.001

associates the pairs with probabilities higher than a threshold
in decreasing order. This method uses a brief sliding window
of 1 second to segment arbitrary-length data into the model
inputs. Also, it never assigns multiple trajectories to a single
sensor simultaneously, assuming no tracking duplication. We
implemented the method ourselves in accordance with the
paper description. For unspecified configurations, such as data
smoothing and detailed model structure, we aligned them with
ours or followed standard conventions. Note that we used 2D
movement velocity for the model inputs instead of 3D, since
3D trajectories are unavailable in our environment. We set up
the models using five different random seeds, as with CorVS+.
The model hyperparameters and the probability threshold were
also optimized using the tune data.

2) Results: We performed person identification on the test
data with our proposed method, CorVS+, and the baseline
methods. Table V shows the metric values at that time.
For CorVS+ and Yan et al.’s method [33], the means and
standard deviations over five trials are reported. Meanwhile,
the walk matching is deterministic since it utilizes the pre-
trained model. To begin with, we will compare CorVS+ with
the walk matching. Although better than naive random, the
walk matching still yielded poor performance. A possible
cause is imprecise speeds derived from noisy trajectories
or predicted by PDR. In contrast, CorVS+ bypassed this
problem by estimating the correspondences directly from
various features rather than via PDR. Furthermore, imperfect
time synchronization between cameras and smartphones may
also have reduced the agreement rate in the walk matching.
On the other hand, CorVS+ seems to have absorbed such
temporal misalignments through its tolerant inference by the
correspondence estimation model.

Next, we will consider the differences from Yan et al.’s
method. CorVS+ outperformed it overall, improving the PF
by nearly 30% and the weighted PF by approximately 7.5%.
In particular, the improvement in the PP was notable. To ac-
commodate fragmented short trajectories, Yan et al.’s method
relies on model inputs of a fixed brief length, whereas CorVS+
takes a variable-length approach. Leveraging long-term infor-
mation when available presumably contributed to the precise
estimation of the correspondence probabilities. In fact, the
loss values (i.e., the gap between estimated probabilities and
ground truth) during model training were also much lower with
CorVS+, despite both methods using the same loss function.
Specifically, the best validation loss with the correspondence
estimation model of CorVS+ was always under 0.08, as also
presented in Table IV. By contrast, Yan et al.’s method had
around 0.66, slightly better than the completely uncertain case
of − ln 0.5 ≈ 0.693. It manifests the fundamental difficulty of

distinguishing individuals based on data snippets, especially
in noisy environments.

Yan et al.’s method exhibited a great gain from the normal
to weighted metrics and approached CorVS+ in terms of the
weighted PR. Yet we tuned the matching algorithm parameters
to maximize the PF in this experiment. This performance
balance is controllable to some extent by emphasizing specific
metrics during parameter tuning. In addition, Yan et al. do
not account for tracking duplication. This assumption may
have favored their reported results, as this experiment used the
corrected trajectory data to assess identification performance
independently of tracking systems. However, tracking dupli-
cation around camera boundaries can be a substantial factor in
practice. Given this, the superiority of CorVS+ may become
further pronounced when applied to raw trajectory data. The
contributions of other differences, including the incorporation
of the activity-based reliability, will be examined in the next
subsection.

Focusing on the metric variability, the weighted version
showed lower variance in both CorVS+ and Yan et al.’s meth-
ods. This is likely because longer trajectories are relatively
easy and consistently successful, whereas shorter trajectories
are more prone to varied outcomes. Also, PF tended to have
smaller dispersion than PP and PR, particularly in CorVS+.
CorVS+ has two parameters (Rcsdr, Pacpt) for its matching
algorithm. Their combination jointly influences PP and PR
generally in a trade-off relationship. This negative correlation
is presumed to have led to lower variability in PF, the harmonic
mean of PP and PR, than in either metric.

