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Abstract. Freezing of Gait (FoG) is an episodic symptom of Parkinson’s
disease whose clinical value as a monitoring target depends on capturing
when and where it occurs in daily life. We present FoGMap, built around
a single mandatory neck-worn camera-and-IMU device that can be aug-
mented with optional wrist and foot IMUs. A modality-flexible multi-
task network encodes each sensor and the camera’s SLAM-derived neck
pose as one token, fuses them by presence-masked attention, and jointly
outputs frame-wise FoG probability and 3D full-body pose, the latter via
a diffusion decoder. Egocentric localization from the same camera places
detected events on a floor plan. On a joint dataset curated from the
real WearGait-PD and the synthetic CARE-PD, the neck device alone
already detects FoG well, adding sensors improves detection further, and
the diffusion decoder preserves gait motion when sensors are missing.
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1 Introduction

Freezing of Gait (FoG) in Parkinson’s disease (PD) is a paroxysmal interruption
of walking and a leading cause of falls [12]. Because it is triggered by turning,
doorways, narrow passages, or dual-tasking, brief in-clinic observation cannot
capture how it manifests in daily life [9]; the value of FoG monitoring rests on
recovering when and where it occurred in everyday activity, the prerequisite for
interventions such as environmental modification, cueing, and medication timing.

Wearable FoG detection [3, 11, 14], pose estimation from sparse IMUs [6, 10,
16], and egocentric localization [4] are each mature, but each addresses a single
component under a fixed sensor configuration, and FoG detection degrades sub-
stantially outside the laboratory [8,13]. What makes such monitoring deployable
is not accuracy alone but what the patient is willing to wear. We therefore make
a neck-worn camera-and-IMU device (e.g., THINKLET) the only mandatory
element, adding wrist and foot IMUs only when the user accepts them.
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Fig. 1: Overview of FoGMap. (a) A mandatory neck-worn camera-and-IMU device,
optionally augmented with wrist and foot IMUs, so the wearable burden scales to
what the user will wear. (b) The IMUs and the SLAM-derived neck pose are fused by
presence-masked attention, and a shared backbone branches into a FoG detection head
and a diffusion 3D-pose decoder. Egocentric localization from the same camera maps
detected events onto the living space.

We propose FoGMap (Fig. 1), which from an arbitrary subset of these sensors
jointly estimates frame-wise FoG and 3D full-body pose, and maps detected
events onto the living space via egocentric SLAM from the same camera. Pose
matters clinically because a binary flag says only that a freeze occurred, whereas
the recovered motion shows how it manifests (trembling in place, festination,
akinesia). Our contributions are: (1) a curated joint dataset that reconstructs
world-frame SMPL for the real WearGait-PD [2] and adds physical-therapist
FoG labels to the synthetic CARE-PD [1]; (2) a neck-first, modality-flexible
multi-task model that serves any subset of neck, wrist, and foot sensors with
one set of weights; (3) its integration with egocentric localization [4] to map
FoG events onto a floor plan; and (4) a sensor sweep showing that detection
is driven by sensor placement and that a diffusion pose decoder is needed for
robustness to missing sensors.

2 Method

FoGMap takes up to five wearable signals as input and treats each as one to-
ken, so that any subset of them can be fused by the same network. Two signals
come from the mandatory neck-worn device: the neck IMU and the neck pose
(6D rotation, height, and velocities, following EgoEgo [7]), which Map-Mono-
Ego [4] recovers, together with the camera trajectory, by registering the monoc-
ular egocentric video against a pre-acquired point cloud; no raw image enters
the network. The remaining three are optional IMUs at the left wrist and both
feet. Each available signal is encoded by its own MLP with a learnable token
embedding, and presence-masked attention pooling fuses the tokens frame by
frame, treating a missing sensor as an absent token rather than as zero padding;
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sensors are also dropped at random during training so that the model learns to
work with any subset. A bidirectional GRU then turns the fused sequence into
a shared feature over 3 s windows at 100 Hz.

