
HiSync: Spatio-Temporally Aligning Hand Motion from Wearable 
IMU and On-Robot Camera for Command Source Identification 

in Long-Range HRI 
Chengwen Zhang 

Department of Computer Science and 
Technology, BNRist 
Tsinghua University 

Beijing, China 
zcw25@mails.tsinghua.edu.cn 

Chun Yu∗ 
Department of Computer Science and 
Technology, BNRist, College of AI 

Tsinghua University 
Beijing, China 

chunyu@tsinghua.edu.cn 

Borong Zhuang 
Department of Computer Science and 

Technology 
Tsinghua University 

Beijing, China 
brucezhuang@bupt.edu.cn 

Haopeng Jin 
Beijing University of Posts and 

Telecommunications 
Beijing, China 

meiqin1shengtui@126.com 

Qingyang Wan 
Academy of Arts & Design 

Tsinghua University 
Beijing, China 

wanqy23@mails.tsinghua.edu.cn 

Zhuojun Li 
Department of Computer Science and 

Technology 
Tsinghua University 

Beijing, China 
lizj23@mails.tsinghua.edu.cn 

Zhe He 
Department of Computer Science and 

Technology 
Tsinghua University 
Beijing, Beijing, China 

hz23@mails.tsinghua.edu.cn 

Zhoutong Ye 
Department of Computer Science and 

Technology 
Tsinghua University 

Beijing, China 
yezt24@mails.tsinghua.edu.cn 

Yu Mei 
Department of Computer Science and 

Technology 
Tsinghua University 

Beijing, China 
meiy24@mails.tsinghua.edu.cn 

Chang Liu 
Department of Computer Science and 

Technology 
Tsinghua University 

Beijing, China 
c-liu21@tsinghua.org.cn 

Weinan Shi∗† 

Department of Computer Science and 
Technology 

Tsinghua University 
Beijing, China 

swn@tsinghua.edu.cn 

Yuanchun Shi∗ 
Department of Computer Science and 

Technology, BNRist 
Tsinghua University 

Beijing, China 
Qinghai University 

Xining, China 
shiyc@tsinghua.edu.cn 

Abstract 
Long-range Human-Robot Interaction (HRI) remains underexplored. 
Within it, Command Source Identification (CSI) — determining who 
issued a command — is especially challenging due to multi-user 
and distance-induced sensor ambiguity. We introduce HiSync, an 
optical-inertial fusion framework that treats hand motion as binding 
cues by aligning robot-mounted camera optical flow with hand-
worn IMU signals. We first elicit a user-defined (N=12) gesture set 
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and collect a multimodal command gesture dataset (N=38) in long-
range multi-user HRI scenarios. Next, HiSync extracts frequency-
domain hand motion features from both camera and IMU data, 
and a learned CSINet denoises IMU readings, temporally aligns 
modalities, and performs distance-aware multi-window fusion to 
compute cross-modal similarity of subtle, natural gestures, enabling 
robust CSI. In three-person scenes up to 34 m, HiSync achieves 
92.32% CSI accuracy, outperforming the prior SOTA by 48.44%. 
HiSync is also validated on real-robot deployment. By making CSI 
reliable and natural, HiSync provides a practical primitive and 
design guidance for public-space HRI. 

CCS Concepts 
• Human-centered computing → Gestural input. 
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Human Robot Interaction, Optical-Inertial Fusion, Gesture 
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Figure 1: Demonstration of HiSync. Multiple people perform similar gestures at a distance of 34 m. The figure illustrates the 
application scenario: Person 1 (blue link) controls the quadruped, while Person 2 (orange link) simultaneously controls the 
drone. Other bystanders act as visual distractors. Each robot receives an inertial stream from its paired device. HiSync enables 
the robot to identify its bound command issuer, effectively rejecting distractors regardless of their kinematic similarity. 
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1 INTRODUCTION 
Human-robot interaction (HRI) is a vibrant and fast-growing area 
within HCI [30, 72]. However, the vast majority of HRI research 
[31, 36, 40, 48, 91] focuses on near-range or single-person settings 
— within 10 m where the operator is visually salient and easy to dis-
ambiguate. At the same time, advances in robotics and real-world 
deployments are driving interactions into larger public spaces and 
more diverse embodiments [51, 76]. Many emerging use cases re-
quire interaction at a distance. For example, summoning an au-
tonomous car across a parking lot, directing a drone outdoors, or 
calling a service robot in a large venue [5, 13, 89]. These settings 
introduce long distances (≥ 10 m), dynamic multi-user crowds, 
and cluttered, uncertain environments, demanding interfaces that 
remain reliable from afar. 

A foundational perceptual capability in such long-range scenar-
ios is Command Source Identification (CSI) — determining who 
in the scene issued the command. In near-range HRI, CSI is often 
trivial or implicitly handled because the operator is close, promi-
nent, and rarely confused with bystanders [6, 58, 86]. In long-range 

contexts, however, distance-induced visual ambiguity and simul-
taneous gestures from multiple users make CSI difficult. This gap 
motivates our work: we extend HRI beyond near-range by focusing 
on robust CSI as a prerequisite for reliable long-range interaction. 
To scope this work, we consider scenarios in which a single user 
has already established a one-to-one connection with the robot, 
while other users only act as visual distractors. 

We identify three key challenges introduced by long-range CSI, 
which were not covered by existing literature. (C1) Unnatural 
Interaction. Existing methods [55, 66, 75] require users to perform 
substantial movements or set up additional devices, which can be 
unnatural and burdensome. (C2) Visual ambiguities. At long 
ranges, hands and subtle wrist motions collapse to only a few pixels 
on typical robot-mounted cameras; appearance cues such as texture, 
skin tone, and fingers are degraded, and hand estimators become 
unreliable (Fig. 2). (C3) Data noise. At long ranges, both optical 
flow and IMU signals are plagued by noise. Visual flow is distorted 
by background clutter and motion blur [3], while IMU readings are 
affected by inherent noise and grip jitter [67]. Moreover, sensor 
lags and sample-rate mismatch further complicate reliable CSI [21]. 

We introduce HiSync, which tackles the challenges of command 
source identification in long-range human-robot interaction. Firstly, 
to address C1, we use common low-cost on-robot camera and IMU 
as CSI sensors. Moreover, we focus on hand gestures as the interac-
tion modality, as they are intuitive and commonly used in daily life. 
To this end, we conduct a formative study to elicit a user-defined 
gesture set from 12 participants. 

https://doi.org/10.1145/3772318.3790345
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Secondly, to solve C2, HiSync is designed as an optical-inertial 
fusion framework that treats hand motion as a binding cue: it aligns 
robot-mounted camera optical flow with hand-worn IMU traces to 
disambiguate the command issuer. By treating RGB as optical flow 
and matching candidates on motion cues, HiSync remains reliable 
when visual details are blurred. 

Thirdly, to handle C3, HiSync maps optical flow and IMU to 
the frequency domain, leveraging a novel CSINet that incorpo-
rates the following mechanisms. Quality-Aware Feature Modula-
tion reweights IMU spectral features by quality cues to suppress 
frames with low signal-to-noise ratio (SNR). IMU-Anchored Cross-
Modal Attention aligns flow-spectral sequences to the IMU time 
reference, mitigating time jitter, missed detections, and phase drift. 
Scale-Aware Multi-Window Fusion aggregates predictions across 
multiple window lengths conditioned on distance, stabilizing deci-
sions across ranges. Together, these modules yield a more robust 
cross-modal similarity in noisy long-range settings. 

Furthermore, to address the lack of public datasets for CSI in long-
range multi-user settings, we curate, to our knowledge, the first 
large-scale multimodal dataset of long-range gestural interactions. 
In this dataset, each frame has at least 2 people gesturing at the 
on-robot camera. Only one person was equipped with an IMU, 
while bystanders acted as visual-only distractors. We acknowledge 
that this setup simplifies the CSI problem compared to scenarios 
where multiple users simultaneously transmit IMU data to the same 
robot. However, evaluations on this setting still show that HiSync 
demonstrates the feasibility of optical-inertial binding for CSI and 
exhibits robustness to visual modality interference. 

On this dataset, HiSync achieved 97.82% overall accuracy from 
3–34 m, exceeding the previous SOTA by 27.3% points. Even at 34 m, 
it maintained 94.31% accuracy, while the previous SOTA achieved 
only 43.88%. These results demonstrate HiSync’s applicability to 
open, multi-user environments. The dataset also establishes a re-
producible benchmark for this underexplored problem. 

In summary, our main contributions are as follows: 
• We present a systematic user-defined natural gesture set for 
multiple robot types at long range, showing how gesture 
properties scale with distance. 

• We introduce HiSync, an optical-inertial fusion architecture 
that leverages spectral motion cues extracted from low-cost 
and widely deployed sensors (on-robot camera and wearable 
IMU) to achieve robust CSI at long range. 

• We evaluate HiSync and release a large, annotated multi-
modal dataset1 spanning 3-34 m and multiple gesture cate-
gories, collected from 38 participants, to enable reproducible 
research evaluation on long-range HRI. 

• We deploy HiSync on a quadruped robot to validate its real-
world feasibility. Field experiments confirm robust perfor-
mance. User studies demonstrate superior usability and low 
burden compared to standard interfaces. 

Together, these contributions establish gesture-based command 
source identification as a distinct research challenge in long-range 
HRI, offering both empirical insights and technical foundations 
that open new avenues for designing robust, scalable human-robot 
interaction systems. 

1https://github.com/OctopusWen/HiSync 

Figure 2: Visual Ambiguity at a Distance of 34 m. Figure (A) 
shows a real sample from our dataset (1920 × 1080 resolution). 
The inset highlights that the hand region occupies fewer than 
10 × 10 pixels. Even with a manually zoomed-in view of the 
detection result like (B), YOLOv11x [34] fails to identify the 
hand. This demonstrates the inherent visual ambiguity in 
long-range interactions. 

2 RELATED WORK 

2.1 Long-range Human-Robot Interaction 
Long-range human-robot interaction (HRI) has explored multiple 
input channels, including microphones for speech or prosodic cues 
[11, 12, 71, 85, 88], screen-based or on-robot displays for directing 
and confirming actions [14], hand-held or wearable controllers for 
precise teleoperation at a distance [17, 45, 68, 69, 77], and free-
hand gestures detected by onboard or remote cameras [5, 9, 19, 50]. 
Among these, hand gesture interaction is often favored for its low 
barrier and social legibility across users and settings [2, 12, 30, 42]. 

