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Abstract

Tracking-based social behavior analysis of lab animals, especially
mice, is crucial for research in biology, medicine, and psychology.
However, existing visual tracking systems struggle to maintain
long-term, accurate tracking due to frequent identity association
errors, which lead to extensive manual correction and limit re-
search scalability. This paper introduces MTRACK, an RFID-vision
hybrid mouse tracking system that leverages the precise identifica-
tion capability of UHF RFID to assist the visual tracker, enabling
long-term, self-correcting, and high-accuracy mouse tracking. Our
experiments demonstrate that MTRACK can track up to ten mice
simultaneously with over 99.23% identification accuracy and a 0.4
cm 99th-percentile localization error, reducing error rate by more
than 40x compared with visual tracking systems. Our field studies
indicate that MTRACK can sustain this performance for over two
hours and be seamlessly integrated into existing animal behav-
ior research workflows. The code and dataset are open-sourced at
https://github.com/SOAR-PKU/mTrack.
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1 Introduction

Mice are widely used as preclinical models to investigate human
diseases due to their genetic similarities to humans [57]. Studying
social behavior among mice provides critical insights into drug
screening, depression assessment, and gene function research [33,
60, 62]. These studies help identify therapeutic targets, understand
neurobiological mechanisms, and develop interventions for human
conditions such as autism, schizophrenia, and mood disorders [33].

Social behavior study requires accurate and continuous track-
ing of individuals within a mouse group, with a particular focus
on maintaining their identities over time. Modern visual tracking
methods often rely on differences in visual appearance and motion
continuity for both tracking and identification [6, 74, 79]. However,
mouse tracking poses two fundamental challenges to the current
visual trackers:

o Undistinguishable Appearance. In behavioral experiments, most
mice share similar genetic backgrounds, resulting in nearly
identical appearances [41]. As a consequence, it is hard to dis-
tinguish individuals based on appearance.

o Complex Motion Pattern. Movement of mouse is rapid (instan-
taneous speeds up to 1.68 m/s [25]) and erratic, and frequent
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Figure 1: MTRACK achieves highly accurate mouse tracking,
enabling biologists to study the long-term social behavior of
mice effectively.

clustering and interaction between mice lead to occlusion, chal-
lenging motion-based identity prediction.

These factors collectively contribute to frequent identity associ-
ation errors [44], where visual trackers assign the wrong identity
to the tracked mouse. Worse still, existing visual trackers lack an
error correction mechanism - once an identity is misassigned, the
error propagates indefinitely. Over time, nearly all tracked mice will
eventually be misidentified. Specifically, the state-of-the-art (SOTA)
visual tracker can track only up to four mice, with no guarantees
of identity persistence, relying on human intervention for quality
checks and corrections, which significantly increases labor efforts
[46, 51, 54, 55]. Our pilot study (§2.1) demonstrates that a SOTA
tracker [79] can maintain correct identity tracking for no more than
one minute. The limitation of tracking capacity has constrained
most current social behavior studies to dyadic interactions between
two mice, while research on the richer and more complex social
dynamics within larger groups remains scarce [72].

A complementary approach for identification during tracking is
to attach visual tags on the mouse, such as AprilTags [50] and QR
codes [3, 15]. By recognizing the visual tags on mice, their identities
can be easily determined. However, small visual tags (e.g., 1 x 1 cm)
matching the size of mice are prone to staining from food residue
or hair during experiments and ineffective in low-light conditions
[3, 15], highlighting the need for alternative identification methods
beyond visual cues.

One promising alternative is Ultra-High-Frequency (UHF, 860-
960 MHz) RFID, which offers non-line-of-sight (NLOS) identifica-
tion capabilities with extended range (up to 10 m) and high-speed
interrogation (1000+ reads/sec) [29]. Unlike visual tags, the identifi-
cation of UHF RFID is unaffected by lighting conditions or physical
obstructions. Particularly, UHF RFID has demonstrated its potential
for object identification when fused with visual data in applications
such as smart retail and human-object interaction [22, 36, 43]. The
fusion leverages the complementary strengths of visual tracker and
UHF RFID: Visual tracker excels at precise object detection and
localization but struggles with identification, while UHF RFID pro-
vides accurate, long-range identification and phase data for coarse
positional information. By integrating these modalities, a matching
algorithm matches the visual trajectory of an object with a specific
UHF RFID tag, enabling accurate identification and correction of
the visual trajectory.

In this paper, we present MTRACK, the first mouse tracking sys-
tem that integrates visual tracking with UHF RFID technology to
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enable long-term, self-correcting, and high-accuracy mouse track-
ing. By attaching UHF RFID tags to individual mice, we provide
them with physical identities for accurate identification. MTRACK
achieves highly accurate and robust tracking by addressing three
key challenges. The first is reliability — maintaining high identi-
fication accuracy over long-term experiments. Scientific research
requires exceptionally high accuracy (e.g., 97%) across multi-hour
studies [16, 41, 49]. Existing UHF RFID-vision systems [22, 36, 43]
work well only in constrained motion patterns (e.g., simple linear
trajectories or repetitive, predictable movements) commonly found
in application scenarios such as smart retail, where tagged items are
moved along fixed paths, or human-computer interaction, where
participants perform predefined gestures in front of cameras. In
these settings, visual trackers rarely make association errors. In
contrast, mice move randomly and are frequently occluded, leading
to frequent association errors. In this case, RFID needs to provide
not only identification but also correction of visual tracker errors
across frames. Unlike prior work that relies on the visual tracker to
provide already-correct trajectories, MTRACK is designed to actively
detect and fix association errors. To achieve this, MTRACK intro-
duces an RFID-vision trajectory matching algorithm that identifies
and corrects the visual trajectories by monitoring the matching
scores with UHF RFID phase sequences.

During the clustering and interaction of mice, visual trackers
suffer from frequent identity association errors, which presents
the second challenge — timeliness — to resolve frequent identity
association errors in time. The short interval of identity association
errors imposes a strict deadline for the matching algorithm. MTRACK
must identify the trajectory before subsequent association errors
compound existing ambiguities. To address this, we design a tracklet
identity manager with two key features. First, it infers possible
identities per trajectory using visual context, reducing the number
of matching tag candidates and accelerating the matching process.
Second, it tolerates some untimely matches by leveraging current
match results to retroactively correct past association errors.

Social behavior studies require a reasonable number of subjects
(e.g., more than five) to enable the investigation of complex social
interactions [10, 69], leading to the final challenge — scalability —
tracking as many mice as possible. As the number of mice increases,
the read rate per tag drops significantly due to channel contention in
RFID systems (halving when scaling from two to ten tags), slowing
the convergence of the matching algorithm. In contrast to reading
all tags indiscriminately, reading resources must be allocated effi-
ciently by prioritizing tags that require more frequent updates. In
MTRACK, we identify that tags not yet matched to any trajectory
and high-mobility tags should be prioritized for reading. Based on
this insight, we design an RFID reading scheduler that dynamically
allocates resources based on matching status and mobility.

