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Abstract. Smart healthcare monitoring systems require precise action
recognition to ensure well-being and timely intervention in critical situ-
ations such as falls, particularly for mobility-challenged individuals. Ex-
isting datasets are often clip-based, lacking the frame-level detail needed
to recognize actions online, as they unfold. To address this, we intro-
duce SAFER-Activities, a dataset for fall detection and physical activity
monitoring, with a dedicated subset for wheelchair use scenarios. It com-
prises over 66 hours of video data captured by multiple cameras, with
85,310 action instances and frame-level annotations for 30 action classes.
We benchmark action recognition on SAFER-Activities with 2D and 3D
skeleton models, RGB models with frozen backbones, and multimodal
fusion strategies, and evaluate on in-lab, out-of-distribution, and cross-
dataset test sets. Skeleton-based models generalize best under domain
shift; fusing frozen RGB features with the skeleton stream improves
in-domain recognition over the baseline CNN1D, most clearly on the
wheelchair subset, but degrades out of distribution. Cross-dataset and
qualitative evaluations confirm that models trained on SAFER-Activities
transfer well to unseen environments and external fall data. To support
research on robust fall detection and activity monitoring, we release the
dataset and code at https://safer-activities.github.io/.

Keywords: Action Recognition · Fall Detection · Skeleton-based Action
Recognition · Wheelchair · Human Pose Estimation · Dataset

1 Introduction

Smart healthcare monitoring systems should be designed to analyze activities of
daily living (ADL), ensuring that people maintain an adequate level of physical
activity [7]. They should also enable timely intervention in critical situations
like falls, which are a leading cause of injury-related hospitalizations [48]. Most
smart healthcare monitoring systems are based on wearable sensors or cam-
eras [4]. Wearable sensors can be uncomfortable for some users, and cognitively
impaired individuals often forget to wear them [19]. Camera-based human action
recognition (HAR) systems are effective complementary or standalone solutions.
⋆ Work done while at the Asian Institute of Technology.
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Fig. 1: Predictions from a 2D skeleton-based model trained on SAFER-Activities,
evaluated on unseen in-lab test data (left) and a real-world fall example (right).

HAR is a central task in video understanding, with comprehensive datasets
contributing to its progress in the last decade [22, 41]. Various features, includ-
ing RGB [8, 45, 47], optical flow [8, 44], and human skeletons [16, 28, 50], have
been explored for HAR. Skeleton-based methods offer concise representations of
body movements that are robust to background clutter and lighting changes [16].
However, they discard scene context and can become unreliable when pose esti-
mation is degraded by occlusion or unusual viewpoints [23]. RGB-based methods
capture richer semantic information, including scene context and object interac-
tions, but are more susceptible to domain shift, as appearance features learned
from one environment often fail to transfer to new settings [46]. Combining both
modalities is therefore an appealing direction [26].

HAR for smart healthcare monitoring requires datasets with long, untrimmed
videos and precise frame-level annotations [27] rather than the short, coarsely
labeled clips typical of large-scale activity recognition benchmarks [22,41]. These
datasets must include a broad range of routine activities, such as walking and
exercising, to enable physical activity monitoring, as well as actions resembling
falls, such as lying down on a sofa, to reliably distinguish them from actual falls.
They should also include evaluation data from unseen subjects and environments
to verify that trained models generalize beyond the controlled training domain.
While prior fall detection datasets [4, 9] feature realistic falls designed to mimic
real-world scenarios, they are limited by a small number of fall instances and
lack comprehensive labeling of routine and fall-like events.

Another gap in the activity recognition resources currently available lies in
the unavailability of datasets containing wheelchair users. This group is partic-
ularly vulnerable and would greatly benefit from physical activity monitoring.
Prolonged wheelchair use, especially propelling and lifting, can cause shoulder
damage [13]. Wheelchair users also face heightened risks of falls during trans-
fers [42]. Insufficient physical activity by some wheelchair users puts them at risk
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of chronic diseases [5], hypertension, hyperlipidemia, and diabetes [38]. There-
fore, developing robust activity recognition systems for this population is crucial
for promoting their health, safety, and overall well-being.