Yet most gesture-based HRI systems are designed for close-range 
use, typically within arm’s reach to a few meters, where tracking 
and disambiguation are simpler and environments are more con-
trolled [17, 20, 42]. Only a small subset explicitly addresses far-field 
perception, and these works largely prioritize recognition robust-
ness over interaction breadth [5, 9, 50]. Despite these technical 
explorations, studies situated in public spaces or crowd settings re-
main sparse, and few examine how people would naturally gesture 
to summon and direct robots from tens of meters away without 
prior training [12, 30, 42]. This gap motivates our focus on free-hand 
commands for long-range, multi-user scenarios: we first conduct a 
formative study to elicit a user-defined gesture set and characterize 
distance-mediated communication, which then informs our system 
design and evaluation. 

2.2 Gesture-based Command Source 
Identification 

The core goal of HiSync is command source identification (CSI) for 
long-range, multi-user, gesture-based HRI — given several people 
and a detected command, determine who issued it [12, 30, 42, 78]. 
To the best of our knowledge, far-field hand-gesture CSI has not 
been explicitly defined and evaluated as a standalone task in prior 
HRI literature, which motivates our formulation of CSI as distinct 
from person localization, person search, and ReID [15, 43, 44, 62, 
79, 90]. Closely related pipelines in vision emphasize detection-
association-metric learning for persistent identity, whereas CSI 
binds an ephemeral command to its current actor without long-term 

https://1https://github.com/OctopusWen/HiSync
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Table 1: Representative works related to long-range gesture CSI. 

Work Sensors Data Modalities Supported Distance 

PTGAN[79] Camera RGB images 5–20 m 
OSNet[90] Camera RGB images 5–20 m 
CASE-Net[43] Camera Video 5–20 m 
ABD-Net[15] Camera RGB images 5–20 m 

AprilTag[55] Camera + Fiducial Tag Visual Markers 3–10 m 
DeepArUco++[8] Camera + Fiducial Tag Learned Fiducial Detection 3–10 m 
UWB[82] UWB Tags RF Ranging 30 m *Need Base Stations 
GPS[52] GPS Receiver Global Location *Error Range:7–13 m 
Person-in-WiFi[75] MIMO WiFi Tx&Rx RF 3–6 m 
HuPR[41] mmWave Radar mmWave 3–6 m 
HPERL[22] Expensive LiDAR Laser 5–20 m 

Simultaneous[28] Camera + IMU Video + Inertial Orientation 5-10 m 
VIPL[66] Camera + IMU Optical Flow + IMU <10 m *Need Walking 

HiSync Camera + IMU Optical Flow + IMU on Spectral 3–34 m 

identity enrollment [15, 43, 79]. For completeness, we summarize 
input modalities that inform multi-user gesture settings in Table 1. 

Existing routes for CSI fall into three families — vision-only 
deep learning [15], device-assisted localization [39, 82], and visual-
inertial (VI) fusion [28, 66]. Vision-only ReID/person-search match 
learned appearance features but typically require a gallery and 
mid-range conditions; at ≥ 30 m, sparse resolution, occlusion, and 
confounds make identity brittle without priors [15, 25, 32, 38, 43, 
44, 79, 90]. Device-assisted localization leverages "privileged 
data" from user to bind identity, yet struggles in long-range ad-hoc 
scenarios. High-precision solutions require expensive hardware 
(e.g., LiDAR [22]) and pre-deploying infrastructure in the scene 
(e.g., AprilTag, ArUco and UWB [8, 35, 39, 55, 82, 83]). Ubiquitous 
signals like WiFi [75], GPS [52] and mmWave [41] lack the fine-
grained spatial resolution required to disambiguate multiple users in 
common public HRI scenarios, where individuals often stand closely 
at a distance. VI association links on-body IMU with visual motion 
(e.g., heading matching and contrastive phone-IMU alignment), but 
still degrades when people occupy few pixels or gestures are brief 
[28, 66]. Building on this line, HiSync binds the command via hand-
motion spectra, aligning robot-mounted cameras with low-cost 
and widely deployed IMU within the command window to avoid 
identity enrollment while preserving uninstrumented, free-hand 
interaction [12, 30, 42, 57]. 

2.3 Vision-Inertial Fusion Approaches 
Recent vision-inertial (VI) work, like VIPL [66], learns shared em-
beddings that align optical flow with IMU signals via contrastive 
training. Nevertheless, its reliance on walking scenarios with 5-
second full-body motion, assumption of tight video-IMU synchro-
nization, and short-range limitation (<10 m) collectively restrict its 
deployment in real-world HRI settings. And inertial signals also 
suffer long-term noise and bias [33, 74]; IMU-only estimates are 
especially sensitive [28]. Without quality-aware gating, such errors 
propagate through fusion and reduce robustness. 

Beyond synchronization, alignment is intrinsically hard due to 
distance: optical flow and IMU differ in units, sampling rates, and 
noise profiles, so simple shared embeddings underperform without 
additional constraints or priors [16, 46, 53, 61]. Temporal window 
length strongly shapes VI performance [54, 66], yet most systems fix 
a single window and under-discuss its impact across users and mo-
tions. These gaps motivate fusion that is synchronization-tolerant, 
quality-aware, and adaptive in the temporal context. 

3 FORMATIVE STUDY 
Existing user-defined gesture sets for HRI rarely account for long-
range, open, multi-user settings, limiting their usefulness for Com-
mand Source Identification (CSI) [30]. To inform algorithm and sys-
tem design under these conditions, we conducted a formative study 
to (1) elicit CSI-capable, user-preferred gestures for long-range HRI 
and (2) examine how these gestures change with distance to guide 
the design and optimization of long-range CSI systems. 

To elicit natural gestures, we employed three real robotic plat-
forms as interaction targets: a quadruped robot, a human-height 
wheeled robot, and a drone. Participants were instructed to issue 
gesture-based commands to these robots across varying distances 
and in multi-person settings. 

3.1 Participants 
We recruited 12 participants (8 male, 3 female, 1 preferred not to 
disclose), aged 20-31 years (𝑀age = 24.4, 𝑆𝐷 = 3.9). They repre-
sented diverse national, cultural, and educational backgrounds. Five 
participants had non-STEM backgrounds and reported little to no 
prior knowledge of robotics or robotic perception, while the other 7 
participants’ STEM backgrounds ranged from unrelated fields to ex-
pert in robotics. Two participants were left-handed. All participants 
received compensation of $14 per hour. 
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Figure 3: Apparatus of Formative Study. (A) Three robot 
forms used in the study. (B) Example of a participant per-
forming a gesture toward a quadruped robot. 

3.2 Apparatus 
A robot’s morphology and height can shape both its perceived 
social role and its perceptual capabilities [29, 60], and following the 
design rationale in [48], we employed three robot embodiments that 
map to distinct perceptual perspectives: downward-looking (drone), 
eye-level (human-height wheeled platform), and upward-looking 
(quadruped). 

Specifically, as shown in Fig. 3(a), we used a Unitree A1 
quadruped robot, an AgileX Cobot wheeled platform (approxi-
mately human height), and a DJI Tello Talent drone (equipped 
with propeller guards) as representative embodied AI systems. 
The quadruped robot carried a front-mounted white camera, the 
wheeled robot and the drone were outfitted with LED lights to 
facilitate visual localization by participants — thereby improving 
users’ ability to identify the intended interaction target [23]. 

3.3 Settings 
We manipulated two independent variables: robot embodiment 
(three forms) and interaction distance (six levels ranging from 3 m 
to 30 m), resulting in 3 × 6 = 18 experimental conditions. To mini-
mize fatigue-related drift in participants’ gestures, we randomized 
the trial order for each participant. Drone trials were conducted 
outdoors, while the quadruped and wheeled robots were tested in a 
corridor. Each condition involved two participants simultaneously, 
and in both environments, occasional passersby provided natural 
background activity and potential sources of distraction. Additional 
cameras were positioned near the participants to record their move-
ments for subsequent analysis. All robots were remotely operated 
by a research team member, who remained out of the participants’ 
immediate view to avoid influencing their gestures. 

3.4 Procedure 
The experiment comprised two stages, designed to capture both the 
commands participants wished to issue to different robots and the 
gestures they employed to convey these commands across distances. 
At the outset, we measured participants’ upper-arm, forearm, palm, 
and index-finger lengths to provide quantitative references for sub-
sequent analysis. Participants were then introduced to a background 
scenario (see supplementary materials) crafted to elicit natural and 
spontaneous gesturing. 

In Stage 1 (Command Elicitation), each robot was positioned 
nearby and teleoperated to showcase its range of motion and in-
teraction capabilities. Participants were asked to propose the com-
mands they would want the robot to execute. They continued until 
they judged the command set to be comprehensive. All proposed 
commands were recorded and later categorized by experts. 

In Stage 2 (Distance-Conditioned Gesturing), the same robots 
were placed at distances of 3, 5, 10, 15, 20, and 30 meters (the 
drone was evaluated only at ≥ 10 m for safety). Participants were 
instructed to perform gestural realizations of the previously elicited 
commands while verbally articulating their intended meaning. To 
preserve ecological validity, we occasionally introduced deliberate 
pauses before the robot responded, simulating recognition failures 
and allowing observation of participants’ recovery behaviors. 