We implement MTRACK using commodity hardware and demon-
strate its ability to meet key biological tracking requirements (Tab. 1).
MTRACK enables continuous tracking of ten mice with 99.23% accu-
racy, eliminating the need for manual correction compared to visual
trackers. Compared to previous UHF RFID-vision systems, MTRACK
maintains high accuracy under unpredictable mouse motion and
improves the tracking capacity from six to ten targets. In the field
study, MTRACK achieved 98.7 + 0.2% accuracy with ten mice over
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Table 1: Comparison of MTRACK with state-of-the-art tracking systems.

Tracking Capacity Mobility Support

Identification Accuracy Localization Precision

Modality System (= 5 subjects) (Unpredictable motion) (= 97%)* (< 1cm)®
Pinlt [65] Yes (1 tag) No (Static targets) N/A? No (11.2 cm)
RFID MobiTagbot [59]  Yes (20 tags) No (Static targets) N/A? No (3-4 cm)
Systems RF-IDraw [66] No (1 tag) No (Drawing fixed characters) N/A? No (19 cm)
Tagoram [75] No data reported No (Conveyor belt motion) N/A? No (12.3 cm)
Vision idtracker.ai [55] No (4 mice) Yes (Free moving animals) No (Need manual correction)  Yes (<1 cm)
Systems DeepLabCut [46]  No (3 mice) Yes (Free moving animals) No (Need manual correction)  Yes (<1 cm)
ID-Match [36] Yes (5 tags) No (Simple linear motion) No (95%) Yes (<1 cm)
RFID-Vision  RF-Camera [43] No (4 tags) No (Drawing fixed characters) No (~85%) Yes (<1 cm)
Hybrid TagView [22] Yes (6 tags) No (Simple linear motion) No (96%) Yes (<1 cm)
Systems MTRACK (Ours)  Yes (10 tags) Yes (Free moving mice) Yes (99.23%) Yes (<1 cm)

! The accuracy requirement (97%) is based on results reported by previous animal behavior studies based on mouse tracking [16, 41, 49].
2 "N/A" indicates that the metric is not applicable. RFID systems inherently provide ID and do not require a separate association step to determine ID.
3 The median localization error is presented. Sub-centimeter localization is typically achieved by visual-modality methods, provided identity errors are disregarded.
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Figure 2: Visual tracking pipeline.

two hours, fulfilling the requirements of classic behavioral studies
[12]. Our contributions can be summarized as:

o We present MTRACK, the first UHF RFID-vision hybrid system
capable of accurately tracking multiple mice simultaneously
over extended periods, addressing the limitations of existing
visual tracking methods.

o We design a novel RFID-vision fusion framework extending
RFID-vision tracking to scenarios with frequent identity asso-
ciation errors. It integrates an RFID-vision trajectory matching
algorithm (§4), a tracklet identity manager (§5), and an RFID
reading scheduler (§6).

e We collaborate with biologists to conduct field studies using
MTRACK, demonstrating its ability to support long-term mouse
tracking and integrate into social behavior analysis workflows.
This work does not raise any ethical concerns, and all biology-

related experimental procedures were reviewed and approved by the
Institutional Review Board.

2 Background and Pilot Study

Current biological research primarily relies on visual solutions
for mouse tracking. In this section, we provide a primer on visual
tracking and present a pilot study to evaluate the performance of
vision-based mouse tracking.

2.1 Visual Tracking Primer and Evaluation

Task Definition. Mouse tracking is a Multi-Object Tracking (MOT)
problem, which aims to detect and maintain continuous trajectories
of multiple objects in a video sequence. Each object is represented
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Figure 3: Visual tracker fails to track 5 mice.

by a bounding box, defined by its center coordinates, width, and
height. The output of MOT is a set of tracklets, where each tracklet
is an ordered sequence of bounding boxes describing an object’s
movement over time. Each tracklet is denoted as 7, where k is the
unique ID assigned by the visual tracker. MOT follows the Track-
by-Detection framework [6, 74, 79], which consists of two main
steps as shown in Fig. 2:

o Detection: It detects and localizes objects in each frame, out-
putting bounding boxes.

o Association: It associates the currently detected bounding boxes
to existing tracklets by predicting their future positions (e.g.,
using a Kalman filter) and computing similarity metrics like
intersection-over-union (IOU). Low-similarity associations are
rejected, and unassociated detections initialize new tracklets.

To assess the effectiveness of visual tracking, we conduct a pilot
study using a SOTA visual tracker ByteTrack [79] for tracking,
combined with YOLOv8 [32] for object detection. We analyze a
30-minute video featuring five mice. As shown in Fig. 3, the visual
tracker lost tracking of two mice within the first minute and failed
to track all mice within ten minutes, demonstrating its inability to
maintain long-term tracking.

To further investigate the source of errors, we analyze the widely
adopted Higher Order Tracking Accuracy (HOTA) metrics [44] to
determine whether the errors stem from detection or association:

Detection Accuracy. It measures how well an object detector
localizes subjects (mouse) using bounding boxes. The results show
YOLOV8 exhibited high accuracy of more than 99% for the entire
video , with occasional errors during occlusions or close interactions.
This high accuracy confirms that detection error is not the primary
issue in mouse tracking.



SenSys 26, May 11-14, 2026, Saint Malo, France

Frame 75

Frame 65 Frame 70 Frame 80

Figure 4: An example of association error.

RGN & Gy a
Ground truth ice 7 Bob ice N g Bob

== P T
// \\ / N
p
S/ T2 s J T2 N
p

~ X ~

Track result

Bob ~ Alice Bob T3 Alice

(a) Fragmentation. (b) ID switch.

Figure 5: Illustration of association errors.

Association Accuracy. It evaluates how well a tracker associates
detected bounding boxes with their corresponding tracklets across
frames. The results show that ByteTrack’s association accuracy is
notably low, at only 37.5%, indicating that over 60% of the bounding
boxes are incorrectly assigned. An example of association error is
illustrated in Fig. 4. In Frame 70, the two mice move closely and
cannot be correctly detected separately. Then, when they separate
in Frame 75, Mouse 2 is recognized as Mouse 3, and Mouse 3 is reini-
tialized as Mouse 4. These association errors make visual tracking
systems fail to keep correct tracking for the long term.