To address these issues, we introduce SAFER-Activities: a large-scale dataset
for fall detection and activity monitoring, with over 66 hours of video data from
46 participants, with frame-level annotations for 85,310 action instances across
30 classes, including 5,406 fall instances alongside routine and closely related
actions, such as lying down and sitting. The dataset includes a subset focused on
wheelchair use and a separate non-lab test set recorded in a home environment
to evaluate real-world generalization. We also provide a complementary pose
estimation dataset of 6,846 images and 8,324 human instances to benchmark
pose estimation methods for people seated in wheelchairs.

We benchmark SAFER-Activities with a set of methods spanning 2D and
3D skeleton-based models, RGB-based models using pretrained frozen visual
backbones, and multimodal fusion. Our evaluation covers in-lab, non-lab, and
wheelchair test sets, as well as cross-dataset generalization on an external fall
detection dataset. We find that while skeleton-based methods offer the strongest
out-of-distribution generalization, multimodal fusion improves in-distribution
performance but introduces challenges under domain shift, highlighting SAFER-
Activities as a valuable testbed for robust action recognition and fall detection
research. Models trained on SAFER-Activities effectively detect falls in unseen
real-world scenarios (Fig. 1). Our contributions are as follows:

– We introduce SAFER-Activities, a large-scale dataset with dense frame-level
annotations for falls and routine activities, multi-camera viewpoints, and a
dedicated subset with wheelchair use scenarios, serving as a comprehensive
benchmark for action recognition and fall detection.

– We provide extensive benchmarks spanning 2D pose, 3D pose via monocu-
lar lifting, frozen RGB-based pretrained backbones, and multimodal fusion
methods across in-lab, out-of-distribution, and wheelchair evaluation splits.

– We include a non-lab test set recorded in a home environment with un-
seen participants and viewpoints, and perform cross-dataset evaluation on
an external fall detection dataset.

– We release a complementary dataset to benchmark human pose estimation
methods during wheelchair use.

2 Related Work

2.1 Fall Detection Datasets

Several small-scale datasets exist for vision-based fall detection (Tab. 1). Guer-
rero et al . [20] collect 50 fall instances from 10 participants in an uncontrolled
environment with varying lighting, but label only fall versus non-fall. The ImViA
dataset [9] features 222 videos with 143 fall instances across four realistic indoor
settings; however, only fall boundaries are annotated. Martínez et al . [32] present
UP-Fall, a multimodal dataset combining cameras with wearable and ambient
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Table 1: Comparison of vision-based fall detection datasets. # Subj.: number of sub-
jects. Age: age range of subjects. # Classes: total number of labeled activity categories
(2 indicates fall/non-fall labels only). # Falls: total fall instances across all camera
views. # ADL Inst.: total labeled non-fall activity instances (✗ if ADL are not indi-
vidually labeled). # WC Falls: wheelchair fall instances (✗ if not included). # Hours:
total duration of video data. N/A: not available. Only Auvinet et al . [3] and SAFER-
Activities provide frame-level annotations for all activity classes.

Source # Subj. Age # Classes # Falls # ADL Inst. # WC Falls # Hours

Guerrero et al . [20] 10 23–40 2 50 ✗ ✗ <1
Charfi et al . [9] 9 N/A 2 143 ✗ ✗ <1
Martínez et al . [32] 17 18–24 11 255 306 ✗ ∼ 9.4
Auvinet et al . [3] 1 N/A 9 200 1120 ✗ ∼ 10.6
Baldewijns et al . [4] 10 N/A 2 275 ✗ 20 ∼ 41.4

SAFER-Activities 46 18–58 30 5,406 79,904 840 >66

sensors, providing clip-level annotations for 11 activity classes across 17 par-
ticipants, all young adults aged 18–24. Auvinet et al . [3] provide 24 scenarios
captured by eight cameras with frame-level labels for 9 activity categories and
1,120 ADL instances, but feature only a single participant. Baldewijns et al . [4]
re-enact actual nursing-home falls across 72 scenarios from five camera angles,
including 20 wheelchair fall instances, and emphasize realism with longer videos
containing post-fall activities, but do not provide ADL labels.

Relative to prior vision-based fall-detection datasets, SAFER-Activities pro-
vides substantially more fall instances (5,406), frame-level annotations for 30
activity classes, and recordings from 46 adult participants spanning a broader
age range (18–58). It also includes diverse routine and fall-like activities that
cover typical scenarios encountered in realistic environments. Among the com-
pared datasets, the ImViA dataset [9] is particularly suited for evaluating cross-
dataset generalization, as it features a realistic home environment with variable
lighting and precise fall boundary annotations. We use it for cross-dataset eval-
uation (see Tab. 6).