3.5 Gestures Defined By Users 

Summon 

Ascend(drone) 

Descend(drone) RightLeft 
RetreatApproach 

Orbit Cursor 

Stop 

User1 2,4,7,8,9,10 
3 5,6 9 11 12 

Figure 4: Command Vocabulary Proposed by Participants. 

summonapproach-3approach-2approach-1 

right-2 

descend-1 

right-1 right-3 

left-1 

ascend-1 ascend-2 retreat-1 

retreat-2left-2 

Figure 5: Illustration of the User-defined Gesture Set. 
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Fig. 4 shows the command vocabulary proposed by participants 
in Stage 1. From these proposals, we distilled a core set comprising 
seven commands — “Approach”, “Retreat”, “Left”, “Right”, “Ascend” 
(drone), “Descend” (drone) and “Summon”. The first six motion 
commands unambiguously specify movement direction, whereas 
“Summon” exhibited two interpretations: (i) attracting the robot’s 
attention and expecting an acknowledgment, and (ii) instructing 
the robot to continuously approach and stop near the operator 
(3m on average). We thus expose it as a user-configurable behavior 
to align system response with user intent. Several low-frequency 
suggestions were excluded, including “Orbit” for drones (N=1) and 
“Cursor”-like steering (N=2). We excluded “Stop”: a few participants 
(N=3) used it to compensate for limited obstacle avoidance, but 
most (N=7) expected autonomous handling, and it is ill-suited to 
CSI as a static pose. 

In Stage 2, the user-defined gesture set is illustrated in Fig. 5. Par-
ticipants showed high within-class consistency for gestures labeled 
“Left” and “Retreat”, whereas “Right” often involved an additional 
wrist rotation. Several participants preferred to use both hands or to 
switch hands during operation. We further observed cross-class vi-
sual similarity among “Left”, “Approach” and “Descend”, indicating 
potential ambiguity for our system. Results demonstrate high con-
sistency in gesture execution across different robot embodiments 
when following the same control protocol. This finding is further 
corroborated by user feedback (P1, P2, P5, P8, P11, P12). 

3.6 Quantitative Results 

Figure 6: Gesture Amplitude vs. Interaction Distance. The 
color intensity represents the average amplitude. A general 
trend of motion amplification is observed as distance in-
creases. Note: Drone-specific gestures (Ascend, Descend) were 
not evaluated at close ranges (3-5 m) due to safety constraints. 

Using each participant’s limb measurements (Sec. 10) and an 
estimated skeleton model [47], we compute gesture amplitude as 
the displacement of the middle finger-tip. We then analyze ampli-
tude over different robot embodiments and participants (Sec 3.6.1), 
interaction distance (Sec 3.6.2), and time under a non-response 

(a) Illusition of 3D Radial and 2D Tangential Motion. A sampled se-
quence showing 2D tangential motion (orange) tightly aligns with 3D 
radial magnitude (blue). Although with fluctuating ratio, this high 
correlation validates monocular 2D flow as a reliable proxy for 3D 
dynamics. 
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(b) Pearson Correlation Coefficient. Average correlations between 3D 
radial and 2D tangential motion exceed 0.925 for all classes. This con-
sistently high alignment confirms 2D flow as a reliable proxy for 3D 
dynamics, independent of specific gesture trajectories. Error bars de-
note standard deviation. 

Figure 7: Correlation between 3D Radial and 2D Tangential 
Motion. 

condition (Sec 10.3). Finally, we empirically validate that 2D pixel 
motion serves as a reliable proxy for 3D gesture (Sec 3.6.3). 

3.6.1 Amplitude over Embodiments and Participants. Our gesture 
set exhibited high within-participant consistency across robot em-
bodiments, suggesting cross-platform generalizability (detailed in 
App. A). By contrast, we observed huge between-participant differ-
ences in amplitude profiles (minimum: User 12 at 16.53 cm; maxi-
mum: User 5 at 70.64 cm), indicating strong idiosyncratic kinematics 
that can support CSI. 
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3.6.2 Amplitude over Distance. As shown in Fig. 6, gesture ampli-
tude generally increased with interaction distance. However, this 
trend was not universal: for example, User 1 (detailed in App. A) 
exhibited nearly distance-invariant amplitude. We also observed 
that participants without STEM backgrounds rarely consider the 
robot’s sensing limits; they tended to use more conservative mo-
tions even with a long interaction distance, thereby potentially 
degrading recognition accuracy. These behaviors impose stricter 
requirements on HiSync’s ability to capture subtle motion cues. 

3.6.3 Correlation between 3D Radial and 2D Tangential Motion. 
To investigate whether 2D camera data can effectively represent 
gesture motion information in 3D space, we computed the radial 
motion magnitude from optical flow data. We then compared it with 
the tangential optical flow. As shown in Fig. 7, the radial motion 
exhibited a very strong correlation with the magnitude (𝜌 > 0.925). 
This finding indicates that, under natural conditions, participants 
rarely performed movements strictly perpendicular to the camera’s 
focal plane. Consequently, a 2D camera is sufficient to capture the 
essential motion characteristics of users’ gestures. 

4 TASK DEFINITION 
We address the challenge of Command Source Identification (CSI) 
in long-range, multi-user environments. In our setup, we identify a 
specific target operator (𝑂𝑡 𝑎𝑟𝑔𝑒𝑡 ) who holds interaction authority 
and is equipped with a paired IMU. 

As illustrated in Fig. 1, the system input consists of a single con-
tinuous inertial stream I𝑡 𝑎𝑟𝑔𝑒𝑡 transmitted from the target’s device, 
and a visual stream V capturing 𝑁 individuals P = {𝑃1, ..., 𝑃𝑁 }. 
Crucially, this scene may include bystanders (𝑃 𝑗 , 𝑗 ≠ 𝑘) who are ac-
tively performing gestures (e.g., controlling their own separate 
robots or interacting with human peers). 

In this formulation, these bystanders constitute visual-only 
negative samples. Since their inertial data is not transmitted to 
this robot, the system must distinguish the true commander solely 
by cross-referencing the received I𝑡 𝑎𝑟𝑔𝑒𝑡 with the visual motion 
fields of all candidates. The goal is to identify the target 𝑂𝑡𝑎𝑟 𝑔𝑒𝑡 by 
validating which candidate’s visual motion spectrally aligns with 
the reference inertial signal, thereby rejecting visual distractors 
regardless of their gestural similarity to 𝑂𝑡𝑎𝑟 𝑔𝑒𝑡 . 

5 DATASET 
To address the absence of public datasets for CSI under long-range, 
multi-user conditions, we construct a multimodal dataset grounded 
in user-defined natural hand gestures, with synchronized monocu-
lar RGB flow and finger-worn IMU streams to enable and evaluate 
long-range CSI approaches. 

5.1 Dataset Characteristics 
Gesture Taxonomy. We distilled seven gesture classes (Sec. 3.5) 
plus a “no-gesture” class composed of unconstrained free-motion 
sequences. The class distribution is shown in Fig. 9. 

Participants. We recruited 38 participants (23 male, 14 female, 
1 preferred not to disclose; mean age = 24.66 years, variance = 11.1), 
including two left-handed individuals. Participants self-reported 
diverse professional backgrounds and cultural origins. Additionally, 

Figure 8: Visualization of data perspectives. The three camera 
angles—Upward, Eye-level, and Downward—are designed to 
emulate the perceptual perspectives of a quadruped, service 
robot, and drone, respectively. 
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Figure 9: Distribution of Dataset. The chart visualizes the 
composition of 9,465 sequences, demonstrating a relatively 
uniform coverage across all dimensions to minimize bias. 
The rings, from outer to inner, represent gesture categories, 
camera perspectives, and interaction distances. 

we collected measurements of their upper arm, forearm, palm, and 
index finger lengths. 

Visual. Fig. 8 shows that data were recorded from three view-
points: eye-level, overhead, and low-angle. Video data were cap-
tured using two industrial cameras that are commonly used by 
robots (Model HBS4800 and Model J5), at a resolution of 1920×1080 
and 30 fps. The field of view (FOV) of the main Camera HBS4800 
was 75°, while another J5 was a telephoto camera with a focal length 
range of 10-50 mm, enabling the capture of high-definition close-up 
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Figure 10: Dataset Characteristics. (Left) Recording apparatus with cameras and laser ranging, paired with visualizations of 
their data. The orange-framed inset displays the main industrial camera view used for experiments. (Right) Detailed sensor 
placement and biometrics. IMUs are positioned to simulate smart ring, handheld phone, and smartwatch form factors, alongside 
anthropometric measurements collected. 

views of participants for extracting ground-truth motion trajecto-
ries. In addition, we used a smartphone (iPhone 12 Pro) camera with 
a larger FOV and higher image quality, also recording at 1920×1080 
and 30 fps. 

Inertial. For inertial sensing, we employed three IM948 9-axis 
IMUs that logged tri-axial accelerometer, gyroscope, and magne-
tometer signals; orientation quaternions were then derived. The 
sensors were affixed at three hand locations — wrist, palm, and 
the base of the index finger (Fig. 10) — to emulate three common 
consumer form factors: a smartwatch, a phone held in hand, and a 
smart ring [27], respectively. 

Synchronization and Labels. Each recording consists of three 
time-synchronized video streams and three IMU signals. Most se-
quences intentionally include more than two participants to in-
troduce multi-person interference, while all IMUs are worn by a 
single (target) participant. Ground-truth annotations specify the tar-
get participant’s distance to the camera, camera viewpoint, gesture 
class, and the 2D bounding box of the target participant. Labels were 
produced by an automated detection pipeline and subsequently re-
fined via manual verification to ensure high annotation fidelity. 

Dataset Size. The dataset comprises 9465 gesture sequences, 
totaling 452055 frames of RGB data and corresponding data across 
all viewpoints and sensors. Data from 8 participants were reserved 
as the test set, while the remaining 30 participants formed the 
training set. In total, the training set contains 7530 sequences and 
1935 sequences for test set. 

5.2 Dataset Collection 
Participants were instructed to treat the distant camera as the tar-
get device and to perform their naturally preferred gesture for 
each command. The first 12 dataset participants are the same as 
those in the formative study. The additional 26 participants did not 
introduce any new gesture types with non-negligible frequency 
(i.e., appearing in ≥ 1% sequences) beyond the gesture set in the 
formative study (Fig. 5), thus ensuring the consistency between 
the formative elicitation and the dataset gesture. Participants re-
peated each gesture five times to ensure sufficient coverage and 
consistency. 

Data were collected in outdoor environments. To simulate aerial 
viewpoints for drone interactions, we leveraged building height 
differences to capture gestures from low-, medium-, and high-angle 
perspectives. In each recording session, at least two participants 
were present: one designated participant wore an IMU sensor for 
gesture tracking, while the other(s) moved freely or actively issued 
the same commands (accounting for 70.4% of the data). This setup 
naturally introduced negative samples and simulated multi-user 
interference. Passersby sometimes entered the field of view, adding 
uncontrolled motion and occlusion that increased the ecological 
validity of the dataset. 