Appearance Based Re-identification. One approach to mitigate
association errors is visual appearance-based re-identification (Re-
ID), which leverages appearance differences to distinguish tracked
objects. To evaluate its feasibility for mouse tracking, we construct
a dataset of 1,000 labeled images from five mice and finetune the
widely used Omni-Scale Network (OSNet) [80]. The model achieves
alow top-1accuracy of just 37.3%, meaning that in over 60% of cases,
it incorrectly identifies two different mice as the same individual.
These results confirm that appearance-based Re-ID is unreliable for
distinguishing between mice.

2.2 Understanding Association Errors

To better understand the association errors, we explain the root
causes of association errors and evaluate how frequently they occur.

Reasons for Association Errors. Association errors occur when
the tracking system incorrectly assigns identities to detected track-
lets. Based on our observations and previous work on assessing
MOT performance [38, 53], these errors manifest in two primary
forms, as shown in Fig. 5: 1) Fragmentation. The ground truth tra-
jectory of a single identity is fragmented into multiple tracklets. 2)
ID switch. The ground truth identities of two or more tracklets are
incorrectly interchanged. These errors primarily stem from the lim-
itations of motion-based association in visual tracking, as it relies
on movement continuity rather than unique physical identifiers,
making association errors inevitable when mice interact closely or
occlude one another.

Frequency of Association Errors. To quantify the frequency of
association errors, we analyzed the cumulative distribution function
(CDF) of the time intervals between consecutive association errors
(Fig. 6). While the average interval between association errors is
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Figure 6: CDF of association error time intervals.
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Figure 7: MTRACK overview.

over two minutes, 20% of errors occur within just 5.4 seconds.
This distribution reflects the social behavior patterns of mice: they
act independently most of the time, but occasionally gather and
interact, triggering frequent association errors. The tracking system
is expected to be able to recognize and resolve association errors
within this time margin, which is very challenging.

Takeaway. The results suggest that association errors — not detec-
tion limitations — pose the greatest challenge to long-term mouse
tracking. These errors are frequent in visual tracking and cannot
be solved by appearance-based Re-ID. This aligns with findings
from [78], which reports that visual trackers exhibit significant
performance degradation when applied to animal datasets such as
AnimalTrack [78], compared to human/vehicle-focused datasets
like MOT17 [47]. A permanent and reliable identification method
beyond visual features is necessary to address association errors,
which motivates our use of UHF RFID to provide physical identifiers
for assisting the identification process.

3 Overview

MTRACK addresses long-term mouse tracking challenges in bio-
logical studies by synergizing UHF RFID identification with vi-
sual trajectory data. As illustrated in Fig. 7, our design comprises
three key components. First, we design an RFID-vision trajectory
matching algorithm (§4) that performs continuous matching with
confidence checks, enabling high matching accuracy. Second, we
design a graph-based tracklet identity manager (§5) that propa-
gates identities across tracklets. Through candidate reduction and
backward identification mechanisms, this module accelerates the
convergence of the matching algorithm and tolerates some failed
matches. Third, we develop an RFID reading scheduler (§6) to al-
locate limited reading resources efficiently, mitigating the effects
of contention-induced reductions in reading rate when scaling to
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more mice. Together, these components enable MTRACK to achieve
long-term, self-correcting, and high-accuracy mouse tracking in
biological research.

4 RFID-Vision Trajectory Matching

In this section, we formalize the problem of UHF RFID and vision
hybrid tracking as a tracklet matching problem. Then we introduce
how MTRACK ensures a highly reliable matching with a carefully
designed similarity quantification based on the RFID signal model
and an online matching algorithm.

4.1 Problem Definition

In our experiment setup, each mouse is physically equipped with
a unique UHF RFID tag. The task is to match visual tracklets with
their corresponding RFID tags. Let 7 = {7, 72, ..., Tpr} denotes the
set of visual tracklets and R = {rq, ra, ..., rN} is the set of RFID tags.
In practice, M > N due to the fragmentation errors (Fig. 5a) in the
tracking process. The objective is to establish a mapping o : 7— R
that optimally associates tracklets with their physical identifier —
RFID tags.

The RFID reader queries the tags in sequence, and the tags
backscatter the signal to reply. For each RFID tag rj, we observe a
signal phase sequence ©; = [Qj(tl), 0j(t2),..., Gj(tK)] at discrete
timestamps ty.. Positions P; for tracklet 7; are aligned to RFID times-
tamps via linear interpolation: P; = [p;i(t1), pi(t2),...,pi(tx)],
where p;(#) is the center position of the bounding box of tracklet
7; at time f.

Since the phase is dominated by the tag-antenna distance, which
can be derived from the tracklet positions, we can predict the phase
values ©; related to tracklet 7; by a signal propagation model 7

Oi = [6i(t1), bi(t2), ..., i (tx)
= [F(pi(t)), F(pi(12)), - . .. F (pi(tx))]

Formally, the matching problem is to find a mapping o : 7— R
that maximizes aggregate similarity between the predicted phases
of tracklets and the measured phases of RFID tags:

1

M
mE?XZS(T(Pi), Os(i)) (2)

i=1

where S(-) quantifies the similarity between the phase sequences.

4.2 Algorithm Design

Signal Propagation Model. The RF phase is determined by the
propagation distance but is also influenced by hardware character-
istics and environmental multipath effects:

0= (4%1 + 0y, + Hem,) mod 271 (3)
where d is the tag-to-antenna distance, A is the carrier wavelength,
Oy is the phase offset caused by hardware characteristics, and Oepy,
is the phase offset caused by multi-path effects [28].

Due to the unknown phase offset 6}, and O.py, it is hard to
predict phases ©; from tracklet positions P;. As an alternative,
we take the phase difference between the adjacent measurements
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Figure 8: Empirical verification of the phase model.

to calculate the similarity, assuming that 0}, and 0.y, are nearly
identical for adjacent measurements:

Aéj(tk) = éi(tk) - éi(tk—l) = %1 mod 27 4)
where Ad is the change in the tag-to-antenna distance between
tr and tg_1, which can be predicted from tracklet positions and
calibrated antenna locations. We validate our phase model by col-
lecting 30 minutes of motion data from five mice and analyzing the
phase differences across varying Ad. The mean measured phase
differences closely match the predictions, confirming that our as-
sumption holds (Fig. 8).

Similarity Quantification. We take the Manhattan distance be-
tween the predicted and the measured phase difference to measure
the similarity:
1 K-1 R
5(61.0)) =~ ; |A0: (1) = A0 ()| %)

Online Matching Framework. With the similarity quantification,
a direct approach to solve the matching problem 2 is using a global
optimization-based method [22]. However, this approach is sen-
sitive: a few mismatches can skew the entire solution, leading to
low accuracy, as confirmed by our comprehensive evaluation in
§8.2. Instead, we propose an online matching framework that only
accepts high-confidence matches to minimize mismatches. MTRACK
maintains the matching status for the active tracklets and tags
and continuously updates the matching scores between unmatched
tracklets and tags. When a score meets predefined matching crite-
ria, MTRACK accepts the match and updates the tracklet and tag to
matched status.

