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Figure 1: (a) IMUCoCo enables pose estimation from atypical locations like the upper arm, upper chest, and ankle. (b) IMUCoCo
allows users to put their IMU sensing devices in different pockets of their clothing for convenience. (c) With IMUCoCo, users
can move the sensors to appropriate locations according to different application requirements (e.g., IMUs in the thigh pockets
to track leg movements during soccer).

Abstract
IMUs are regularly used to sense human motion, recognize activ-
ities, and estimate full-body pose. Users are typically required to
place sensors in predefined locations that are often dictated by
common wearable form factors and the machine learning model’s
training process. Consequently, despite the increasing number of
everyday devices equipped with IMUs, the limited adaptability
has significantly constrained the user experience to only using a
few well-explored device placements (e.g., wrist and ears). In this
paper, we rethink IMU-based motion sensing by acknowledging
that signals can be captured from any point on the human body.
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We introduce IMU over Continuous Coordinates (IMUCoCo), a
novel framework that maps signals from a variable number of IMUs
placed on the body surface into a unified feature space based on
their spatial coordinates. These features can be plugged into down-
stream models for pose estimation and activity recognition. Our
evaluations demonstrate that IMUCoCo supports accurate pose
estimation in a wide range of typical and atypical sensor place-
ments. Overall, IMUCoCo supports significantly more flexible use
of IMUs for motion sensing than the state-of-the-art, allowing users
to place their sensors-laden devices according to their needs and
preferences. The framework also supports the ability to change
device locations depending on the context and suggests placement
depending on the use case.
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1 Introduction
The ubiquity o�ered by IMUs has made them an attractive sen-
sor for sensing human motion and pose [2, 18]. Consumer IMUs
are used for many applications, such as gait analysis using foot-
mounted devices [49], fall risk estimation using a smartphone [16],
hyperactivity monitoring using smartwatches [3], and human pose
estimation using di�erent consumer devices [46, 48].

However, the inherent assumption in these approaches is that
each IMU, while part of a consumer device, is still a specialized
device, worn at speci�c locations. Under this assumption, machine
learning models have to be trained for speci�c devices and place-
ments, which limits their practicality. For example, IMUPoser [28]
inferred 3D body pose using a few common device placements,
such as pants pocket, ear, and wrist. The authors built a model that
adapted to varying availability of devices and worked on consumer
products. However, a user might want to move the same device to
di�erent locations over the course of a day. Current models fail to
adapt when users choose to carry their phone in a jacket pocket,
wear it on an armband while exercising, or mount it on their back
as a posture tracker while seated. For each new location, the ML
models need to be retrained, and that severely limits the �exibility
of any ML model aimed at ubiquitous human motion sensing.

To bridge this gap, we need to reconsider the potential source
of IMU signals for training the models and not remain limited to a
set of key locations, but to any point on the human body's surface.
Figure 2 shows the full-body acceleration of a golf swing captured
by a camera-based motion capture system. Each arrow in the �gure
represents the acceleration vector synthesized at that point. It also
plots the temporal changes in synthesized acceleration for 6 key
points on the user's arm. Signals from devices placed on regions that
move together appear to be kinematically related, with some cases
observed in previous studies [14, 43]. Although sometimes certain
parts of the body can move entirely independently, in many other
situations, these correlations suggest the existence of an underlying
mechanism that connects such signals. Inspired by this observation,
the question arises:Can we create a uni�ed model that can
take the IMU data captured from any point on the human
body surface for human motion sensing?

To achieve this vision, there are several technical challenges that
need to be addressed. First, no existing machine learning architec-
ture for IMU data is designed to process input from all possible
points on the human body surface. Existing approaches rely on
creating separate feature encoders for each location (e.g., [17]) or
training together with multiple inputs (e.g., [28]). Thus, learning a
model for a large number of inputs remains unscalable, especially
when the number of possible input locations is in�nite. Second,

there is no existing dataset that includes data from nearly in�nite
possible IMU locations. To our knowledge, the most comprehensive
IMU-based dataset yet uses 17 real IMUs [15], which is still far
from our goal. Third, a training framework to learn the relationship
between the large number of IMU signals on the body surface and
the underlying human motion has not yet been built.

In this paper, we presentIMUCoCo, a novel approach enabling
IMU placement over �Continuous Coordinates� that maps IMU
signals obtained from di�erent locations on the body into a uni-
�ed feature space de�ned by the spatial coordinates of the sensor.
IMUCoCo models the kinematic relationship between body loca-
tions using a self-supervised learning strategy trained on exten-
sive synthetic IMU signals generated from existing motion capture
datasets [11, 13, 15, 24, 26, 29, 31]. To address the scalability chal-
lenge, IMUCoCo learns to align IMU signals placed �exibly on the
body's surface with a constant number of human joint movements.
The uni�ed mechanism for modeling body motion is driven by the
insight that signals across the body surface are in�uenced by the
shared kinematic structure connected by the joints of the human
body, thus leading to a model of the body motion regardless of the
number of input signals and does not need to be retrained when
placements change.