Recordings captured both natural-scale gestures and adaptive 
variations. Participants initially performed gestures at a comfort-
able amplitude and speed, but if the target device did not respond, 
they may naturally amplify the movement amplitude or frequency. 
Commands could also be alternated within a recording, allowing 
us to capture a broad spectrum of gesture expressions, including 
subtle, exaggerated, and transitional forms like their occurrence in 
real world. 

5.3 Data Processing 
Target Human Annotation. For ground-truth identification of 
the target participant, we used the skeleton keypoints “Right Shoul-
der”, “Left Shoulder”, “Right Hip”, “Left Hip” to form a body region. 
This region was then compared with predefined clothing color 
profiles of participants, and the person with the smallest color dif-
ference was selected as the ground-truth subject. Two researchers 
checked the results independently and resolved all disagreements 
collaboratively through discussion afterwards. 

Temporal Synchronization. We utilized the on-chip CPU perf 
of the IMU for time alignment. After connecting the IMU to the 
computer used for video recording, we performed a linear regres-
sion to map IMU timestamps to the corresponding video frame 
times. The final time error is less than one frame of the camera 
(about 33 ms). 
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5.4 Privacy Protection 
All participants signed an informed consent form. They all con-
sented to the release of their recorded gesture data and associated 
metadata, and were informed of their right to withdraw their data 
from the dataset at any time. To ensure participant anonymity, all 
faces in RGB videos were blurred [56]. 

6 HiSync ALGORITHM 
CSI using IMUs and cameras faces three main challenges. Firstly, 
both modalities are highly noisy: IMU signals suffer from sensor 
drift and motion artifacts, while cameras at long range produce 
ambiguities as people occupy only a few pixels with blurred outlines. 
Secondly, IMUs capture acceleration whereas cameras capture 
positional trajectories. In theory, trajectories can be integrated 
from IMU data or accelerations derived by differentiating positions, 
but in practice such transformations are highly inaccurate, leading 
to inconsistent feature spaces [63, 80]. Thirdly, precise temporal 
synchronization between IMU and camera streams is difficult, as 
wireless transmission (e.g., Bluetooth) introduces delays and clock 
drift that accumulate over distances. Unsynced data makes trivial 
feature matching infeasible for CSI. 

6.1 Overview 
Fig. 11 provides an overview of HiSync, whose goal is gesture-
based command-source identification in multi-user, long-range 
human-robot interaction. HiSync fuses robot-mounted RGB video 
and hand-worn IMU streams and reasons in the frequency domain 
to obtain robust CSI results. The pipeline has two components: (i) 
a Motion Feature Extractor (Sec. 6.2) that estimates per-person 2D 
image-plane velocity from RGB video and 3D linear accelerations 
from the IMU, then transforms both into spectral representations, 
and (ii) CSINet (Sec. 6.3), a spectral neural network tailored to cross-
modal matching under loose synchronization and low SNR. Within 
CSINet, a Quality-Aware Feature Modulation recalibrates unreli-
able spectral channels; an IMU-Anchored Cross-Modal Attention 
module performs soft temporal alignment between the IMU spectra 
and each person’s visual spectra; a Similarity Head produces di-
mensionless match scores by combining normalized ℓ 2 and cosine 
distances; and a Scale-Aware Multi-Window Fusion aggregates evi-
dence over window sizes that differ with camera-estimated range. 
The network outputs a score for every visible person; the arg-max is 
taken as the command source and forwarded to the robot controller 
for downstream tasks. 

6.2 Motion Feature Extractor 
6.2.1 2D Velocity Estimation. Our objective is to estimate image-
plane hand velocities for every visible person from the RGB stream. 
We decompose the task into two stages: (a) hand-ROI localization 
and (b) hand velocity estimation. 

Hand-ROI Detection. Long-range imagery suffers from a small 
person scale and frequent keypoint dropouts. We therefore adopt 
a two-stage pose pipeline. First, a high-recall person detector ( 
YOLOv11x [34], conf > 0.2 ) first crops regions and then passed to 
YOLOv11x-pose to obtain a rough skeleton. However, monocular 3D 
Human Pose Estimation (HPE) remains unreliable at such distances, 

even state-of-the-art methods [84, 87] fail to capture usable motion 
cues for CSI. We thus define a hand region of interest (ROI) with 

side length 𝑠 (𝑖 ) 𝑡 = 𝛼 ℎ (𝑖 ) 
𝑡,bbox, where ℎ (𝑖 ) 

𝑡,bbox is the height of person 
𝑖’s bounding box at time 𝑡 and 𝛼 = 0.1 is selected via experiment. 
When hand keypoints are missing or low-confidence, we propagate 
the last valid ROI with short-term velocity prediction and, if needed, 
infer a proxy ROI from the elbow-to-wrist direction. 

VideoFlow. To capture fine 2D motion ˜ u𝑡 under low pixel counts, 
we compute dense optical flow with VideoFlow-MOP [65], which 
pairs a Tri-frame Optical Flow (TROF) module — jointly predicting 
flows from the middle frame to its preceding and succeeding frames 
— with a Motion Propagation (MOP) module that passes motion cues 
across adjacent triads to enlarge the temporal receptive field and 
improve accuracy. For each time 𝑡 , let u+ 

𝑡 denote the flow from 
frame 𝑡 to 𝑡 +1, and u− 

𝑡 the flow from 𝑡 to 𝑡 −1. We form a per-pixel 
velocity field ũ𝑡 = 1

2
 
u+ 
𝑡 − u− 

𝑡

 
. 

Flow Pooling. We estimate the hand velocity v hand, (𝑖 ) 𝑡 for person 
𝑖 by mean pooling ˜ u𝑡 within the hand ROI. Moreover, if the camera 
exhibits residual motion (e.g., slight pan/tilt), we estimate a global 
background flow g𝑡 via robust homography fitting on rigid regions 
and compensate for the vhand, (𝑖 ) 𝑡 . 

6.2.2 3D Linear Acceleration Estimation. We estimate linear ac-
celeration a lin 

𝑡 from a 150 Hz 9-DoF IMU. We compute attitude 𝑞𝑡 
via Madgwick AHRS [49], fusing gyroscope (𝝎𝑡 ), magnetometer 
(m𝑡 ), and accelerometer (a meas 

𝑡 ). We reject dynamic disturbances 
by scaling the accelerometer gradient with Madgwick parameters: 
base gain 𝛽 = 0.035 and weight 𝑤𝑎 = clip(1 − |∥ameas 

𝑡 ∥ − 𝑔|/3, 0, 1). 
World-frame linear acceleration is then obtained by removing pre-
calibrated sensor bias b𝑎 and gravity g𝑤 : a lin 

𝑡 = R(𝑞𝑡 ) (ameas 
𝑡 −b𝑎 ) −

g𝑤 , followed by a 15 Hz Butterworth low-pass filter. 

6.2.3 Spectral Analysis. Directly matching raw 2D image-plane 
velocities from RGB with 3D linear accelerations from the IMU 
is brittle in long-range, multi-person settings due to sensor and 
estimation noise and loose cross-modal synchronization. We there-
fore transform both streams into the frequency domain. Working 
in frequency space (i) provides a common, modality-comparable 
basis for both velocity and acceleration, (ii) reduces sensitivity to 
temporal offsets, and (iii) suppresses uncorrelated noise through 
windowing and band-wise aggregation. This spectral projection 
serves as the frontend for CSINet. 

Validation of Comparing Acceleration and Velocity on 
Spectral. Let 𝑣 (𝑡 ) be a velocity component and 𝑎 (𝑡 ) = 𝑣 (𝑡 ) 
the corresponding acceleration. By the differentiation property of 
the Fourier transform F , their spectra are related by: 𝐴(𝜔 ) = 
F { 𝑣 (𝑡 )} = 𝑗 𝜔 𝑉 (𝜔 ), where 𝐴(𝜔 ) and 𝑉 (𝜔 ) are the Fourier trans-
forms of 𝑎 (𝑡 ) and 𝑣 (𝑡 ). Consequently, for any angular frequency 
𝜔 ≠ 0: 

|𝐴 (𝜔 ) | = |𝜔 | |𝑉 (𝜔 ) |, ∠𝐴(𝜔 ) = ∠𝑉 (𝜔 ) + 
𝜋 
2 
sgn(𝜔 ). (1) 

Here, | · | is the complex magnitude, ∠(·) is the principal phase and 
sgn(·) denotes the sign function. Therefore, defining a normalized 
acceleration spectrum ˜ 𝐴(𝜔 ) ≜ 𝐴(𝜔 )/( 𝑗 𝜔 ) yields ˜ 𝐴(𝜔 ) ≡ 𝑉 (𝜔 ). 
This confirms that acceleration features inherently encode velocity 
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Figure 11: Overview of HiSync. The framework fuses robot-mounted RGB video and wearable IMU signals in the frequency 
domain for robust Command Source Identification (CSI). It consists of two main stages: (1) a Motion Feature Extractor that 
estimates and transforms visual velocity and inertial acceleration into spectral representations; and (2) CSINet, which aligns 
and matches these cross-modal features using Quality-Aware Feature Modulation, IMU-Anchored Attention, and Scale-Aware 
Multi-Window Fusion to identify the target operator. 

patterns, differing only by a known frequency-dependent scaling 
and phase shift. 

Validation of Utilizing Spectral to Avoid Time Shift. Spectral 
features are shift-tolerant within a window. If a global time shift 𝜏 
exists between 𝑣 and 𝑎 (e.g., from sensor/video misalignment), then 
𝐴(𝜔 ) = 𝑒 − 𝑗 𝜔𝜏 𝑗 𝜔𝑉 (𝜔 ); subtracting the linear phase 𝑒 − 𝑗 𝜔𝜏 restores 
the result. 