The matching criteria are defined as follows. Let M be the match-
ing score matrix, where M;j ; represents the matching score between
tracklet 7; and tag rj, M;j = S(6,, ©;) < 0. A tracklet 7; is con-
sidered matched with tag r; if the following two conditions are
simultaneously satisfied:

(1) Maximal Condition: The matching score for tag r; with track-
let 7; is significantly higher than the matching scores with other
tracklets.

Mk,j < (1+a)Mi,j Vk #i

(2) Stable Condition: The matching score for tracklet z; with
another tag ry is significantly lower than the maximal matching
score of ry.

Mg < (1+a)maxM, ;. Vk#j
u
where a > 0 since the matching scores are negative.

Online Quality monitor. Even with high-confidence matches,
errors can still arise. These primarily occur in two scenarios: First,
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Figure 9: A toy example to show how the tracklet identity
manager reduces the matching candidates.

the matching algorithm still has a small probability of mismatch.
Second, and more subtly, even correctly matched tracklets can later
suffer from ID switches within the visual tracker, as illustrated in
Fig. 5b. These mismatches propagate across subsequent frames,
causing unpredictable errors if left unaddressed.

To address this, we implement an online quality monitor that
continuously monitors the matching scores of matched tracklets and
tags. Suppose a tracklet 7; is matched with tag r;, we flag potential
mismatch when the maximal and stable conditions are significantly
violated, i.e, Mjj < (1+f) maxy My ;j and M > (1+f8) maxy M,
for some k # j, where f is a positive parameter. The monitor
submits reading requests in a round-robin manner to minimize
reading resource usage. When a potential mismatch is flagged,
the tracklet and tag are reverted to unmatched state, allowing the
matching algorithm to correct the errors.

Scale to Multi-frequency and Multi-antenna. We use frequency
hopping across 50 ISM channels (902-928 MHz) at 200 ms intervals
to enhance resistance to multipath interference [59]. Since tags
show different phase offsets on each channel, we compute phase
differences using adjacent measurements within the same channel.
To minimize blind spots, we adopt a multi-antenna setup and sum
up phase similarity across antennas.

5 Tracklet Identity Manager

As discussed in the pilot study §2.1, narrow error association inter-
vals impose strict temporal constraints, requiring timely identifica-
tion to prevent error accumulation. To address this challenge, we
propose a tracklet identity manager comprising two key techniques:
candidate reduction optimization §5.2 and backward identification
§5.3. The core data structure behind these techniques is the tracklet
correlation graph §5.1. Together, the manager accelerates matching
and resolves potential matching failures.

5.1 Tracklet Correlation Graph

The tracklet correlation graph is a data structure that records the
generation relationships between tracklets — indicating which track-
lets are generated from the association errors of others. It is a di-
rected graph structure G = (V, E), where nodes represent visual
tracklets and edges represent successive relationships. We formally
define the graph as follows:
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Nodes. Each node 7; € V represents an individual visual tracklet.
Node attributes are defined as:

Attributes(z;) = {S, TagSet, Pstart, Pends Estarts tend }

e Status S € {0, 1} indicates identified state (0=Unidentified,
1=Identified). Initialized to 0, updated to 1 after a successful
match.

e TagSet contains possible identities for 7;. Reduces to a singleton
after a successful match.

o Start and End Position (pstart, pend) denote the spatial coordi-
nates where the tracklet begins and ends.

e Start and End Time (¢start, tend) record the timestamps when
the tracklet begins and ends.

Edges. A directed edge e;_,4 € E connects parent node z; to child
node 74, indicating that tracklet r; generates from the termination
of tracklet 75 and inherits all the identity candidates of 7:

TagSet(ty) = U TagSet(ts)

esd€E

Graph Construction. When there is a new tracklet initialized from
the visual tracker, it is added to the graph with S = 0 (Unidenti-
fied). Edges are created based on spatiotemporal proximity between
tracklets: a new tracklet should generate from a recently termi-
nated tracklet that ended near the new tracklet’s start position.
Let Sinit and Sterm denote the sets of recently initialized and ter-
minated tracklets within a time window At. When a new tracklet
Tinit € Sinit 18 initialized, we search for a recently terminated track-
let Tterm € Sterm for which ||pstart(Zinit) — Pend (Tterm) || < dmax,
where dmax represents the distance threshold. If these conditions
are met, an edge e, 7, is added to the graph, indicating that
Tinit inherit the identity candidates from zierm.

5.2 Candidate Reduction

To reduce the matching time, we leverage the idea that matching
time scales with the matching problem size. Instead of matching
tracklets with all unmatched tags, we infer possible identities of
tracklets to reduce candidates. We first detail our algorithm design
and then illustrate it with a toy example.

Algorithm Design. To maintain the possible identities of nodes,
identities are propagated along the edges of the graph. When an
edge e;_,; is added to the graph, we propagate the identities of 7
to the 7:

TagSet(ty) = TagSet(ry) U TagSet(zs)

By propagating identities in this manner, we restrict the matching
space of a tracklet to its TagSet, rather than attempting to match
it with all unmatched tags. Formally, we set the matching score
matrix as follows:

M;j = S(@i,Qj), if rj € TagSet(t;)

M;j = —oo, if r;j ¢ TagSet(r;)
Toy Example. As shown in Fig. 9, tracklet 7; encounters a frag-
mentation error and terminates, with a new tracklet 74 initialized
at time t;. Later, 72 and 73 are terminated due to another fragmenta-
tion error with new initialized tracklets 75 and 74 at t5. The tracklet
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Figure 10: A toy example to show how backward identification solves historical errors.

identity manager propagates identities from terminated tracklets to
their successors. Based on the tracklet correlation graph, we solve a
1x1 (Alice) + 2x2 (Bob or Carol) matching problem instead of a full
3x3 (Alice, Bob, or Carol) matching problem, significantly reducing
the matching time.

5.3 Backward Identification

Some association errors occur within very short intervals (even
less than one second), as shown in the pilot study (Fig. 6), resulting
in short tracklets that are inherently challenging to identify before
termination. Are these terminated nodes no longer identified? No.
In this section, we introduce the backward identification technique,
which can recover these historical errors based on the matching
results of their successor nodes.

Algorithm Design. Suppose an unidentified tracklet 7; and all
its successive nodes {7;,, ..., 7i, }. The backward identification pro-
ceeds as follows:

(1) Successor monitoring,. It checks the status S of all successor
nodes. Once all successor nodes are identified, move to Step 2.