D. Ablation

1) Setup: To understand the roles of individual components
in CorVS+, we carried out an ablation study. We defined eight
additional variants below in three terms: reliability awareness,
data augmentation strategy, and model input length. The first
one negates the reliability consideration; in other words, it
fixes the reliability threshold Rcsdr to 0 during matching.
This variant inherits the model weights from the full version
(i.e., the original CorVS+) to ensure fair comparison. The
next two turn off either random masking or shifting when
augmenting positive samples. These variants maintain the
same sample count and train new models with the same
architecture as the full version. The subsequent three restrict
input lengths to constant rather than variable, specifically 100,
300, and 600 data points (i.e., 10, 30, and 60 seconds). These
variants train new models with the same architecture as the
full version. Yet the eligible sample quantity decreases as the
model input length gets longer. The last two switch between
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TABLE VI
OPTIMAL MATCHING ALGORITHM PARAMETERS

PER VARIANT ON TUNE DATA

Rcsdr Pacpt

No reliability – 0.90
No masking 0.05 0.85
No shifting 0.15 0.95
Fixed 100 0.05 0.80
Fixed 300 0.35 0.80
Fixed 600 0.10 0.75
Multiple isolated 0.05 / 0.35 / 0.10 0.80 / 0.80 / 0.75
Multiple unified 0.05 0.80
Full 0.10 / 0.15 0.90

those fixed-length models depending on each sample length.
More precisely, they selectively use the model with the longest
input length that does not exceed the given sample length. The
former reuses the matching algorithm parameters optimized
individually for each input length, whereas the latter adopts
holistic optima across three input lengths.

1) No reliability consideration
2) No random masking in positive sample augmentation
3) No random shifting in positive sample augmentation
4) Fixed length of 100
5) Fixed length of 300
6) Fixed length of 600
7) Multiple lengths with isolated matching parameters
8) Multiple lengths with unified matching parameters

In this experiment, these variants shared the negative sample
ratio ρneg of 1024. All other conditions, such as the data
splitting and model training configurations, are also consistent
with the full version unless otherwise noted. We trained
models using a single seed and tuned the matching algorithm
parameters for each variant. Table VI reports the matching
algorithm parameters adjusted on the tune data. The full
version is represented by its modal values.

2) Results: We performed person identification on the test
data with every variant. Table VII reports the metric values
at that time. For ease of reference, the mean values of the
full version are reproduced from Table V. The point of
departure is the activity-based reliability. The full version
achieved higher scores than the no-reliability variant except for
the weighted PP on average. Parenthetically, the full version
with the same seed prevailed over the variant across all
metrics. In this experiment, both used the same model weights,
and the optimal probability threshold Pacpt also coincided,
according to Table VI. Hence, the performance distinction
is entirely attributable to their only difference, the reliability
consideration. The no-reliability variant exhibited a particular
decline in recall. Here, the inclusion of unreliable probabilities
from stationary periods would dilute informative signatures
from active periods through the probability aggregation in the
matching process. This weak discriminativeness likely made
it difficult to narrow down the candidate pairs, hindering
completion of matching.

Next, we turn to a consideration of random masking and
shifting in positive sample augmentation. The full version
demonstrated the superior results in all metrics. Model training

TABLE VII
METRIC VALUES PER VARIANT ON TEST DATA

Normal Time Weighted
PP PR PF PP PR PF

No reliability 0.791 0.708 0.747 0.994 0.910 0.950
No masking 0.713 0.646 0.678 0.979 0.869 0.921
No shifting 0.756 0.615 0.678 0.987 0.880 0.931
Fixed 100 0.800 0.625 0.702 0.990 0.796 0.883
Fixed 300 0.935 0.604 0.734 0.995 0.964 0.979
Fixed 600 0.946 0.552 0.697 0.991 0.954 0.972
Multiple isolated 0.761 0.698 0.728 0.979 0.964 0.972
Multiple unified 0.782 0.708 0.743 0.983 0.968 0.975
Full 0.797 0.727 0.760 0.993 0.972 0.982

with a wide variety of positive samples appears to have en-
hanced the overall performance. Since we weighted loss values
by the inverse of class distribution, the larger the negative
sample ratio ρneg , the greater the relative influence of each
positive sample on model update. Enriching positive sample
patterns could be particularly beneficial for generalization
under large ρneg .

Then, we will examine the effect of model input length. The
fixed-length variants tended to yield higher PP but lower PR.
Here, the fixed-length models cannot handle samples shorter
than their own lengths. From Table II, a quarter of participant
trajectories are 26 seconds or shorter. It implies the fixed-
length variants of 300 and 600 (i.e., 30 and 60 seconds)
would not achieve a PR above 0.75, even if they associated
all eligible samples correctly. On the flip side, they target
only longer samples, which are relatively easy to estimate
the correspondences. This restricted scope likely led to the
high PP at the expense of the PR. On the other hand, the
full version struck a reasonable balance between the PP and
PR by variable-length processing that supports arbitrary-length
samples.