Validation of Spectral-domain Denoising. Unlike time-
domain matching, which is vulnerable to spikes and drift, our 
spectral approach naturally attenuates these artifacts. Specifically, 
transient disturbances disperse energy across wide bands, minimiz-
ing local impact; narrowband sensor noise [1] is implicitly masked 
via band selection by the downstream neural network; and low-
frequency drift or gravity leakage [24] is eliminated by excluding 
the near Direct Current neighborhood. This ensures robustness 
to modality-specific noise while preserving discriminative motion 
cues. 

Spectral Feature 𝝓. Given a length-𝑁 sequence 𝑥 , we apply a 
window size 𝑤 and compute the discrete Fourier transform (DFT) 

𝑋 [𝑘 ], where 𝑘 denotes the frequency bin index. We then form the 
power spectral density (PSD) 𝑆 [𝑘 ] = |𝑋 [𝑘 ] | 2 which serves as our 
primary feature denoted as PSD. From the PSD, we derive a compact 
set of interpretable descriptors: peak height (𝑝 ), peak frequency 
(𝑓 ), spectral clarity (𝜅), spectral entropy (𝐻 ), frequency spacing 
(Δ𝑓 ), in-band SNR (SNR), and average power (𝑃avg). Detailed defi-
nitions and ablations are provided in the App. B. These descriptors, 
concatenated with the full PSD, form the final feature vector: 

𝝓 (𝑥 ) = [PSD; Feat] = 
 
PSD, 𝑝, 𝑓 , 𝜅, 𝐻 , Δ𝑓 , SNR, 𝑃avg 

 
. (2) 

Different DFT window lengths capture complementary spectral 
cues, much like different receptive fields in a CNN. We compute 
spectral features for window lengths 𝑤 ∈ {5, . . . , 20} (frames) and 
denote the feature vector from window 𝑤 as 𝜙 𝑤 . These multi-scale 
spectral descriptors offer complementary time-frequency resolu-
tions. 
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Figure 12: Architecture of Command Source Identification Network. Taking spectral features as input, for each window size, 
the network first applies Quality-Aware Feature Modulation to suppress noise in IMU signals. It then utilizes IMU-Anchored 
Cross-Modal Attention to align visual flow sequences with the inertial reference. Finally, the Similarity Head computes cosine 
scores, which are dynamically aggregated by Scale-Aware Multi-Window Fusion across multiple window sizes to output the 
final similarity. 

6.3 Command Source Identification Network 
6.3.1 Model Architecture. As illustrated in Fig. 12, the Command 
Source Identification Network (CSINet) operates on precomputed 
spectral feature vector 𝜙 and comprises four modules: (1) Quality-
Aware Feature Modulation, which recalibrates IMU spectral features 
using per-frame quality cues; (2) IMU-Anchored Cross-Modal Atten-
tion, which aligns each candidate’s flow-spectral sequence to the 
IMU time reference, mitigating jitter, missed detections, and phase 
drift; (3) Similarity Head that ℓ2-normalizes temporally aggregated 
embeddings and outputs a cosine-similarity score for each IMU-
candidate pair; and (4) Scale-Aware Multi-Window Fusion, which 
evaluates results from multiple window lengths and fuses their 
scores via learned weights conditioned on a distance proxy. This 
design yields robust command-source identification in crowded, 
long-range settings. 

Quality-Aware Feature Modulation. We observed that some 
segments contain weak or non-purposeful motion, degrading simi-
larity estimates. To emphasize informative frames while suppress-
ing unreliable channels, we adopt a FiLM operator [59] on the 
IMU spectral features. Given a per-frame PSD embedding 𝑥𝑡 ∈ R𝐷 

(composed of IMU.PSD and Flow.PSD), a lightweight MLP predicts 
channel-wise affine parameters (𝛾𝑡 , 𝛽𝑡 ) = MLP(𝑥𝑡 ). The modulated 
representation 𝑦𝑡 = 𝛾𝑡 ⊙ 𝑥𝑡 + 𝛽𝑡 recalibrates frequency channels 
(e.g., down-weights those affected by occlusion or low detection 
confidence) prior to cross-modal alignment. Compared with sim-
ple concatenation, Quality-Aware Feature Modulation improves 
robustness with low-quality. In HiSync, Quality-Aware Feature 
Modulation is applied to IMU features, producing IMU.PSD′ . 

IMU-Anchored Cross-Modal Attention. Treating the IMU 
sequence as the temporal anchor, we perform soft alignment and ev-
idence selection over each candidate’s flow-spectrum embeddings. 
We compute 

𝑄 = 𝑊𝑞 · IMU.PSD′ , 𝐾 = 𝑊𝑘 · Flow.PSD, 
𝑉 = 𝑊𝑘 · Flow.PSD, Flow.PSD′ = MHA(𝑄, 𝐾, 𝑉 ) , 

(3) 

where MHA is multi-head attention with 4 heads, stacked for 
two layers with dropout 0.1. The resulting Flow.PSD′ represents the 
candidate’s motion “as seen from the IMU’s perspective,” mitigating 
frame-level mismatch due to jitter, intermittent detection, or phase 
shifts. 

Similarity Head. Because IMU and optical flow live in differ-
ent units (m/s2 vs. pixels/frame) yet share discriminative spectral 
amplitude, we remove scale effects by ℓ2-normalizing temporally ag-
gregated embeddings and use cosine similarity as the cross-modal 
score: 

sim(𝜙IMU, 𝜙Flow) = 
𝜙 ⊤ 
IMU𝜙Flow 

∥𝜙IMU ∥2 ∥𝜙Flow ∥2 
, (4) 

𝜙 is the spectral feature defined in Spectral Feature Selection 
This score quantifies the motion-pattern consistency between 

the IMU segment and each candidate and is used for ranking and 
final identification. 

Scale-Aware Multi-Window Fusion. User motion varies with 
gesture and distance; a single temporal extent may be sub-optimal. 
We therefore evaluate similarities over a set of DFT window lengths 
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{𝑤 }20 
5 . These DFT windows are different from the sliding window 

used to segment the streaming input sequence. And fuse them 
conditioned on an estimated scale 𝑠 (approximated by the ratio 
between the person’s bounding-box width and the image width). 
An MLP takes 𝑠 (optionally concatenated with quality statistics) and 
outputs fusion weights 𝛼𝑚 = softmax(𝑔 (𝑠)). The final similarity is 
the weighted average of sim under various window sizes 𝑚. 

Simfinal = 
𝑀∑︁ 

𝑚=1 

𝛼𝑚 sim𝑚 , (5) 

adapting the effective temporal context to distance while preserving 
robustness across heterogeneous motion regimes. 

6.3.2 Model Training. 
Training. We train CSINet end-to-end in PyTorch using AdamW 
with cosine annealing. We run for 50 epochs with early stopping 
after 3 epochs without validation improvement, batch size 4, initial 
learning rate 1e − 4, and weight decay 1×10−4 . The scheduler uses 
𝑇max = 25 (half of total epochs) and 𝜂min = 0.01× the initial learning 
rate. 

Batching and masking. To accommodate multi-person scenes 
and variable-length sequences, we perform batchwise align-and-
pad: within each mini-batch, we pad time steps, the number of 
temporal scales, and the number of candidates to their within-batch 
maxima and construct frame and person masks to ignore padded 
entries. Temporal features are aggregated via masked mean pooling 
to obtain segment-level embeddings. We then apply ℓ2 normaliza-
tion to the IMU representation and to the attention-aligned flow 
representation to improve numerical stability and the effectiveness 
of contrastive learning. 

Loss. The principal component is the InfoNCE contrastive loss, 
computed over per-segment, per-candidate scores. To prevent over-
fitting and ensure generalization, we incorporate an 𝐿2 regular-
ization term on the network parameters 𝜃 . For the 𝑖 -th sample 
with similarity logits s𝑖 = [𝑠𝑖,1, . . . , 𝑠 𝑖,𝑃𝑖 ] and positive index 𝑦𝑖 , the 
contrastive term is defined as: 

LInfoNCE = − 
1 
𝐵 

𝐵∑︁ 

𝑖 =1 

log 
exp 

 
𝑠𝑖,𝑦𝑖 /𝜏 

 𝑃𝑖 
𝑗 =1 exp 

 
𝑠𝑖, 𝑗 /𝜏 

 + 𝜆 ∥𝜃 ∥ 2 
2, (6) 

In practice, we clip logits to a safe range and sanitize NaN/Inf 
values to prevent gradient pathologies. 

Augmentation. To strengthen discrimination against distrac-
tors, we adopt cross-sequence negative augmentation: for each train-
ing instance we append time series from randomly sampled people 
in other sequences along the candidate dimension, so each batch 
contains 5 external negatives. The original positive index 𝑦𝑖 is pre-
served throughout. 

7 EXPERIMENTS on DATASETS 

7.1 Evaluation Protocol 
We evaluate HiSync on our long-range gestural interaction dataset 
(Sec. 5). Unless otherwise noted, all results are reported as the mean 
over 5 runs with different random seeds. 

7.1.1 Implementation and Training Strategy. Since the official im-
plementations of the baselines [5, 9, 66] are not publicly available 
and were originally designed for shorter ranges, we re-implemented 

their architectures with necessary adjustments to adapt to far-range 
scenarios. For image-based baselines, input sequences are sampled 
at 5 fps. To ensure a rigorous subject-independent evaluation, we 
use data from 30 participants for training, while the remaining 
8 participants are reserved as the held-out test set. Within the 
training set, we split at 80/20 for training and validation. 

7.1.2 Robustness Test Set Construction. All experiments are eval-
uated on the 8 held-out participants. To rigorously assess the sys-
tem’s robustness against real-world synchronization failures [21], 
we introduce artificial temporal noise into the synchronized test 
set. Specifically, we apply three types of temporal perturbations 
between the input streams: 

• Global Offset. To simulate transmission latency, we apply a 
global time shift Δ𝑡 for each sequence. The offset is sampled 
from a uniform distribution: Δ𝑡 ∼ U(−500, 500) ms. 

• Clock Drift: To mimic the sampling rate mismatch between 
independent device clocks (e.g., camera vs. IMU crystal os-
cillators), we apply a linear scaling factor 𝛼 ∼ U(0.98, 1.02) 
to the timestamps. 

• Jitter: To simulate packet arrival jitter and processing fluctu-
ations, we add independent Gaussian noise to the timestamp: 
𝜖 ∼ N(0, 𝜎 2), where 𝜎 = 60 ms (approx. 2 frame duration). 