(2) Backward identification. It backward propagates the identity
of the successor nodes, and updates TagSet(7;) as follows:

n
TagSet(t;) = TagSet(t;) N (U TagSet(rik)) 6)
k=1
If the size of TagSet(z;) reduces to 1, the tracklet z; is success-
fully identified. If the size remains greater than 1, the identity

of 7; cannot be uniquely determined.

Although the algorithm’s success is not theoretically guaranteed,
it resolves most match failures in practice, as association errors
rarely accumulate to a level of complexity that prevents backward
identification from working.

Toy Example. Fig. 10 illustrates an example, the tracklet 74 is
terminated before it can be identified by the matching algorithm,
due to an association error between 73 and 4. Then, tracklets 75 and
77 are generated from 73 and 74, inheriting their potential identities.
When 74 and 77 are matched with Tag 1 and Tag 3 in the future time,
respectively, we deduce that identity Tag 1 must originate from 74,
as 74 is the only predecessor node of 75 with Tag 1 in its possible
identity set. Thus, 74 is identified as Tag 1. Similarly, when tracklet
18 is identified, 75 is identified as Tag 2 using the same approach.

6 RFID Reading Scheduler
6.1 Insights

MTRACK’s matching algorithm requires multiple tag readings for
high-confidence matches. As the number of tags increases, each
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match needs significantly more readings to converge (Fig. 11), but
the per-tag read rate drops by over half when scaling from two to
ten tags due to contention (Fig. 12). These factors slow matching
convergence as the number of mice grows. To address this, we
design an RFID reading scheduler based on two key insights:

e Prioritizing Unmatched Tags. Once a tag is matched, frequent
reads are unnecessary, allowing the reader to focus on un-
matched tags.

o Prioritizing High-Mobility Tags. Slow-moving tags exhibit min-
imal phase variation and require lower read rates, while fast-
moving tags need higher read rates to avoid phase ambiguity
[40].

Building on these insights, we propose a two-stage reading sched-
uler that dynamically allocates reading resources to unmatched tags
based on mobility (Fig. 13): Stage 1 reads all unmatched tags and
identifies high-mobility tags from phase data. Stage 2 focuses on
these high-mobility tags. Next, we detail two key algorithms in the
scheduler: mobility estimation (§6.2) and mask generation (§6.3).

6.2 Mobility Estimation

To identify the high-mobility tags, the scheduler must infer the
tag mobility first. It may seem that mobility can be inferred from
visual clues. However, tags requiring reading are precisely those
not yet matched to tracklets, making their corresponding tracklets
and mobility hard to determine. Therefore, in our design, we infer
the tag mobility from the RFID phase data collected in Stage 1.
RFID phase differences effectively indicate tag mobility. A station-
ary tag has phase differences close to zero, whereas a tag moving
toward (or away from) the antenna consistently shows negative (or
positive) phase differences. However, a single phase difference is
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sensitive to noise, so we develop a cumulative sum (CUSUM)-based
method for robust mobility estimation. Let the phase differences
for a tag be denoted as [A¢1, ..., Adp] measured over time intervals
[Atq, ..., Aty]. The instantaneous speed at time i is estimated by
v; = %. We compute the cumulative speed over all measure-
ments as s = ZZ:1 k.. If the absolute cumulative speed exceeds a
predefined threshold C, i.e, |s| > C, we classify the tag as having
high mobility (Fig. 14).

6.3 Mask Generation

To selectively read target tags, the scheduler uses the Select com-
mand defined in the EPC UHF Gen II Air protocol [24]. To select a
target tags set S, one could select each tag individually. However,
practical deployments are constrained by Np,5x — the maximum
number of Select commands allowed per inventory round (two to
five in commercial readers [5, 30]). To address this, we propose a
two-phase (select-then-deselect) mask generation algorithm that
ensures full target coverage with minimal commands.

Select with GEN II. The EPC UHF Gen II Air Interface Protocol
[24] defines the Select command, which allows an RFID reader
to choose a subset of tags for the subsequent inventory round.
The Select command takes four parameters relevant to our de-
sign: Mask, MemBank, Pointer, and Action. Here, Mask is a bit
string for memory comparison, MemBank specifies the memory bank,
Pointer specifies the start position in that bank, and Action spec-
ifies whether matching tags are selected or deselected. The Select
command can be formally expressed as:

S(Mask, Pointer, Action),
where MemBank defaults to EPC memory in our setting.

Mask Generation Algorithm. Mask generation can be formulated
as a set covering problem [40], which is known to be NP-hard [9].
To solve this problem, we implement a greedy algorithm for mask
generation. Our algorithm operates in a "select first, then deselect"
manner, comprising the following steps:

(1) Mask Candidate Generation. Given a set of n tags with EPC
of length L, we first generate a raw mask candidate set M with
the substrings of the EPCs:

M={m=EPCi[p:q] |p.qe[0,L),p <gq}.

where EPC; is the EPC of tag i, and m is a mask candidate that
matches the EPC from position p to position g. The maximum
size of M is nL(L + 1)/2. We then reduce the size of M by
retaining only one representative mask for each group of masks
that match the same set of tags, resulting in a smaller set M’.
(2) Target Tags Selection. The algorithm selects the mask candi-
date from M’ that covers all the target tags while minimizing
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the selection of non-target tags. The success of this step is guar-
anteed by the EPC optimization introduced later.

(3) Non-target Tags Deselection. The algorithm iteratively de-
selects the non-target tags that are selected in Step 2. In each
iteration, it chooses the mask candidate that deselects the maxi-
mum number of non-target tags without affecting the selected
target tags. This process continues until all non-target tags are
deselected or the Select limit is reached.

EPC Optimization. The performance of the mask generation al-
gorithm depends on the EPC of the tags. To enable selection of
all target tags using as few Select instructions as possible while
minimizing the inclusion of non-target tags, we inject some bits in
the suffix of the EPC, referred to as GroupID. We define two types
of bits in GroupID:

o Universal bit: All tags set this bit to one, ensuring that Step 2 of
the mask generation algorithm selects all target tags.

o Bundling bit: A carefully designed bit vector proposed in previ-
ous work [42] for high efficient select operation.

Using the mask generation algorithm and carefully designed EPC
IDs, we can select all target tags within a single inventory round.

7 Implementation

Hardware. As shown in Fig. 15, we implement MTRACK using
commercial off-the-shelf (COTS) hardware. Specifically, we use an
Impinj R700 RFID reader [29] with four linearly polarized antennas
and a camera (1920 X 1080 resolution, 30 FPS) for visual tracking.
Following the common open-field setup [18], experiments are con-
ducted in a customized 1 m x 1 m mouse cage, with four antennas
along the perimeter and an overhead camera for a bird’s-eye view.
The cage is set at a height of 0.5 m to minimize ground multipath
reflections. The reader and camera are connected to a laptop with
an Intel Core i5-13500HX processor, 16 GB of RAM, and an NVIDIA
GeForce RTX 4060 Laptop GPU.