2.2 Camera-Based Human Action Recognition

Camera-based HAR commonly relies on RGB, skeleton, or multimodal repre-
sentations. RGB methods capture appearance, scene context, and object inter-
actions, ranging from temporal segment networks [47] and two-stream archi-
tectures [44] to 3D CNNs [18] and video transformers [2]. Recent pretrained
models such as VideoMAE [45], CLIP [39], and DINOv3 [43] provide strong
visual representations for image and video understanding. Skeleton-based meth-
ods instead operate on body joint coordinates, making them less sensitive to
background and appearance changes, though dependent on pose quality. Graph-
based models such as ST-GCN [50], MS-G3D [28], and DG-STGCN [14], as
well as heatmap-based models such as PoseC3D [16], have shown strong perfor-



SAFER-Activities Dataset 5

mance. 2D-to-3D lifting methods such as MotionAGFormer [33] further enable
3D skeleton recognition from monocular video.

Multimodal fusion methods combine complementary cues from RGB and
skeleton streams. Simple approaches include feature concatenation and late score
fusion [53], while more advanced methods balance modality learning through
gradient modulation [37], input-quality weighting [51], modality dropout [34], or
multi-modality co-learning [26]. However, robustness under domain shift remains
a key challenge for both RGB-based models and fusion methods.

We evaluate these approaches on SAFER-Activities, which is comparable
in scale to established HAR benchmarks such as NTU RGB+D [41] (56,880
instances, 40 subjects), PKU-MMD [25] (21,545 instances, 66 subjects), and
Epic-Kitchens-100 [12] (89,977 instances, 37 subjects). It additionally features
frame-level annotations, untrimmed multi-camera recordings, and dedicated in-
distribution and out-of-distribution evaluation splits. Accordingly, our bench-
mark spans models ranging from a lightweight 1D CNN baseline to state-of-the-
art skeleton architectures, paired with widely adopted pretrained RGB back-
bones used as frozen feature extractors.

2.3 Human Pose Estimation

The primary benchmarks for human pose estimation (HPE) include the MS
COCO Keypoint Detection [24] and MPII Human Pose [1] datasets, which con-
tain about 200,000 images (COCO) and 25,000 images (MPII) for pose esti-
mation. The OCHuman dataset [52] aims to tackle the challenge of occlusion,
with a collection of 5,081 images featuring heavily occluded humans. Likewise,
the CrowdPose dataset [23] comprises about 20,000 images of humans in highly
crowded scenes. SAFER-Activities features a specialized HPE data subset tar-
geting people in wheelchairs, designed to benchmark HPE models’ effectiveness
in estimating their poses from diverse camera angles under occlusion.

3 Dataset

SAFER-Activities contains a collection of videos with frame-level annotations,
tailored for action recognition and smart monitoring of people. It features a
separate subset focusing on people in wheelchairs for action recognition and pose
estimation. We describe the data collection methods, annotation procedures, and
key statistics in this section; supplementary material provides additional details
on the annotation tool, full action class definitions and illustrations, the visual
feature extraction pipeline, and wheelchair pose estimation benchmarks.

3.1 Frame-level Labels

We define frame-level labels as those that precisely mark the start and end of
an action amidst a sequence of actions. Frame-level labels allow models to ex-
ploit temporal dependencies between actions. Take, for instance, a classification
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(a) Camera setup (b) Example fall sequence

(c) Sample views and actions from in-lab non-wheelchair (left), wheelchair (center), and non-lab
(right) subsets

Fig. 2: Room setup and sample actions

model M1 tasked with predicting an action At = M1(Ft−i, . . . , Ft, . . . , Ft+k) at a
given time t, within a window spanning frames Ft−i, . . . , Ft, . . . , Ft+k, (i, k ≥ 0).
Through such labeling and the use of untrimmed videos, not all frames in a given
window are required to represent the same action, enabling the model to cap-
ture information from adjacent actions. Frame-level labels make it more feasible
to train models for online action recognition, predicting current actions as they
unfold using the temporal context provided by surrounding frames.