7.2 Baselines 
To assess the perceptual limits of vision-based models at long range, 
we compare against two representative long-distance gesture recog-
nition research and a cross-modal CSI method (VIPL), and we addi-
tionally construct a skeleton-based variant of our pipeline to probe 
the benefit of spectral representations for CSI. 

7.2.1 DNN [9]. This vision-only baseline takes an RGB picture 
as input. A shallow spatiotemporal stem extracts low-dimensional 
features; a patch-selection subnetwork highlights gesture-relevant 
regions and suppresses background; and a patch-level classifier 
predicts the gesture class. The original work reports “long-distance” 
results at roughly 4 m. We introduced smaller patch sizes beyond 
10 m and a higher loss weight on patch selection to encourage 
tighter focus. 

7.2.2 URGR [5]. URGR targets ultra-long-range (up to 25 m) ges-
ture recognition with a single RGB camera by combining an image 
enhancement module (HQ-Net) with a GVIT backbone that fuses 
GCN and a modified ViT. To test distances beyond 25 m, we replace 
HQ-Net with a state-of-the-art image restoration model [81]. 

7.2.3 VIPL [66]. VIPL tackles command source identification with-
out prior appearance enrollment. While sharing similar input modal-
ities with HiSync, it fundamentally differs by modeling temporal 
motion dynamics in the time domain, heavily relying on large-scale 
full-body walking cues and assuming tight synchronization. Specif-
ically, it pairs visual features (optical flow and keypoints) with raw 
inertial signals (acceleration and angular velocity). A dual-branch 
LSTM-based network maps both streams into a shared embedding 
space optimized by a triplet loss, selecting the person with the 
minimum feature distance at inference. 
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7.3 Metrics 
Unless otherwise noted, a segment is counted as correct under strict 
accuracy if the predicted candidate exactly matches the annotated 
command source. But for the vision-only baseline DNN (Sec. 7.2.1) 
and URGR (Sec. 7.2.2), which is a single-frame gesture recognizer 
rather than a multi-person CSI model, we adapt its outputs as 
follows: a frame is deemed correct if its predicted gesture matches 
the ground-truth command issued by the true source; segment-level 
decisions are then obtained by majority vote over frames within the 
segment. Because this baseline has no capability to resolve which 
person performed the gesture, the above protocol effectively grants 
it oracle source attribution; therefore, the resulting CSI accuracy 
should be interpreted as an upper bound on what a purely vision-
based, single-frame recognizer could achieve in our multi-person 
setting. 

7.4 Results and Analysis 

Figure 13: Results of Experiments. This figure shows the 
CSI Accuracy vs. Distance. The dashed line represents the 
data obtained directly from the referenced paper. The results 
show that HiSync outperform baselines, especially at long 
distances. Error bar denotes standard deviation. 

Figure 14: Failure Case. This is a failure sequence where the 
two persons move in near-perfect sync. However, because 
the HiSync can capture subtle differences in movements, the 
failure rate is very low even in such a rare case. 

7.4.1 Overall Performance. HiSync sustains reliable command-
source identification (CSI) across long ranges, outperforming both 
purely visual baselines and state-of-the-art optical-inertial meth-
ods. With about 3 people visible per frame on average and a se-
quence length of 3 seconds, it achieves 99.77% CSI accuracy at 
≤ 10𝑚, 15.77% over VIPL’s reported 84% and comparable with 
a vision-only upper bound (100% at 3-5 m; 98% at 5-10 m). Be-
tween 10-30 m, HiSync maintains 96.64% accuracy, beating the 
VIPL baseline (70.34%) by 26.30% as that method degrades sharply 
with distance. Even at the extreme range (up to 34 m), HiSync still 
attains 94.31% accuracy, whereas baselines approach random (VIPL, 
three-category classification: 43.88%; vision-only gesture recognizer, 
eight-category: 44.48%). 

7.4.2 Fail Case Studies. As shown in Fig. 14, in rare instances two 
participants exhibit gestures in near-perfect sync — sharing dom-
inant frequencies, harmonic structure, and amplitude envelopes, 
thus yielding nearly equal cross-modal similarity to the query IMU, 
a condition we term a “spectral collision”. In such cases, leveraging 
a longer temporal context is warranted; see Sec. 7.5.3 for details. 

7.5 Ablation 
We did ablation studies on Optical Flow (Skeleton), Quality-
Aware Feature Modulation (-FiLM), Scale-Aware Multi-
Window Fusion (-Multi-window) for HiSync. See Fig. 15 for quan-
titative comparisons. 

Figure 15: Ablation Results. We compare the full system 
against ablated variants across distances. The significant per-
formance drop in incomplete models highlights the necessity 
of each component for maintaining robust CSI. Error bar de-
notes standard deviation. 

7.5.1 Ablation on Optical Flow. To isolate the value of Optical Flow 
feature for CSI at long range, we replace the Velocity Estimation 
(Sec. 6.2.1) in our method with per-person 2D skeleton trajectories 
and encode them using a lightweight MLP in lieu of Spectral Anal-
ysis (Sec. 6.2.3 for 2D velocity). Specifically, for each candidate, we 
form a concatenated keypoint trajectory vector over the window, 
reduce it to 64 dimensions with a linear layer, and keep all down-
stream components unchanged. This variant performs markedly 
worse at longer distances, where pose detection becomes unreliable 
as keypoints are often missing, jittery, or mislocalized, confirming 
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Figure 16: Impact of Window Size on Accuracy. This figure 
shows a clear trend where optimal window size increases 
with distance. This validates our design choice to fuse the 
different temporal window sizes. 

that Optical Flow motion features provide greater robustness under 
low resolution and high noise. 

7.5.2 Ablation on Quality-Aware Feature Modulation. We disable 
the Quality-Aware Feature Modulation (Sec. 6.3.1) and keep 
the rest of the architecture and training schedule fixed. Without 
Quality-Aware Feature Modulation, the model cannot down-weight 
low-quality or noise-dominated frequency channels, leading to 
consistently lower accuracy across distances and harder training 
convergence. Errors concentrate in segments with micro-motions 
that reduce SNR of IMU, indicating that Quality-Aware Feature 
Modulation’s channel-wise modulation is critical for stabilizing 
learning and improving robustness under persistent IMU noise. 

7.5.3 Ablation on Scale-Aware Multi-Window Fusion. We replace 
Scale-Aware Multi-Window Fusion (Sec. 6.3.1) with a single-
scale baseline and sweep several window lengths for fairness. We 
report per-distance accuracies for each window size in Fig. 16. Re-
moving scale-aware fusion yields a substantial overall drop, and 
the window that maximizes accuracy varies with distance. Gener-
ally, larger windows perform better at longer ranges while shorter 
windows suffice at close range. Intuitively, long windows capture 
global motion characteristics (for example, overall swing frequency), 
whereas short windows better capture fine-grained cues (for ex-
ample, arm length proxies and personalized way of exerting force). 
These results support our design choice to fuse temporal scales 
rather than rely on a single window. 

7.6 Evaluation on Temporal Misalignment 
Beyond the theoretical justification (Sec. 6.2.3), we empirically eval-
uate the method’s robustness against temporal misalignment under 
progressively severe desynchronization scenarios. 

7.6.1 Ablation on Spectral Transformation. To validate the neces-
sity of the spectral transformation, we bypass the Spectral Analy-
sis (Sec. 6.2.3) step. Instead, the raw IMU linear acceleration and 
visual velocity sequences are fed directly into a network with 
an architecture identical to CSINet. This “w/o Spectral” setting 

serves to verify the impact of spectral features on alignment ro-
bustness. Furthermore, to benchmark against traditional temporal 
alignment techniques, we employ Linear Regression [21] (Linear), 
Cross-Correlation [37] (XCorr) and Dynamic Time Warping [7] 
(DTW) to pre-align the visual and inertial streams in the time do-
main before feeding them into the “w/o Spectral” network. 

7.6.2 Progressive Noise. To simulate real-world conditions ranging 
from ideal to severe, we construct four test sets with varying de-
grees of temporal noise. Beyond the synchronized set 𝑇𝑐𝑙 𝑒𝑎𝑛 and the 
severe noise set𝑇3 (detailed in Sec. 7.1), we introduce two intermedi-
ate sets. 𝑇1 features only a mild global offset Δ𝑡 ∼ U(−200, 200) ms. 
𝑇2 adopts the global offset and clock drift from 𝑇3, but excludes 
transmission jitter to isolate the impact of irregular fluctuations. 

7.6.3 Results and Analysis. The comparative results in Tab. 2 re-
veal significant performance divergences under temporal noise. 
The “w/o Spectral” baseline deteriorates sharply on noisy sets, con-
firming the fragility of direct time-domain matching against mis-
alignment. Although traditional pre-alignment methods (Linear, 
XCorr, DTW) mitigate simple global offsets (𝑇1), they fail to address 
the compounding drift and jitter in 𝑇3. In contrast, HiSync main-
tains high robustness across all noise levels with only marginal 
drops, empirically validating that spectral magnitude features pro-
vide inherent invariance to temporal noise, effectively decoupling 
recognition performance from precise synchronization. 

8 ONLINE EXPERIMENTS on REAL ROBOT 
To thoroughly evaluate the system’s performance in real-world 
deployment and gather subjective user feedback, we deployed 
HiSync on a quadruped robot and conducted both correctness tests 
and interactive usability experiments in dynamic indoor and out-
door environments. 

8.1 Participants and Apparatus 

Figure 17: Real Robot Apparatus. The real-robot experiment 
is conducted on a Unitree Go2 quadruped robot, equipped 
with a Realsense D435 camera. The onboard microphone and 
official joystick are used in the Voice Control and Remote 
Controller baseline respectively. 

We recruited 12 participants (𝑁 = 12, 6 male and 6 female; mean 
age = 23.9, 𝑆𝐷 = 3.7) who had not participated in the formative 
study or dataset collection. Their expertise with robotics varied 
from novice to expert. 