Software. The laptop communicates with the RFID reader via the
Low-Level Reader Protocol (LLRP) [26], using software developed
with the Octane SDK [31] in C#. Camera data is captured using
OpenCV [7]. The visual tracker is based on the open-source imple-
mentation from Ultralytics [63], incorporating YOLOvVS for object
detection and ByteTrack for visual tracking. All tracking-related
algorithms are implemented in Python.

Tag Installation. Given the small body size of lab mice, we use 1.5
cm x 2.5 cm UHF RFID tags integrated with the UCODE 9xe chip
[48] to minimize physical burden. However, small tags have shorter
read range, especially on biological surfaces, which absorb electro-
magnetic waves because of high water content; in our case, range
drops to 30 cm. To address this, we add a 1 mm foam layer between
the tag and biological surface, improving impedance matching by
reducing interaction with this high-loss medium [17, 34]. This ex-
tends the reading range to about 1.5 meters, sufficient for our setup.
The tag, including foam, weighs only 0.1 g, much lighter than a
commercial metal/plastic ear tag (0.2-0.7 g) [1, 56].
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Figure 17: Performance of MTRACK when tracking five mice over 30 minutes.

8 Evaluation
8.1 Evaluation Setup

Mouse. We evaluate MTrRACK with C57BL/6] mice (a widely used
lab strain) [70] in a biology lab. We use 80 mice from eight batches
throughout the entire evaluation. Their ages are 6—-8 weeks and
weights are 20-23 g. In each comparison, we use mice from the
same batch with similar ages and weights.

Groundtruth. To annotate the data, we first generate raw track
annotations using ByteTrack [79], and then manually correct the
raw annotations using the annotation tool CVAT [13]. Given the
significant labeling effort required, we adopt a default experimental
configuration of tracking 5 mice for 10 minutes unless otherwise
specified. The full dataset in our evaluation includes approximately
5 hours of video.

Detector Model. The original YOLOv8 [32] does not directly sup-
port mouse detection. We collect 300 mouse images and split them
into 200/50/50 for training/validation/testing to finetune it. The
model converges in about 400 epochs, achieving 97% test accuracy.
For the dark environment experiment, we finetune a low-light ver-
sion using 30 training, 10 validation, and 10 testing infrared images
under dark conditions, achieving 98% testing accuracy.

Metrics. We adopt the following identification metrics, aligned
with previous research [69]:

o Non-Identified Rate (R,,on-iq)- The percentage of mice per frame
to which the tracker fails to assign any identity.

o Mis-Identified Rate (R,;s_iq)- The percentage of mice per frame
that the system assigns the wrong identity to.

o Identification Accuracy (A;q). The percentage of mice per frame to
which the system correctly assigns identities: Ajq = 1 — Ryon-id —
Rpis-id-
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o Localization Precision. The average localization error of the re-
turned trajectories, determined by comparing them to the ground
truth trajectories.

Baselines.

o CV: ByteTrack [79]. A popular MOT baseline with strong robust-

ness and performance in challenging real-world scenarios.

CV: ByteTrack [79] + ReID [80]. A modified version of ByteTrack

with appearance-based RelD discussed in §2.1.

CV: ByteTrack [79] + AprilTag [50]. A modified version of Byte-

Track integrating AprilTag to correct association errors. We use

1.5cm x 1.5 cm tags from the 16h5 family for reliable detection

at reduced dimensions.

CV: idtracker.ai [55]. A widely used open-source tool in biology

that identifies individuals by appearance and uses the known

number of tracked animals.

o CV-RFID Fusion: RF-Match. Our custom implementation of an
RFID-visual tracklet matching algorithm via global optimization,
extending the prior work TagView [22].

8.2 Overall Performance

Tracking Accuracy vs. Number. To evaluate the scalability of
MTRACK, we track 2 to 14 mice over 10 minutes. As shown in Fig. 16,
MTRACK achieves over 99% identification accuracy for 2 to 10 mice.
Remaining <1% of frames remain unidentified, mostly consisting
of short and inconsequential trajectory fragments caused by fre-
quent occlusions when multiple mice gathered. These fragments
are sporadically distributed throughout the experimental period.
When tracking 12 and 14 mice, accuracy drops to 95.44% and 93.67%,
respectively. This degradation reflects the limits of scalability: as
population density increases, visual trajectories overlap more often,
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causing higher association error frequency. Meanwhile, the match-
ing algorithm converges more slowly due to the larger number
of possible identity assignments, which increases the chance of
failed identifications. Nevertheless, as shown in Tab. 1, MTRACK still
achieves a substantial scalability improvement over prior systems.
RF-Match and ByteTrack with AprilTag form the second-best group
of methods. RF-Match exhibits unstable and inadequate accuracy,
ranging from 49.90% to 86.77% for more than four mice, primarily
due to its sensitivity to inaccuracies — variance in match scores
or imperfect constraint modeling can lead to significant errors.
Additionally, while RF-Match can repair fragmentation errors by
assigning identities to tracklets, it cannot correct the errors of ID
switch. In contrast, MTRACK incorporates a quality monitor that
detects ID switches during tracking, thereby preventing error prop-
agation. ByteTrack with AprilTag achieves inadequate accuracy,
ranging from 77.04% to 86.50%. This is because the small size of the
tags and motion blur during rapid movements lead to missed tag
detections, resulting in failed identification. All the other CV-based
methods exhibit poor identification accuracy below 73%. Two key
takeaways are: (1) UHF RFID fusion effectively addresses identity
association errors, and (2) the optimization from matching algo-
rithm to tag scheduling allows MTRACK to consistently maintain
outstanding accuracy with a large number of mice.

Tracking Accuracy vs. Time. Long-term tracking is essential
in biological research. To assess MTRACK's reliability in long-term
experiments, we track five mice for 30 minutes, recording average
identification accuracy every five seconds. As shown in Fig. 17,
MTRACK maintains nearly 100% accuracy, quickly correcting any
occasional errors. In principle, MTRACK can maintain high accu-
racy indefinitely due to the self-correcting capability. In contrast,
ByteTrack lost track of all five mice after 10 minutes, with 100%
non-identified rate. Other baselines adopt appearance features or
physical identifiers to correct errors, but they still suffer from high
mis-identified and non-identified rates.