3.2 Dataset Construction

We performed data collection in four stages, each designed to capture a range
of actions, from basic actions such as sitting, pointing, and clapping to critical
actions such as falls. The second stage focused on the wheelchair subset, while
the first, third, and fourth stages covered activities without wheelchairs. The
setup for data collection for the first three stages featured a room with eight
fixed high-resolution CCTV cameras aimed toward the center from different
directions. We refer to these as the in-lab subsets. Stage 1 data were recorded at
25 fps with a resolution of 2688×1520, whereas for Stages 2, 3, and 4, we increased
the resolution to 3072 × 2048. The fourth set (non-lab subset) was exclusively
collected in an external home environment with a similar setup but using six
cameras instead of eight. Upon entry to the room, participants performed a
sequence of predefined activities, guided by audio instructions from a playback
device. Figure 2a illustrates the setup of the cameras and room arrangement.
Figure 2 provides some example actions and views taken from the dataset.

Ethics and Privacy. This study was approved by the research ethics review
committee at the Asian Institute of Technology (Ref. No.: RERC 2022/011).
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Participants reviewed and signed an informed consent form for their images to
be publicly shared for research purposes prior to the data collection. They are
free to ask for the removal of their personally identifiable information (face).

Data Annotation. To ensure precise action recognition, we developed an anno-
tation tool to mark the start and end of each action in a video. The annotator
was provided with a set of predefined labels to cover the expected actions and
instructed to decide when each action starts and ends by watching the video
closely, going back and forth if necessary to be certain. For example, a “fall”
usually starts after a “stand” or “unstable” action when someone begins to fall,
but the annotator must check the subsequent few seconds of the video to ensure
that the action is a true fall. Once the person is on the ground, the “fall” action
ends, and the “lie down” action begins. Following standard practice in temporally
dense activity annotation [25], each video was labeled in its entirety by a single
annotator to ensure temporal consistency across action boundaries, but inde-
pendently verified by a second annotator who reviewed the labels and flagged
any inconsistencies. Both annotators are computer science M.S. graduates work-
ing as researchers. To quantify reliability, this second annotator additionally
re-annotated approximately 5% of the recordings from scratch, covering all ac-
tion classes. Frame-level inter-annotator agreement reached a Cohen’s κ of 0.89
(0.87 fall/non-fall, 0.87 non-wheelchair, 0.91 wheelchair), with a boundary F1 of
0.86 at a 500 ms tolerance and a median boundary deviation of 145 ms.

Actions. The final lists of actions we used for model training and analysis are
provided in Fig. 4. In our experiments, we generalized common actions to focus
the model on more precise fall detection and actions related to physical activ-
ity monitoring. For instance, various sitting actions such as clapping, checking
the time, making phone calls, waving, and pointing are merged into a single
“sit activity” macro action. This results in 30 unique actions across both non-
wheelchair and wheelchair subsets, down to 15 each from the original 25 and 37,
respectively. Descriptions for all the original actions, as well as the illustrations
for the generalized macro actions are included in the supplement.

Pose Skeletons and Bounding Boxes. For skeleton-based action recognition, we
extract the 2D poses used for training models, following the top-down approach
with YOLOv8x [21] as the detector and the ViTPose-h-multi variant of ViT-
Pose [49] as the pose estimator. The pose data are stored following the MMAc-
tion2 format [11]. We additionally provide 3D pose sequences obtained by lifting
the detected 2D keypoints using a pretrained MotionAGFormer [33] network.

Visual Features. To complement the skeleton data, we extract visual features
from person-centric crops using three frozen backbones: VideoMAE [45] for spa-
tiotemporal features and CLIP [39] and DINOv3 [43] for frame-level features.
Crops are obtained by tracking person bounding boxes across frames and resiz-
ing to 640× 480. Features are extracted per-video and temporally aligned with
the skeleton sequences to enable direct comparison and multimodal fusion.
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Fig. 3: Sample images from the wheelchair keypoints dataset. It contains annotations
of people in wheelchairs from various angles and includes highly occluded scenes.
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Fig. 4: Class statistics for the non-wheelchair (left) and wheelchair (right) subsets.

Wheelchair Keypoint Estimation. SAFER-Activities includes a complementary
pose estimation dataset derived from the wheelchair video data (Fig. 3). It fea-
tures 6,846 images containing 8,324 manually-annotated human instances. We
used the COCO Annotator tool [6] to label person bounding boxes and keypoints.
While we have not used this data to fine-tune any models, we do provide the
performance of popular HPE methods on this subset. Future work could exploit
these annotations to further improve the best keypoint detection models.