Looking at the differences among the fixed-length variants,
longer models resulted in higher PP and lower PR. The
aforementioned effect of the limited eligible samples appears
to have strengthened as the model length increased. Notably,
the 600-length variant was the best in the PP and at the same
time the worst in the PR among all variants. As a result, the
intermediate length of 300 brought the highest PF among the
fixed-length variants. Regarding the time-weighted metrics, the
100-length variant showed only limited gains over the normal
metrics. The time weighting accentuates the performance on
longer samples. The short model length of 100 was likely
insufficient to leverage their long-term information, thereby
failing to effectively benefit from the accentuation.

We now focus on the multiple-length variants. Switching
between multiple fixed-length models behaved more like a
variable-length model, moderating the skew between the PP
and PR. At first glance, it might seem counterintuitive that
doing so resulted in lower PP and higher PR than any of
the individual models; however, it is actually plausible. For
instance, the PP of 0.800 for the 100-length variant reflects
its performance on all samples longer than 10 seconds. This
value drops to 0.391 when confined to samples shorter than 30
seconds. Conversely, the PR would improve by applying the
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TABLE VIII
CONFUSION MATRIX ON TEST DATA

Predicted
Participant Non-participant UnmatchedCorrect Wrong

Actual Participant 70 3 0 23
Non-participant – 15 63 68

longest possible model to each sample rather than the shortest
to all samples. In the end, the multiple-length variant with uni-
fied matching algorithm parameters achieved a higher PF than
every fixed-length variant, yet the results remained modest.
The inconsistency in predicted probability distributions across
the individual models may have undermined the synergy. In
contrast, the full version can handle all samples uniformly,
including those shorter than 10 seconds. Furthermore, it can
better leverage contexts of various lengths. For example, given
a sample length of 299, the multiple-length variants slice it into
100, whereas the full version accepts it as is.

E. Limitations and Opportunities
In the following discussions, we will explore further per-

formance enhancement of CorVS+. From Table VII, the full
version marked the best scores in the PR, PF, weighted PR,
and weighted PF. Notably, all weighted metrics approached 1.
This result suggests that most errors arose from relatively short
trajectories. In other words, there is still room for improvement
in such cases. Specifically, the PR remained low compared to
the PP. Table VIII is the confusion matrix of the full version
with a certain seed on the test data. It indicates that the
predominant factors in the PR degradation were unmatched
trajectories, rather than those associated with incorrect sensors
or misclassified as non-participants. The algorithm could not
determine a unique sensor to associate with. Here, integrating
extra modalities may enrich clues for matching. One promis-
ing approach is to utilize existing Wi-Fi signals [96]. As
previously noted, it is difficult to estimate locations robustly
with trilateration or fingerprinting in warehouse inbound areas.
Nevertheless, within proximity to the access points, strong
signals are available with relative stability. RSS information
from sensors may help narrow down the candidate pairs in
some situations.

Furthermore, the current way does not always choose the
optimal matching algorithm parameters Rcsdr and Pacpt for
the test data. In fact, the best (Rcsdr, Pacpt) of the full version
on the test data was often differ from those on the tune
data. It can be attributable to discrepancies in the distributions
of model inference in addition to the data itself. In this
experiment, we used the same data for model training and
parameter selection, as the labeled trajectory data was limited.
However, it can impede generalization performance because
the matching algorithm parameters are adjusted based on data
that the model has already seen in part. The most straight-
forward workaround is to prepare separate data for model
training and parameter selection. Alternatively, an approach
is worth exploring to refine the parameters in response to the
distributional shifts.

Another promising direction for future work is to uti-
lize sensor measurements to reinforce visual tracking after
the matching. This experiment used the corrected trajectory
data for evaluation, but tracking switches and fragmentations
sometimes occur in practice, especially in crowded scenes
with similar targets. Although switching can be suppressed
to some extent by adjusting tracking algorithm parameters,
this typically comes at the cost of increased fragmentation.
To overcome this limitation, incorporating motion information
from sensors may help maintain tracking when visual infor-
mation is lacking. The persistent trajectories also potentially
lead to higher recall in person identification.