Two heads read this feature. Frame-wise FoG detection is well posed, so a
small deterministic classifier outputs P (FoGt), trained with a focal loss. Pose
from a few IMUs is under-determined and a regression head collapses uncon-
strained joints to a static mean pose, so we solve it generatively with a window-
wise bidirectional DiT diffusion decoder [5, 15] that predicts the 23 non-root
SMPL joint rotations. At our data scale the decoder trains only when its target
is standardized per dimension; SNR loss weighting and ancestral sampling, stan-
dard in prior work, inflate high-frequency jitter and are not used. The network
is trained end-to-end on the sum of both losses, each averaged over a per-task
validity mask so that frames lacking one label still train the other head.

3 Data

WearGait-PD [2] provides real 13-point IMU, plantar-pressure insoles, and frame-
wise FoG labels but no pose; we reconstruct world-frame SMPL from its raw,
uncalibrated IMU by recovering per-sensor yaw in closed form and snapping the
trajectory to the synchronized pressure walkway, yielding pseudo ground truth.
CARE-PD [1] provides mocap-derived SMPL, from which we synthesize virtual
IMUs, but no FoG labels; a licensed physical therapist annotated FoG intervals
from rendered motion. Both use a fixed, FoG-rate-stratified 80/20 split (subject-
wise for CARE-PD; trial-wise for WearGait, whose FoG frames are concentrated
in two subjects). Models are trained on the union of both training splits.

4 Experiments

Table 1 reports the sensor sweep on the CARE-PD test split (unseen sub-
jects, mocap ground truth, diffusion pose head). We report threshold-free AU-
ROC/AUPRC for FoG, since F1 is prevalence-sensitive, and for pose MPJPE
together with the gait-band ratio, the predicted-to-GT amplitude ratio of leg
motion in the 0.5–3 Hz band (1.0 ideal; < 1 means the legs do not swing).

Three findings emerge. (1) Detection is driven by sensor placement: each
added sensor improves AUROC and AUPRC, and the same trend holds on real
WearGait IMU (AUROC .927 → .954) and for a regression pose head or a
detection-only TCN baseline [8]. The freeze-band (3–8 Hz) power ratio between
FoG and non-FoG segments is comparable at the neck (2.09) and the foot (1.95),
so the neck device is an informative FoG sensor in its own right. (2) A regression
pose head attains a lower MPJPE (62.6 mm with all sensors) but a gait-band
ratio of only 0.88; only diffusion keeps leg swing near or above 1.0, which MPJPE
alone cannot capture. (3) When the foot IMUs are dropped at test time, diffusion
preserves leg swing (0.99 vs. 0.72 for regression), so we adopt it for robustness.
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Table 1: Sensor sweep on CARE-PD (diffusion pose head, mixed training, seed means).
Gait ratio: 1.0 is ideal. The last row uses the full model but drops the foot IMUs at
test time without retraining.

FoG detection Pose

Sensors AUROC ↑ AUPRC ↑ MPJPE ↓ gait ratio

neck only .898 .731 81.0 mm 1.05
+ wrist .921 .779 75.9 mm 1.10
+ wrist + feet .943 .818 75.3 mm 1.19

+ wrist + feet (feet dropped) .896 .744 75.0 mm 0.99

For mapping, Map-Mono-Ego on egocentric video rendered from the placed
test motions in a scanned environment recovers the trajectory with a median er-
ror of 1.1 cm, so the neck pose used as conditioning is recoverable at deployment-
relevant accuracy and detected FoG events can be placed on the recovered indoor
trajectory (Fig. 1(b)).

5 Conclusion

FoGMap couples a neck-first, modality-flexible multi-task model with egocentric
localization to record when, where, and how FoG occurs in daily living spaces,
and the sensor sweep gives concrete guidance on the minimum a patient must
wear. Limitations include subject leakage in the WearGait split, pseudo-GT pose
for WearGait, single-annotator FoG labels for CARE-PD, and localization vali-
dated only in a simulated environment. Deploying the intended hardware on PD
patients and validating end-to-end on real recordings is our next step.
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