3.3 Statistics

SAFER-Activities comprises over 66 hours of labeled video data, with about 15
hours from the wheelchair subset. The data feature a diverse group of 46 partic-
ipants. This includes 29 male and 17 female individuals, with an average age of
approximately 31 years, ranging from 18 to 58. Figure 4 shows the total number
of action instances and average action duration. “Camera × Instances” refers to
the aggregation of multiple views, resulting in multiples of action instances.

Dataset Split Following Shahroudy et al . [41], we split both datasets by sub-
ject and camera view. The non-wheelchair dataset (467 videos) was divided
into training/testing sets of 371/96 (subject-wise) and 350/117 (view-wise). The
wheelchair dataset (142 videos) was split into training/testing sets of 96/46
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(subject-wise) and 104/38 (view-wise). Additionally, 30 non-lab test videos from
5 participants were recorded in a home environment with different lighting con-
ditions, camera viewpoints, and scenes with partial occlusion, none of which
appear in the training data. This split serves as an out-of-distribution (OOD)
evaluation to assess generalization beyond the controlled lab setting.

4 Experiments

We evaluate action recognition on SAFER-Activities using 2D and 3D skeleton
models, frozen RGB-only models, and fusion approaches. Results are reported on
the in-lab non-wheelchair, non-lab (OOD), and wheelchair test sets; subsequent
tables label these splits as In-Lab, Non-Lab, and Wheelchair, respectively. We
additionally perform cross-dataset evaluation on an external dataset and also
analyze the effect of fusion strategies and the temporal context window size.

4.1 Experimental Setup

All models operate on the skeleton and visual features described in Sec. 3.2. We
use the subject-wise splits and report macro-averaged and per-class F1-scores.
We additionally report segment-level F1 at IoU thresholds in the supplement.

Input and label assignment. Following Duan et al . [16], a sliding window extracts
48-frame sequences from each video. During training, a sub-clip is randomly
sampled every 20 frames; at test time, a dense sliding window covers the full
video. Labels are assigned by majority vote over five frames centered on the
window midpoint. The visual branch of frozen RGB and fusion models uses 16
frames, uniformly subsampled from the same 48-frame window.

Training protocol. For skeleton-based recognition, we evaluate a lightweight
1D CNN (CNN1D) on normalized joint coordinates, ST-GCN++ [15] and MS-
G3D [28] on both 2D and lifted 3D poses, PoseC3D [16] on 2D, and DG-
STGCN [14] on 3D. For RGB-only models, each frozen visual backbone is paired
with a linear classifier; CLIP [39] and DINOv3 [43] features are temporally mean-
pooled across frames, similar to Oquab et al . [36], while VideoMAE [45] directly
produces a single clip-level representation. Multimodal fusion combines each vi-
sual backbone with the CNN1D skeleton stream via feature concatenation, keep-
ing the skeleton branch fixed for a controlled comparison across fusion variants.
The PYSKL framework [15] trains all GCN-based and PoseC3D skeleton models
with SGD and cosine annealing [30], following the default PYSKL configurations,
while RGB-only and fusion models use AdamW [31] with cosine annealing. Ad-
ditional details for each model can be found in the training configuration files.

4.2 Baseline Results

Tables 2 and 3 report per-class F1-scores across all modalities and test sets. On
the in-lab splits, 2D skeleton models achieve the highest overall scores, with MS-
G3D reaching 87.2% on the non-wheelchair subset and 77.5% on the wheelchair
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Table 2: Per-class F1 scores (%) on the non-wheelchair test sets. Top: in-lab, bottom:
non-lab (OOD). Bold = best per column within each subset; underline = second best.

Model GU W B S SA U ST F LD SIA SD LDN R RN J Avg

In-Lab Test Set

2D

CNN1D 88.7 94.1 84.5 83.8 96.7 71.8 87.5 92.3 93.4 91.3 79.5 56.9 70.3 70.9 94.9 83.8
ST-GCN++ 89.4 95.0 85.6 87.7 97.3 70.8 86.5 92.9 94.1 93.7 85.0 62.5 79.8 87.2 96.9 86.9
PoseC3D 88.8 95.5 86.0 86.5 97.9 71.7 88.4 93.6 93.9 93.4 84.0 62.4 78.1 80.1 98.3 86.6
MS-G3D 89.1 95.2 86.8 89.0 97.8 74.1 87.6 92.7 94.1 95.1 84.7 61.2 78.6 88.9 93.4 87.2