Worker location data linked with identities plays a crucial
role in improving productivity and work quality in warehouses.
It enables high-fidelity modeling of workers’ behavior based
on actual operations. Those models can be used in simulations
for optimization of resource management [4], proactive assess-
ment of robot deployment [97], etc. In addition, combining
the identity-tagged location data with others can unlock even
greater synergies. It has been nearly impossible to identify
packaged items solely based on visual appearance, particularly
in high-mix warehouses that process millions of unique items.
However, inspected items in videos can be identified by cross-
referencing the inspecting worker locations with their oper-
ational logs from warehouse management systems. It boosts
item tracability and would help address the package congestion
issue, a chronic bottleneck in warehouse workflows.

VI. CONCLUSION

In this study, we proposed CorVS+ for identity-aware local-
ization using fixed cameras and wearable sensors. This study
stands out for its focus on challenging real-world scenarios and
its incorporation of insights from on-site studies. We presented
a deep learning model that estimates the correspondence prob-
abilities and activity-based reliabilities from arbitrary-length
data. It was accompanied by training techniques for effective
inter-modal learning. We also presented a matching algorithm
that incrementally confirms positive and negative pairs. It
accommodates practical situations such as the presence of
external people and simultaneous similar movements.

Furthermore, we developed a dataset that reflects actual
warehouse operations and challenging settings not seen in
prior studies. The baseline comparison demonstrated the over-
all superiority of CorVS+, elevating the PF by approximately
30% or more. The ablation confirmed the effectiveness of the
reliability consideration, positive sample augmentation, and
variable-length modeling. At the end, the discussion pointed
out the remaining rooms and promising avenues for further ad-
vancement. This study paved the way for person identification
based on visual and inertial data under industrial-scale settings.
We believe the takeaways from this study can help with digital
transformation across various complex environments beyond
warehouses.
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hyper-parameter optimization,” in Proceedings of the 25th International
Conference on Neural Information Processing Systems, ser. NIPS’11,
2011, pp. 2546–2554.

[92] N. Kawaguchi, J. Nozaki, T. Yoshida, K. Hiroi, T. Yonezawa, and
K. Kaji, “End-to-end walking speed estimation method for smartphone
pdr using dualcnn-lstm,” in Short Paper Proceedings of the Tenth
International Conference on Indoor Positioning and Indoor Navigation
- Work-in-Progress Papers (IPIN-WiP 2019), vol. 2498, 11 2019, pp.
463–470.

[93] Y. Shavit and I. Klein, “Boosting inertial-based human activity recogni-
tion with transformers,” IEEE Access, vol. 9, pp. 53 540–53 547, 2021.

[94] S. L. Smith and Q. V. Le, “A bayesian perspective on generalization and
stochastic gradient descent,” in International Conference on Learning
Representations, 2018. [Online]. Available: https://openreview.net/for
um?id=BJij4yg0Z

[95] S. Herath, H. Yan, and Y. Furukawa, “Ronin: Robust neural inertial
navigation in the wild: Benchmark, evaluations, & new methods,”
in 2020 IEEE International Conference on Robotics and Automation
(ICRA), 2020, pp. 3146–3152.

[96] L. Zhang, Y. Xu, J. Bao, Q. Wang, J. Xu, D. Li, Y. Yang, and
M. Zhang, “Multi-region indoor localization based on wvp system,” in
2021 IEEE 27th International Conference on Parallel and Distributed
Systems (ICPADS), 2021, pp. 773–779.

[97] Y. Fukushima, Y. Asai, S. Aoki, T. Yonezawa, and N. Kawaguchi,
“Digimobot: Digital twin for human-robot collaboration in indoor en-
vironments,” in 2021 IEEE Intelligent Vehicles Symposium (IV), 2021,
pp. 55–62.

PLACE
PHOTO
HERE

Kazuma Kano received B.E. degree in Elec-
trical Engineering, Electronics, and Information
Engineering and M.E. degree in Information
and Communication Engineering from Nagoya
University, Japan, in 2022 and 2024, respec-
tively. He is currently pursuing Ph.D. degree
at the same university. His research interests
include deep learning-based indoor positioning
and annotation-efficient visual recognition.