Localization Precision. Since ByteTrack fails to maintain correct
identifications early on, its localization precision is no longer mean-
ingful. Therefore, we only report the localization errors of MTRACK,
RF-Match, and idtracker.ai, as shown in Fig. 18. MTRACK achieves a
99th-percentile localization error of 0.4 cm. By contrast, ByteTrack
with AprilTag, RF-Match, and idtracker.ai exceed 10 cm error in 8%,
11%, and 68% of cases, respectively, large for scientific studies.

8.3 Performance Under Varied Conditions

We evaluate MTRACK under different experiment conditions. As
shown in Tab. 2, MTRACK remains robust in most cases. The detailed
results are discussed below:
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Table 2: Performance under varied conditions.

Conditions
Mice Density 1.00 m?/5 0.20 m?/5 0.12 m?/5
Accuracy 99.96% 99.60% 96.04%
# of Antennas 4 2 1
Accuracy 99.96% 99.82% 99.42%
Multipath No Static Dynamic
Accuracy 99.96% 99.97% 99.95%
Light Condition Daylight Dark
Accuracy 99.96% 99.82%

Impact of Mice Density. We evaluate tracking at different den-
sities by placing five mice in large (1 x 1 m, standard), medium
(0.4 x 0.5 m, crowded), and small (0.3 x 0.4 m, highly crowded)
cages. As density rises, tracking becomes harder. MTRACK achieves
99.96% in the large cage and 99.60% in the medium cage, but drops
to 96.04% in the small cage due to more frequent interactions. The
high-density case is mainly a stress test; most real experiments are
closer to the standard setup [27].

Impact of Antenna Number. MTRACK uses four antennas for
full coverage and no blind spots. Since some low-cost RFID readers
support only one port, we test 4, 2, and 1 antennas. MTRACK achieves
99.96%, 99.82%, and 99.42% identification accuracy, respectively.
These results show that more antennas help, but even one antenna
remains reliable for mouse tracking.

Impact of Multipath Interference. We evaluate MTRACK under
multipath in two scenarios: dynamic (a person walking nearby) and
static (a 40 cm x 40 cm metal plate near the mouse cage). In both
cases, MTRACK stays above 99% accuracy, showing robustness to
multipath interference.

Impact of Light Condition. Given that mice are nocturnal (i.e.,
they prefer to be active in the dark), many behavior experiments
are conducted in the darkness. Using an infrared camera, we con-
firm that MTRACK maintains an accuracy of 99.82% in the dark
environments, as expected since low-light conditions do not affect
RFID-based identification.

8.4 Microbenchmarks

We validate the effectiveness of three key components of MTRACK:
RFID-vision trajectory matching, tracklet identity manager, and
RFID reading scheduler.

Table 3: Performance of trajectory matching (§4).

# of Mice | 2 4 6 8 10

Only Maximal 100.0% 100.0% 47.53% 60.52% 45.99%
+ Stable Condition | 100.0% 100.0% 99.84% 75.00% 77.77%
+ Quality Monitor | 100.0% 100.0% 99.95% 99.57% 99.23%

RFID-vision Trajectory Matching. MTRACK’s matching algo-
rithm (§4) uses strict match conditions and a quality monitor for
robust matching. Tab. 3 shows that the maximal condition alone
achieves 100.0% accuracy for 2 or 4 mice. However, accuracy drops
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Figure 20: Performance of identity manager (§5).

with more mice. This happens because when several mice move
similarly, one visual trajectory can get high scores with multiple
RFID tags. The stable condition improves this by only accepting
unique high-score matches, yet accuracy for over eight mice re-
mains below 80%. This persistent issue arises from ID switches
within the visual tracker, which can corrupt matches and propagate
errors to subsequent frames. Finally, integrating the quality monitor
elevates the accuracy to over 99% for all cases.

Tracklet Identity Manager. MTRACK introduces tracklet identity
manager (IM) with two mechanisms: candidate reduction (CR) and
backward identification (BI) to accelerate matching and correct
historical errors. As shown in Fig. 20a, the manager reduces match-
ing time by 1.2 to 2.9 seconds after each association error when
tracking over 6 mice, achieving about 25% speed-up. End-to-end
results (Fig. 20b) show that both mechanisms let MTRACK scale
while keeping over 99% accuracy. Identification accuracy without
the identity manager is lowest (91%) for eight mice, not ten, likely
due to random factors such as variations in interaction frequency.

RFID Reading Scheduler. The RFID reading scheduler operates
in two stages: Stage 1 reads all unmatched tags and estimates their
mobility classified as low-mobility (<5 cm/s) or high-mobility (>5
cm/s). Stage 2 focuses on reading the high-mobility tags. First, we
evaluate the accuracy of the mobility estimation with different
thresholds C. Fig. 21a shows a maximal F1 score of 90%, with 100%
recall and 82% precision, indicating reliable identification of high-
mobility tags despite some low-mobility false positives. Next, we
evaluate the read rate gain of each stage. We report the read rate
of target tags in each stage and set the baseline as the read rate
without scheduling. Fig. 21b shows that Stage 1 improves read
rate by 3.2 ~ 8.0 times/s for more than two tags by prioritizing
unmatched tags instead of reading all tags. Stage 2 further improves
it by 1.3 ~ 8.7 times/s by focusing on high-mobility tags critical to
matching convergence. For two tags, read rate drops slightly due
to select overhead, suggesting the scheduler can be disabled for
small mouse counts.
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9 Field Study

We collaborated with biologists to conduct two field studies to
demonstrate that MTRACK can be seamlessly integrated into current
behavioral analysis workflows and assist in biology research.

9.1 Long-term Tracking at Scale

We conduct a large-scale long-term experiment to validate MTRACK’s
ability to keep high accuracy with multiple mice.

Experimental Setup. We conduct a two-hour experiment with
ten mice in a 1 X 1 m open field under normal lighting conditions,
the same setup as illustrated in Fig. 15. To evaluate MTRACK’s identi-
fication accuracy, five human experts perform a sample inspection
of the tracking results. First, each expert assesses 24 shared frames
(one every five minutes) for inter-expert consistency. Then, each
expert independently evaluates 24 unique frames sampled every
minute, totaling 120 frames.

Results. We assess inter-expert consistency using the Intraclass

Correlation Coefficient (ICC) two-way random-effects model (ICC(2,n)).

The results show high agreement among the five experts: ICC =
0.984 (95% CI [0.97, 0.99]), F(23,92) = 59.95, p < 0.001. The final
identification accuracy for the 24 frames independently evaluated
by each expert is 98.7 + 0.2%. This shows that MTRACK reliably
supports hours of high-accuracy tracking.

9.2 Acute Stress-Induced Anxiety

We conduct an experiment to investigate mouse behavior under
acute stress-induced anxiety, demonstrating the potential of MTRACK
to enable social behavior analysis.