3D

ST-GCN++ 88.8 94.0 84.3 83.0 97.0 48.6 87.3 91.8 94.1 90.6 80.6 68.9 67.7 80.4 82.9 82.7
DG-STGCN 89.0 92.9 83.4 82.5 96.8 74.8 86.3 92.7 88.6 89.9 80.5 66.7 43.1 80.5 82.9 82.1
MS-G3D 89.8 94.9 87.3 83.1 97.4 74.5 88.7 92.4 93.8 91.5 83.4 69.3 72.9 81.4 91.1 86.1

R
G

B

CLIP 65.3 91.5 79.2 79.7 94.6 33.9 79.6 84.9 91.1 93.5 40.2 16.6 65.2 63.9 80.3 70.6
DINOv3 69.9 92.9 81.5 78.3 94.0 35.9 78.9 87.8 91.8 90.2 47.6 19.6 72.1 61.8 79.7 72.1
VideoMAE 80.2 94.9 81.2 79.1 95.5 61.9 84.2 89.5 91.6 92.6 62.4 51.2 78.1 69.3 93.6 80.3

F
us

e

CLIP 86.4 94.2 87.1 86.6 97.3 71.6 89.0 90.9 93.9 94.8 79.3 57.5 83.9 66.4 96.3 85.0
DINOv3 87.8 95.9 88.4 85.7 97.7 73.0 90.8 92.3 94.7 93.4 82.4 59.0 81.9 65.7 95.0 85.6
VideoMAE 88.6 95.0 88.1 87.9 97.4 70.9 89.7 92.4 94.1 94.7 81.4 56.0 85.9 69.7 95.1 85.8

Non-Lab Test Set (OOD)

2D

CNN1D 89.8 91.5 72.6 70.7 78.6 41.1 72.9 71.2 92.9 73.0 83.8 65.7 31.7 83.2 88.4 73.8
ST-GCN++ 92.1 93.0 75.7 75.6 81.6 43.1 73.4 80.5 94.7 74.6 87.5 67.3 26.6 90.6 94.8 76.7
PoseC3D 91.1 93.8 76.8 75.0 84.6 45.5 77.5 79.3 94.6 85.6 87.6 60.5 48.1 92.9 96.5 79.3
MS-G3D 90.9 93.7 72.2 73.7 83.9 41.1 75.1 80.1 93.2 77.9 88.5 70.1 37.7 91.7 95.8 77.7

3D

ST-GCN++ 90.2 91.6 71.7 70.7 71.2 38.7 65.4 74.3 91.9 77.7 80.6 62.4 16.5 86.5 84.5 71.6
DG-STGCN 90.7 90.0 67.6 71.3 74.3 38.2 67.6 78.1 92.9 75.3 81.2 70.2 32.0 79.2 79.9 72.6
MS-G3D 92.2 92.2 73.2 70.9 75.5 44.4 69.5 80.3 92.5 72.7 85.4 60.5 51.9 85.3 83.8 75.3

R
G

B

CLIP 46.9 72.7 29.3 53.1 69.3 0.0 39.6 9.9 84.3 69.7 17.8 11.9 0.0 28.7 0.0 35.6
DINOv3 24.0 24.5 27.0 46.6 22.4 0.0 42.1 0.0 81.7 68.5 7.6 11.0 0.0 0.2 1.2 23.8
VideoMAE 69.7 79.2 26.0 55.9 68.8 37.4 56.0 49.0 84.7 69.3 39.5 17.1 22.8 25.4 30.4 48.7

F
us

e

CLIP 81.7 81.7 51.7 58.9 76.5 15.5 59.2 58.8 89.9 72.6 59.8 54.7 3.3 19.8 0.0 52.3
DINOv3 70.4 67.5 43.3 50.3 11.8 13.3 59.9 47.5 87.1 3.2 14.9 23.9 0.0 0.0 0.0 32.9
VideoMAE 80.0 82.5 50.3 56.4 70.6 25.1 54.9 66.2 87.1 66.8 59.9 35.9 0.5 57.9 23.0 54.5

2D/3D = skeleton input (3D via MotionAGFormer [33] lifting), RGB = frozen pretrained features,
Fuse = visual backbone + CNN1D feature concatenation; GU = Getting Up, W = Walk, B = Bend,
S = Sit, SA = Standing Activity, U = Unstable, ST = Stand, F = Fall, LD = Lie Down, SIA =
Sitting Activity, SD = Sitting Down, LDN = Lying Down, R = Reach, RN = Run, J = Jump.