This article has been accepted for publication in IEEE Journal of Indoor and Seamless Positioning and Navigation. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JISPIN.2026.3740387

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

https://doi.org/10.1016/j.neucom.2023.127063
https://arxiv.org/abs/2503.19786
https://arxiv.org/abs/2407.21783
https://openreview.net/forum?id=Bkg6RiCqY7
https://openreview.net/forum?id=Skq89Scxx
https://openreview.net/forum?id=Skq89Scxx
https://arxiv.org/abs/1706.02677
https://hal.science/hal-04376640
https://proceedings.mlr.press/v9/glorot10a.html
https://doi.org/10.1145/2968219.2968276
https://arxiv.org/abs/1809.07491
https://www.sciencedirect.com/science/article/pii/S1569843225006661
https://www.sciencedirect.com/science/article/pii/S1569843225006661
https://github.com/ultralytics/ultralytics
https://doi.org/10.1145/3675094.3678447
https://arxiv.org/abs/2510.19432
https://doi.org/10.1007/978-3-031-20047-2_1
https://openreview.net/forum?id=BJij4yg0Z
https://openreview.net/forum?id=BJij4yg0Z


KAZUMA KANO et al.: CORVS+: CORRESPONDENCE-DRIVEN ASSOCIATION OF VIDEO TRAJECTORIES AND SENSORS 17

PLACE
PHOTO
HERE

Yuki Mori received his B.E. degree from Nagoya
University, Japan, in 2024. From 2024, he has
been a master’s student at the Graduate School
of Engineering, Nagoya University. His research
interests include ubiquitous computing and com-
puter vision.

PLACE
PHOTO
HERE

Shin Katayama received Ph.D. degree in engi-
neering from Nagoya University, Japan, in 2023.
His current research interests include human–
computer interaction, ubiquitous computing sys-
tems, and affective computing.

PLACE
PHOTO
HERE

Kenta Urano (Member, IEEE) received his B.E.,
M.E., and Ph.D. degrees in engineering from
Nagoya University, Japan, in 2016, 2018, and
2021, respectively. From 2021, he is an as-
sistant professor in Graduate School of Engi-
neering, Nagoya University. His research inter-
ests include location-based system, human ac-
tivity recognition, real-world data modeling, and
biosignal entertainment computing.

PLACE
PHOTO
HERE

Takuro Yonezawa (Member, IEEE) is an as-
sociate professor in Graduate School of Engi-
neering, Nagoya University, Japan. He received
Ph.D. degree in the Media and Governance
from Keio University in 2010. His research in-
terests are the intersection of the distributed
systems, human–computer interaction, and sen-
sor/actuator technologies. He is a member of
IPSJ, IEICE and ACM.

PLACE
PHOTO
HERE

Nobuo Kawaguchi (Member, IEEE) received
his B.E., M.E., and Ph.D. degrees in computer
science from Nagoya University, Japan, in 1990,
1992, and 1995, respectively. From 1995, he
was an associate professor in the Department
of Electrical and Electronic Engineering and In-
formation Engineering, School of Engineering,
Nagoya University. Since 2009, he has been a
professor in the Graduate School of Engineer-
ing, Nagoya University. His research interests
are in the areas of human activity recognition,

smart environmental system, and ubiquitous communication system.

This article has been accepted for publication in IEEE Journal of Indoor and Seamless Positioning and Navigation. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/JISPIN.2026.3740387

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/


	Introduction
	Related Work
	Person Re-identification with Fixed Cameras
	Person Identification with Fixed Cameras
	Person Identification with Fixed Cameras and Wearable Sensors
	Positioning of This Study

	Proposed Method: CorVS+
	System Overview
	Correspondence Estimation Model
	Input and Output
	Architecture
	Training

	Matching Algorithm
	Assumptions
	Logic


	Dataset Creation
	Scenario
	Sensor Measurements from Smartphones
	Visual Tracking Trajectories from Fixed Cameras
	Data Analysis
	Data Availability

	Evaluation and Discussion
	Metrics
	Model Training and Parameter Selection
	Baseline Comparison
	Setup
	Results

	Ablation
	Setup
	Results

	Limitations and Opportunities

	Conclusion
	Biographies
	Kazuma Kano
	Yuki Mori
	Shin Katayama
	Kenta Urano
	Takuro Yonezawa
	Nobuo Kawaguchi