As shown in Fig. 17, the system was deployed on a Unitree Go2 
quadruped robot equipped with a Realsense D435 camera running 
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Table 2: Evaluation Results on Temporal Misalignment. We compare HiSync against the time-domain ablation ("w/o Spectral"), 
pre-alignment methods (Linear, XCorr, DTW) applied to the time-domain backbone, and the VIPL baseline. Temporal misalign-
ment increases progressively from T𝑐𝑙 𝑒𝑎𝑛 to T3. Results demonstrate that HiSync maintains high robustness even under severe 
synchronization noise (T3) where time-domain methods degrade sharply. 

Methods Accuracy(%) ± SD 
𝑇𝑐𝑙 𝑒𝑎𝑛 𝑇1 𝑇2 𝑇3 

HiSync 97.01(±0.26) 96.47(±0.43) 95.70(±0.95) 95.14(±0.97) 
w/o Spectral 76.83(±0.60) 65.19(±0.64) 59.16(±3.11) 50.38(±6.82) 
Linear [21] 78.18(±1.17) 73.38(±6.37) 65.81(±3.32) 51.82(±5.98) 
XCorr [37] 79.11(±0.58) 74.95(±6.79) 63.82(±3.36) 53.27(±5.91) 
DTW [7] 77.98(±1.04) 74.91(±1.32) 72.09(±1.62) 64.74(±4.32) 
VIPL [66] 70.49(±1.52) 65.89(±2.23) 65.06(±1.66) 61.05(±2.70) 

in RGB mode at 1280 ×720 resolution (30 fps). Based on the findings 
in Sec. 10.1, we utilized the wrist placement for the IMU sensor 
to balance signal quality and usability. IMU data was collected 
by a host computer and transmitted to the robot via the public 
network. This setup introduces realistic IOT network latency (mea-
sured at ≈ 387,ms on average with ≈ 50,ms jitter), strictly testing 
the system’s robustness under non-ideal transmission conditions. 
Furthermore, unlike the batched inference used in offline evalua-
tions, the real-robot system performs frame-by-frame inference, 
resulting in an effective processing rate of approximately 5,Hz due 
to computational overhead. 

8.2 Design and Procedure 
The study consisted of two sessions: (1) an Interaction Usability 
Experiment and (2) a CSI Accuracy Experiment. Both sessions cov-
ered new indoor (3 m, 5 m) and outdoor (10 m, 20 m, 30 m) scenarios 
that were not included in the dataset. 

8.2.1 Interaction Usability Experiment. To assess interaction us-
ability, we compared HiSync against standard modalities in a robot 
summoning task across varying distances. (i) Remote Controller 
(RC), utilizing the manufacturer’s standard joystick; (ii) Voice Con-
trol, employing the robot’s built-in wake-up word and command 
interface; and (iii) HiSync, where participants triggered the ap-
proach via a natural right-hand wave mapped to the “Summon” 
semantic. Notably, Voice Control was exclusively evaluated at the 
short range (3 m), as participants consistently declined to use voice 
at longer distances (>5 m) due to the social embarrassment associ-
ated with shouting and the system’s technical inability to capture 
distant audio. To minimize learning effects, modality and distance 
order were counterbalanced across participants. 

8.2.2 CSI Accuracy Experiment. To evaluate robustness against 
active interference, participants worked in pairs at an adversarial 
setting. One participant acted as the Owner, issuing the five stan-
dard commands defined in Sec. 3.5. The other acted as a Strong 
Negative Sample (Mimic), instructed to mimic the owner’s move-
ments as closely as possible to “trick” the robot into responding 
to them. Additionally, the experiments were conducted in public 
spaces with uncontrolled passersby, who served as Weak Negative 
Samples (providing occlusion and background noise). 

8.3 Results and Analysis 
8.3.1 Objective. As shown in Tab. 3, we evaluated the CSI accu-
racy and the response time (from gesture onset to robot reaction). 
Despite the challenging real-world settings involving adversarial 
mimics (strong negatives) and uncontrolled pedestrians (weak neg-
atives), HiSync maintains high accuracy and operational efficiency. 
Notably, even at the extended distance of 30 m, HiSync achieves an 
accuracy of 90.9% with an average response time of 3.88 s, demon-
strating its viability for long-range field deployment. These results 
demonstrate that HiSync remains effective when deployed on a 
real quadruped robot and with strong bystander interference. Com-
pared to the training dataset, the real-robot study involves new 
participants, a different camera configuration, and previously un-
seen indoor and outdoor environments, suggesting that HiSync can 
generalize from curated offline data to in-the-wild deployments. 

8.3.2 Subjective. We evaluated subjective feedback using the 
NASA-TLX [26] and a subset of the System Usability Scale (SUS) 
[10]. A Wilcoxon Signed-Rank Test was conducted to determine 
statistical significance between HiSync and the baselines (Voice 
and Remote Controller), as shown in Figure 18. Note that specific 
NASA-TLX metrics were inverted for consistency, so higher scores 
always indicate better performance. 

Quantitatively, HiSync achieved the highest mean scores across 
all metrics. Participants reported a significantly higher willing-
ness to use HiSync compared to both Voice (𝑝 < 0.00049) and 
the Remote Controller (RC) (𝑝 = 0.034). HiSync was significantly 
easier to learn (𝑝 < 0.00049) and use (𝑝 < 0.005) than the RC, 
effectively combining the intuitiveness of natural voice interaction 
(𝑛.𝑠 . in ease of use) with the reliable performance of the RC (𝑛.𝑠 . 
in performance). Regarding task load (TLX), HiSync significantly 
outperformed both baselines across all sub-scales (all 𝑝 < 0.03). 
Deeper analysis revealed that interaction distance influenced these 
preferences (Fig. 19: at close range, participants felt the RC was 
“overkill” (P4, P7). Conversely, as the distance increased, distinct 
issues emerged: participants noted they “could not see the robot 
dog clearly” (P4) and that “control errors with the remote con-
troller increased” (P9). Moreover, specifically for users unfamiliar 
with robots, the workload of operating at long distances increased 
significantly (𝑝 < 0.05). 
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Table 3: Quantitative Results of Real-World Experiments. We report the mean CSI accuracy and response time (from gesture 
onset to robot reaction) under adversarial settings with strong mimics. Data are presented as Mean ± Standard Error (SE). 

(a) Performance vs. Interaction Distance. This table illustrates the ef-
fectiveness of HiSync under different real-world distance conditions. 

Distance(m) CSI Accuracy (%) ±𝑆𝐸 Time(s) ±𝑆𝐸 

3 96.4 ± 2.55 3.46 ± 0.159 
5 94.5 ± 4.03 3.23 ± 0.130 
10 92.7 ± 3.53 3.07 ± 0.150 
20 92.7 ± 3.53 3.09 ± 0.130 
30 90.9 ± 3.91 3.88 ± 0.175 

(b) Performance vs. Gesture Category. This table demonstrates 
the generalization of the proposed gestures under HiSync. 

Gesture CSI Accuracy (%) ±𝑆𝐸 Time(s) ±𝑆𝐸 

Right 92.7 ± 3.534 3.12 ± 0.132 
Left 96.4 ± 2.547 3.47 ± 0.175 

Approach 90.9 ± 3.912 3.33 ± 0.157 
Retreat 90.9 ± 3.912 3.43 ± 0.161 
Summon 96.4 ± 2.547 3.38 ± 0.176 

Participants praised the system’s naturalness and social pres-
ence, noting it “looks like a real dog” (P5, P8, P11) and is “suitable 
for public spaces” (P7, P12), with emphasis that “It was excellent, 
and I felt very confident” (P4, P12). 

9 APPLICATIONS 

9.1 Public-venue service-robot interactions 
In public indoor settings such as airports, train stations, and shop-
ping malls, our CSI pipeline enables users to summon and direct 
service robots from a distance using brief hand gestures (for exam-
ple, Summon, Approach, Left, Right). Imagine entering a shopping 
mall, making a short wrist wave with a smartwatch and within mo-
ments a nearby service robot recognizes the gesture, navigates to the 
user for further instruction. Technically, the system aligns far-field 
optical-flow spectra captured by robot-mounted cameras with IMU 
traces from the user’s wearable, which lets the pipeline identify who 
issued a command in crowded scenes without explicit per-user en-
rollment, fiducial markers, or spoken input. This maintains socially 
appropriate interaction in reverberant or quiet environments. 

9.2 Robotaxi summons 
In outdoor parking lots and similar open environments, a user can 
invoke a summon→approach gesture from tens of meters away to 
request a vehicle or low-speed carrier. Operating in the frequency 
domain, cross-modal spectral matching is inherently more tolerant 
to long-range visual degradation and variable illumination. The 
proposed setup that requires only a monocular camera on the ve-
hicle and a wearable IMU minimizes infrastructure requirements 
while still supporting explicit confirmation cues and escalation 
procedures when the initial signal is ambiguous. 

9.3 “Hi and Sync” Paradigm 
CSI can serve as a lightweight selection mechanism to bind an indi-
vidual to a specific robot and subsequently enable behaviors such 
as Follow-Me and Approach & Align. The same spectral alignment 
that disambiguates commands in multi-user scenes also reduces 
interference from nearby bystanders, supporting reliable selection, 
re-binding, and handover among co-located robots, making far-
range “Hi and Sync” a feasible primitive for applications such as 
guided tours, patrols, and parcel delivery. 

10 DISCUSSION 

10.1 Choice of IMU position 
As illustrated in Fig. 10, we compared three placements on the 
dominant hand. Beyond sensing fidelity, these choices reflect ap-
plicability in practice: smartwatches are the most widely adopted 
wearables, smart rings promise the least obtrusive “always-on” wear 
in the near future, and hand-held phones require no additional hard-
ware. 

Performance results (Fig. 22) show that the palm IMU achieves 
the highest CSI accuracy, likely due to stronger distal motion and 
firmer sensor-gesture coupling that preserves high-frequency com-
ponents exploited by our spectral encoder. The ring underperforms, 
plausibly due to higher micro-motion noise, while the relatively 
poor performance for wrist-mounted IMU may be attributed to 
the wrist’s less discriminative motion patterns, as well as noise 
introduced by forearm movements. 

Design Implications. When robustness at long range is para-
mount, prefer palm-held. Smartwatches trade some accuracy for 
ubiquity and convenience, and rings favor wearability but require 
tighter stabilization and higher-quality sensing; phones offer strong 
accuracy without extra devices when hands are occupied. 