Experimental Setup. To model acute stress-induced anxiety, five
mice were immobilized in modified plastic syringes with drilled
holes for two hours [10] as the experimental group. Another five
mice were allowed to move freely in the cages as the control group.
A 10-minute tracking experiment was conducted separately for the
two groups in a 50 cm * 50 cm open field, shown in Fig. 19a.
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Results. Following the standard experimental methodology [10],
we analyze the entries into the center area (25 cm x 25 cm). The
control group exhibits more entries (15.0 + 7.8) than the exper-
imental group (12.6 + 6.0), indicating that acute stress-induced
anxiety reduces exploratory behavior. We also analyze the number
of approaches between mice [23]. The control group shows more
approaches (55.6 + 16.4) than the experimental group (41.2 + 9.2),
suggesting greater social tendencies. The experimental results indi-
cate that acute stress-induced anxiety leads to reduced exploratory
and social tendencies in mice. Although not statistically significant
due to limited replication, these results align with prior studies on
anxious mouse behavior [10, 77], showing the potential of MTRACK
for behavioral and psychological research.

10 Discussion

Larger-scale Study. Current social behavior studies are often
limited to two-mouse interactions due to tracking difficulty [72].
MTRACK supports up to ten mice, enabling richer social-interaction
and group-dynamics studies. Yet scaling to larger populations and
spaces remains challenging because of software and hardware lim-
its. With more mice (e.g., 20), more frequent association errors
challenge RFID identification speed. Also, the small tags have a lim-
ited read range of about 1.5 m. Future MTRACK versions could use
high-throughput, precise RFID localization [20, 39, 45] and multiple
distributed readers to improve speed and coverage.

Tag Design and Attachment. In our setup, we use commercial
UHF RFID tags measuring 1.5 cm x 2.5 cm, selected to fit the small
body size of mice. Each tag weighs only 0.1 g, significantly lighter
than typical laboratory animal tags [1, 56]. However, durability
and potential impacts on animal welfare remain concerns. To ad-
dress these issues, lightweight mounts—such as tail-attached fix-
tures [14]—could improve attachment robustness and lifespan. Cus-
tomized flexible RFID tags [37, 81] may also improve comfort and
reduce interference with natural behaviors.

Fine-grained Behavior Analysis. In our field study (§9.2), we
measure behavioral metrics such as center-area entries and close
approach frequency, both indicative of anxiety. Beyond these basics,
patterns like sniffing, grooming, chasing, and attacking can offer
deeper behavioral insights. Such fine-grained analysis clarifies be-
havior mechanisms [4] and provides precise metrics for evaluating
pharmacological interventions [73]. Depending on experimental
needs, advanced vision algorithms [46, 58] can be integrated into
MTRACK to support more detailed studies.

Extending to Other Applications. While MTRACK targets mouse
tracking, it can be extended to other animals, such as rats or pigeons.
In addition, RFID-vision integration can ground semantic informa-
tion — linking abstract concepts to real-world entities in embodied
Al By tagging objects with RFID and associating metadata with
visual detections, MTRACK enables agents to build actionable world
models and adapt to new objects and environments.

11 Related Work

Visual Tracking. Multi-object tracking is a fundamental research
area in computer vision [6, 74, 79]. Various tracking algorithms have
been developed, including SORT [6], DeepSORT [74], ByteTrack
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[79], and BoT-SORT [2], all of which have demonstrated strong
performance on human- and vehicle-centric benchmarks [47, 61].
In biological research, visual tracking tools such as idtracker.ai [55],
DeepLabCut [46], AlphaTracker [11], and Trex [64] are widely used.
These methods rely on motion continuity and appearance similarity
for tracking and identification. In mouse tracking, however, their
performance drops sharply, especially for long-term ID accuracy, be-
cause mice look alike and move erratically. MTRACK mitigates these
challenges by incorporating a physical identifier—UHF RFID—for
robust long-term identification.

RFID Tracking. UHF RFID localization and tracking have been
widely studied, leveraging backscattered signals to estimate tag
locations. Prior work improves localization with dense reference
tags [65], multiple antennas [66], inverse synthetic aperture radar
[75], tag arrays [8, 68], and wideband methods [20, 39, 45]. How-
ever, none of these systems can achieve reliable centimeter-level
localization within milliseconds due to the inherent bandwidth and
communication limitations of RFID. As an alternative, MTRACK in-
tegrates a visual tracker for precise detection and localization while
leveraging UHF RFID for tracklet identification, ensuring robust
and accurate mouse tracking.

RFID-Vision Hybrid Tracking. UHF RFID has proven effective
for object identification when combined with visual data in ap-
plications like human-object interaction [36, 43] and smart retail
[67]. TagVision [21], TagView [22], and TagFocus [76] use global
optimization-based matching [35] but are sensitive to inaccura-
cies — variance in match scores or imperfect constraint modeling
can lead to significant errors. RF-Focus [67] and ID-Match [36]
match phase sequences and visual data at fixed intervals, but ig-
nore matching confidence, causing instability. Additionally, these
systems typically assume constrained motion patterns, where vi-
sual trackers seldom make association errors. In contrast, mouse
tracking involves frequent identity association errors due to com-
plex, unpredictable movements. MTRACK tackles this with an online
matching framework with quality monitoring to maintain high
accuracy over time.

Mouse Tracking. ID errors remain a persistent challenge in mouse
tracking, prompting the use of conventional tags such as QR codes
[14] and High-frequency (HF, 134.2 kHz) RFID [19, 52, 69]. QR codes,
however, are unsuitable for long-term tracking, as motion blur,
food residues, or hair often obscure them, degrading recognition
accuracy [3]. HF RFID, common in laboratory management [71],
enables short-range (<10 cm) identification and coarse localization.
Yet it has two drawbacks: no anti-collision protocol [71], which
causes failures when multiple mice are nearby, and poor scalability
from dense antenna deployment (e.g., 39 per m? [69]) and slow reads
(20-100 ms per tag). MTRACK instead adopts UHF RFID for longer
range and higher rate. MTRACK is the first UHF RFID-based mouse
tracking system, enabling scalable and efficient mouse tracking.

12 Conclusion

In this paper, we demonstrate that visual trackers suffer persistent
identity association errors in laboratory mouse tracking due to sim-
ilar appearance and frequent occlusions. To address this challenge,
we introduce MTRACK, the first UHF RFID-vision hybrid tracking
system. It combines robust UHF RFID identification with precise
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visual localization, enabling long-term, self-correcting, and high-
accuracy mouse tracking. We believe MTRACK provides a reliable
and practical multi-mouse tracking solution for biologists and can
support new discoveries in neurological mechanisms and potential
therapeutic interventions.
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