subset. 3D pose models are competitive but slightly behind their 2D counter-
parts. The frozen RGB-only models lag substantially: VideoMAE is the strongest
at 80.3% and 71.4%, while CLIP and DINOv3 trail further. Fusion is competitive
with skeleton models in-lab (up to 85.8% non-wheelchair) and achieves the best
wheelchair results, with DINOv3 and VideoMAE fusion both reaching 78.6%.
Notably, all modalities detect falls reliably in controlled settings.

The non-lab results reveal a stark modality gap. Frozen RGB features col-
lapse under domain shift: DINOv3 drops from 72.1% to 23.8%, CLIP from
70.6% to 35.6%, and VideoMAE from 80.3% to 48.7%. Skeleton models prove
far more robust, with the best 2D score declining from 87.2% to 79.3%. Feature-
concatenation fusion inherits the RGB weakness and falls below skeleton-only
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Table 3: Per-class F1 scores (%) on the wheelchair test set. Bold = best per column;
underline = second best.

Model S GU PP PT TR F LD SD PR B SIA LDN ST GP E Avg

2D

CNN1D 86.1 77.3 56.5 65.6 55.2 76.7 89.1 70.9 86.2 67.5 70.3 41.9 29.1 67.0 83.1 68.2
ST-GCN++ 89.8 80.3 66.9 64.1 61.5 81.2 91.2 71.2 93.7 69.3 71.3 49.7 16.1 87.9 84.9 71.9
PoseC3D 90.3 81.2 69.9 70.2 62.4 87.0 90.1 71.3 94.6 74.8 81.3 61.2 20.4 90.1 92.8 75.8
MS-G3D 90.3 82.5 77.9 69.6 63.4 86.7 91.7 74.9 94.4 74.6 80.0 67.1 29.8 88.4 90.7 77.5

3D

ST-GCN++ 87.7 80.1 70.1 68.8 63.9 81.8 92.5 70.5 87.1 73.7 51.3 55.3 22.8 92.3 87.6 72.4
DG-STGCN 87.9 80.2 68.9 69.6 62.8 80.5 92.1 71.8 88.9 77.5 70.1 57.6 31.8 91.9 84.8 74.4
MS-G3D 87.8 80.1 68.6 68.3 63.9 81.9 73.4 74.8 87.8 74.7 71.8 64.0 32.3 92.1 88.3 74.0

R
G

B

CLIP 86.9 48.9 65.3 41.2 30.1 41.3 89.9 44.4 86.8 62.4 66.9 29.7 25.4 95.6 88.2 60.2
DINOv3 87.7 51.5 58.2 53.6 55.8 59.5 91.0 44.3 90.1 64.0 61.4 28.6 36.5 95.9 91.1 64.6
VideoMAE 89.6 68.4 77.6 55.7 60.6 78.0 90.8 53.7 96.1 74.4 78.5 35.4 21.8 99.4 91.4 71.4

F
us

e

CLIP 89.4 79.6 69.1 63.9 62.2 80.3 94.1 72.3 88.9 73.2 76.7 55.2 37.3 93.9 90.4 75.1
DINOv3 91.4 80.0 72.5 72.4 67.7 80.4 94.1 69.6 92.6 82.7 76.0 58.4 50.7 94.5 95.4 78.6
VideoMAE 92.2 82.1 80.5 69.5 66.6 80.3 94.9 74.0 95.9 83.9 81.4 50.3 38.5 99.3 90.4 78.6

2D/3D = skeleton input (3D via MotionAGFormer [33] lifting), RGB = frozen pretrained fea-
tures, Fuse = visual backbone + CNN1D feature concatenation; S = Sit, GU = Getting Up, PP
= Pick/Place, PT = Prepare Transfer, TR = Transfer, F = Fall, LD = Lie Down, SD = Sitting
Down, PR = Propel, B = Bend, SIA = Sitting Activity, LDN = Lying Down, ST = Stand, GP =
Get Propelled, E = Exercise.

performance. The disparity is most severe for fall detection: RGB models nearly
fail entirely (DINOv3 0.0% F1, CLIP 9.9%), whereas skeleton models maintain
70–80% F1.