10.2 Maximum Interaction Range 
We set the maximum interaction range to 34 m. At this distance, 
a person occupies too few pixels for reliable motion estimation; 
consequently, our optical-flow pipeline (VideoFlow) no longer pro-
duces stable hand-motion cues (Fig. 21). Although a stronger flow 
estimator or a super-resolution pre-processing step could, in prin-
ciple, extend this range slightly, we deliberately retain 34 m as a 
conservative upper bound for two reasons. First, beyond this range, 
users themselves find it difficult to visually acquire and keep the 
intended interlocutor in view. Second, in a brief interview study 
(N=9), participants consistently reported that, under everyday con-
ditions, they would not attempt to initiate interaction at or beyond 
34 m. This observation aligns with proxemics-based HCI research: 
engagement willingness drops sharply in the far public zone and 
typically requires additional signifiers or explicit invitation [4, 73]. 

10.3 Amplitude over Time 
Despite some participants using low-amplitude gestures even at 
very long ranges, we observed a reliable self-adaptation: when the 
robot did not respond, all participants amplified their gestures as in 
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Figure 18: Objective Results of Real Robot Experiment. Mean subjective scores with standard error for the three interaction 
methods. Statistical significance is marked based on the Wilcoxon Signed-Rank Test. Note: Scores for NASA-TLX subscales are 
inverted, meaning higher values consistently represent a better user experience across all indicators. Overall, HiSync consistently 
outperforms both baselines across all metrics, demonstrating superior usability and significantly reduced user workload. 

Figure 19: Aggregated subjective scores as a function of dis-
tance. This figure illustrates the average of SUS and NASA-
TLX results. The higher the score, the better the system. 
HiSync maintains a significant (𝑝 < 0.0007) advantage over 
the Remote Controller. Shaded areas denote standard error. 

Figure 20: Applications. (A) Service-robot interactions at a 
mall. (B) Summoning a robotaxi. (C) “Hi and Sync” paradigm. 

Fig. 23. This points to a confidence-contingent, graceful-escalation 
strategy for HRI systems: when recognition confidence drops below 

Figure 21: Illustration of VideoFlow Failure Case. At this 
extreme distance, human movements have become so minute 
that they are obscured by noise. 

a calibrated threshold, the system should deliver cues (e.g., a brief 
LED blink or ring vibration) that explicitly invites the user to repeat 
the command with a larger or more distinctive motion. Such graded 
feedback preserves natural interaction in the default case while 
reducing misrecognition at long range, without requiring users to 
learn a new gesture vocabulary or make burdensome movements 
unless needed. 

10.4 Practical Deployment and Efficiency 
While our work focuses on the specific challenge of Command 
Source Identification (CSI), real-world integration also requires the 
ability of gesture classification, which is already a mature field 
for single IMU systems [18, 64, 70]. Although HiSync processes 
continuous streaming by matching motion energy correlation inde-
pendent of specific gesture classes, running the full visual-inertial 
fusion continuously is computationally redundant for idle periods. 
We therefore advocate for a cascaded processing pipeline where 
HiSync operates as a downstream binding module, triggered only 
after a valid gesture candidate is detected. In this setup, the wearable 
IMU operates in a low-power mode using acceleration thresholds 
or lightweight on-device classifiers to filter background noise and 
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Figure 22: CSI Accuracy vs. IMU Position. While the Palm 
and Wrist provide slightly stronger motion cues than the 
Ring, the system achieves high accuracy (> 93%), validating 
the system’s usability across diverse wearable form factors. 
Error bar denotes standard deviation. 
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Figure 23: Gesture Amplitude vs. Time. Under non-response 
conditions, participants gradually amplify their gesture am-
plitude, suggesting a natural "graceful escalation" strategy 
for interaction recovery. Error bar shows standard deviation. 

establish communicative intent. This strategy leverages the matu-
rity of IMU-based recognition for intent detection while reserving 
HiSync’s spectral capabilities for the distinct task of resolving the 
command source in multi-user environments, thereby balancing 
responsiveness with operational duration. 

10.5 The Necessity of Visual Binding 
Human-robot interaction in long-range scenarios relies heavily 
on localizing the user who issues a command. Commands such 
as “Come here” are semantically incomplete without knowing the 
user’s location. In our setting, users convey intent through IMU-
based gestures, which do not encode positional information, while 
user location is captured separately by the robot’s onboard cameras. 
This separation introduces ambiguity in identifying the command 
source when multiple visual distractors are present. HiSync ad-
dresses this challenge by reframing user localization as an intent 
grounding problem across heterogeneous sensing modalities. By 
synchronizing motion-based intent signals with visual observations, 
HiSync enables the robot to disambiguate command sources and 
attribute commands to a specific user in the environment. 

11 LIMITATIONS and FUTURE WORK 
Limitations. Our study was conducted in semi-controlled corridors 
and atriums with two concurrent participants and only occasional 
passersby; the resulting low crowd density (about 3 people per 
frame) falls short of the congestion and occlusion found in malls 
and airports, limiting ecological validity. The participant pool under-
represents older adults and children, constraining generalizability 
across age groups. Moreover, the current pipeline is sensitive to 
robot ego-motion and often benefits from the platform pausing be-
fore identification, which may restrict responsiveness and practical 
applicability. Finally, we assumed a setup where only the target 
user transmits inertial data to the robot. While this setup allows us 
to validate the system’s ability to spatially localize a known com-
mand source, it does not cover multi-user scenarios where multiple 
IMU-equipped users simultaneously signal to a shared robot (e.g., 
in public spaces where a communal robot is controlled by nearby 
users). Although one could, in principle, run the HiSync procedure 
independently for each IMU stream, we have not yet validated this 
extension experimentally. 

Future Work. Next steps include leveraging on-board multi-
sensor fusion (e.g., robot IMU/odometry/visual-inertial SLAM) to 
compensate ego-motion and sustain CSI while the platform is mov-
ing; extending the approach to capture command-source identifi-
cation from natural, unconstrained, and small-amplitude gestures 
rather than a fixed gesture set and even infer from user intentions 
other than gesture; exploring human-prior-free, pixel-level sync 
to better handle occlusion and relax assumptions about fixed IMU 
placement; conducting systematic evaluations in multi-IMU set-
tings and refining the pipeline to mitigate unforeseen failures that 
emerge during validation; and conducting in-situ deployments in 
high-density venues (e.g., large shopping malls) to assess perfor-
mance, latency, and failure modes under real-world crowding. 

12 CONCLUSION 
We introduced HiSync, an optical-inertial fusion framework for 
Command Source Identification (CSI) that binds “who is command-
ing whom” at long range without voice, markers, or user appear-
ance prior. By matching a wearable IMU’s motion spectrum to 
per-candidate flow spectra from a robot-mounted RGB camera, 
HiSync enables robust hand gesture interactions across embodi-
ments (service robots, drones, quadrupeds) and crowded scenes, ex-
panding interaction range to 34 m. Limitations include low-density 
test sites, constrained demographics, and sensitivity to robot ego-
motion. Future work will (i) fuse on-robot sensors to operate reliably 
while moving, (ii) report camera-agnostic, distance-aware metrics 
tied to human pixel footprint, (iii) broaden to natural micro-gestures, 
and (iv) evaluate in situ in malls and transit hubs. Reframing long-
range summoning as cross-modal matching, HiSync advances far-
range, many-to-many human-robot interaction. 
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A Quantitative Results of Formative Study of 
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Figure 24: Gesture Amplitude Consistency across Distances. 
Data from User 1 illustrates a distance-invariant strategy, 
where the amplitude of gestures does not significantly cor-
relate with the interaction distance. Error bar denotes STD 
over different robots. 
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Figure 25: Gesture Amplitude Scaling across Distances. Data 
from User 2 illustrates a distance-adaptive strategy, where 
the amplitude of gestures positively correlates with the inter-
action distance. Error bar denotes STD over different robots. 

B Spectral Feature. 
B.1 Detailed Spectral Feature Definition 

𝝓 (𝑥 ) = [PSD; Feat] = 
 
PSD, 𝑝, 𝑓 , 𝜅, 𝐻 , Δ𝑓 , SNR, 𝑃avg 

 
. (7) 

• Peak Height (𝑝 ): The maximum magnitude in the power 
spectral density. This metric captures the intensity of the 
dominant rhythmic component, facilitating the matching of 
motion strength between the visual and inertial modalities. 

• Peak Frequency (𝑓 ): The frequency at which the spectral 
peak occurs. It indicates the fundamental tempo of the ges-
ture, serving as the primary cue for synchronizing the speed 
of the user’s hand movement across different sensors. 

• Clarity (𝜅): Defined as the ratio of the peak magnitude to the 
average spectral power. This quantifies the periodicity of the 
signal, effectively distinguishing deliberate, rhythmic com-
mand gestures from irregular or non-periodic background 
noise. 

• Spectral Entropy (𝐻 ): A measure of the concentration of 
spectral energy distribution. Lower entropy corresponds to 
a sharper peak, indicating a "purer" or more focused single-
frequency movement, which helps in filtering out complex 
or chaotic motion artifacts. 

• Frequency Spacing (Δ𝑓 ): The frequency difference be-
tween the two most significant peaks. This characterizes 
the harmonic structure of the motion, acting as a kinematic 
signature to differentiate between users who may be gestur-
ing at similar fundamental speeds but with different motion 
styles. 

• Signal-to-Noise Ratio (SNR): The ratio of the in-band peak 
energy to the estimated residual noise floor. This evaluates 
the signal quality, ensuring that the system prioritizes clean, 
high-confidence motion signals over sensor noise or envi-
ronmental interference. 

• Band-Average Power (𝑃avg): The mean power calculated 
across the passband. This represents the overall energy ex-
penditure of the movement, aiding in the discrimination 
between high-energy (e.g., large arm waves) and low-energy 
(e.g., subtle wrist flicks) gestures. 

B.2 Spectral Feature Ablation Results 

Figure 26: Spectral Feature Ablation Results 

As shown in the Fig. 26, the experimental results demonstrate the 
effectiveness of the Spectral Feature design, with a particularly 
notable performance improvement observed at longer distances. 
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