To demonstrate the performance of our system, we conducted a
series of evaluations. In Evaluation #1, we collected a custom dataset
for IMU data at atypical locations on a user's body and ground truth
recorded using camera-based motion capture. We demonstrated that
our approach generalizes well to all atypical locations that are not
covered by prior approaches. In Evaluation #2, we showed that for
typical locations, our approach achieves competitive performance
compared to the existing work [46, 51� 53]. Finally, we demonstrate
IMUCoCo's utility in supporting di�erent usage scenarios ranging
from allowing users to use atypical device placements, the ability to
change device locations depending on the context, and suggesting
placement based on the use case. Thus, IMUCoCo provides a human
motion sensing model that allows users to wear their devices as they
need or prefer. It also supports users in tracking their bodies for
speci�c applications by allowing them to move devices as needed.

2 Related Work
Our research builds on existing studies that utilize on-body IMUs for
human motion sensing. In this section, we provide a brief overview
of these e�orts. We also surveyed recent advances in other on-body
sensors that might augment IMUs for motion sensing in the future.

2.1 Body Pose Tracking from IMUs
Inside-out full-body pose tracking from sparse sensor sets has
been intensively studied using di�erent sensing modalities, such
as vision [2, 18, 37], RFID [19], pressure [10], acoustic [25], and
electromagnetic-�eld [5, 45]. Among these, IMU-based solutions
are often more deployable, as they are present on many consumer
devices. These solutions learn the mapping between the IMU signals
from designated locations on the body to the body pose parameters,
which is often represented as the SMPL model [23]. For instance,
Sparse Inertial Poser [42] and Deep Inertial Poser [15] are pose
tracking systems with 6-17 on-body IMUs. Several other works
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Figure 2: Synthesized acceleration signals across the body surface from a person swinging a golf club from T=0.0s to T=1.5s. The
direction and magnitude of acceleration are visualized as arrows (Left Figure). The acceleration selected from 6 �devices� on
the right arm from hand to shoulder is plotted (Right Figure), corresponding to the six devices on the avatar's right arm. The
magnitude and timing of the peak in the acceleration signal at each location are di�erent. IMUCoCo models such di�erences
and supports placement and movement of the IMU to di�erent points on the body to give the user �exibility.

have been proposed to improve the accuracy of these pose track-
ing systems [51� 53, 57]. Researchers have also explored ways for
more practical device placements; for example, IMUPoser [28] and
MobilePoser [48] support di�erent combinations of commercial
devices, including earbuds, phones, and watches.

Although current systems achieve high accuracy in pose esti-
mation, they rely on placing IMUs on prede�ned body parts. This
rigidity restricts adaptability, particularly when encountering place-
ments not represented in the training data. For example, what if a
user prefers to wear an anklet instead of a watch? While recent ap-
proaches such as Di�usionPoser [46] attempt to generalize by using
di�usion models to infer missing sensor data, they are still con-
�ned to 13 predetermined sensor locations. Consequently, sensor
placements outside these prede�ned points remain unsupported.
Additionally, the computationally intensive multi-step di�usion
process signi�cantly hampers real-time deployment on resource-
limited devices. Crucially, existing research overlooks opportunities
to explore the vast and continuous space of the human body for
sensor placement, potentially missing con�gurations that could

yield superior accuracy and usability. In this paper, we explore this
opportunity and demonstrate its bene�ts.

2.2 Physical Activity Recognition from IMUs
Body motion data can also enable human activity recognition [4, 6]
and exercise tracking [40, 47]. Several datasets have been developed
that collect sensor data from diverse devices such as smartphones
and smartwatches during various daily physical activities, including
walking and climbing stairs [8, 21, 35]. Using these datasets, numer-
ous machine learning-based approaches have emerged [7, 34, 56].
For example, Mülleret al.[30] developed a method speci�cally for
exercise tracking using IMUs placed on the wrists and ankles. Ad-
ditionally, Kwon et al.[22] introduced a technique for synthesizing
IMU data from videos, allowing more �exible activity recognition.

However, these methods continue to follow the �xed-placement
approach previously discussed in body pose tracking research, re-
lying on a predetermined set of IMU locations. To overcome this
limitation, some studies have investigated location-invariant meth-
ods. Reyet al.[36] proposed a method to transfer sensor data across
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