Several classes remain challenging across all models. “Unstable” is consis-
tently the hardest (best in-lab: 74.8%, best OOD: 45.5%), likely due to its short
average duration and motion patterns that overlap with other actions. “Lying
Down” and “Reach” also degrade sharply under domain shift, the latter possi-
bly confused with “Bend” across viewpoints. The gap between the lightweight
CNN1D and state-of-the-art models widens in these harder settings, indicating
that more expressive architectures better capture the fine-grained temporal and
spatial cues needed for robust recognition. These findings point to three open
challenges for future work: improving OOD robustness, fusion strategies that do
not inherit the visual domain gap, and disambiguating visually similar actions.

4.3 Additional Experiments

Fusion strategies. Section 4.2 showed that feature concatenation inherits the
frozen RGB domain-shift weakness. Table 4 compares alternative fusion strate-
gies introduced to mitigate issues in modality fusion across all three visual back-
bones. ModDrop [34] is the most effective, substantially recovering non-lab per-
formance: VideoMAE improves from 54.5% to 67.3%, DINOv3 from 32.9% to
59.6%, and CLIP from 52.3% to 61.9%. QMF [51] and OGM-GE [37] do not
consistently improve over concatenation. MMCL [26], which discards RGB at
inference and uses only skeleton, does not improve non-lab performance over the
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Table 4: Macro F1 (%) for fusion strate-
gies pairing each visual backbone with CNN1D
skeleton features. Dropout = ModDrop [34];
MMCL [26] uses skeleton only at inference.
Bold = best, underline = second best.

Backbone In-Lab Non-Lab Wheelchair

CNN1D (skel. only) 83.8 73.8 68.2

C
o
n
ca

t DINOv3 85.6 32.9 78.6
CLIP 85.0 52.3 75.1
VideoMAE 85.8 54.5 78.6

D
ro

p
o
u
t DINOv3 85.4 59.6 75.4

CLIP 85.4 61.9 74.3
VideoMAE 86.3 67.3 76.3

Q
M

F DINOv3 85.6 32.5 76.6
CLIP 85.5 52.6 75.2
VideoMAE 86.2 52.4 78.1

O
G

M
G

E DINOv3 85.5 29.0 78.4
CLIP 83.4 45.3 75.9
VideoMAE 86.0 55.2 78.5

M
M

C
L DINOv3 82.5 66.6 68.9

CLIP 82.2 68.0 69.7
VideoMAE 83.4 66.5 68.7

Table 5: Temporal stride (TS) ef-
fect on 2D skeleton models (macro
F1, %). Bold = best per column.

In-Lab Wheelchair

Model TS 1 TS 3 TS 1 TS 3

CNN1D 83.8 84.3 68.2 69.3
ST-GCN++ 86.9 85.7 71.9 75.6
PoseC3D 86.6 86.7 75.8 78.3
MS-G3D 87.2 87.1 77.5 78.5

Table 6: Cross-dataset fall detec-
tion on ImViA [9] without fine-
tuning. Bold = best per column.

Model Precision Recall F1

2D

CNN1D 92.0 94.1 93.0
PoseC3D 98.9 94.8 96.8

R
G

B CLIP undef. 0.0 0.0
DINOv3 undef. 0.0 0.0
VideoMAE 86.4 38.4 53.1

F
us

e CLIP 100.0 66.7 80.0
DINOv3 100.0 64.6 78.5
VideoMAE 96.9 96.0 96.4

CNN1D baseline but notably improves wheelchair recognition (e.g., 69.7% vs.
68.2% for CNN1D alone). Despite these strategies, no fusion method surpasses
the skeleton-only CNN1D on the non-lab set (73.8%), indicating that better
fusion strategies are needed to leverage the strengths of each modality under
domain shift.

Temporal context window. Table 5 compares temporal stride 1 (48 consecutive
frames) and stride 3 (sampling every 3rd frame, covering 144 frames) for the 2D
skeleton models. In-lab non-wheelchair performance is nearly identical across
strides, but wheelchair recognition improves consistently with a longer context.

Cross-dataset fall detection. To evaluate cross-dataset generalization, we test a
subset of models trained on SAFER-Activities on the ImViA dataset [9], using
the 130 videos (99 falls) that provide frame-level fall annotations. Since ImViA
contains only fall annotations, we evaluate fall detection exclusively. Poses and
RGB features are extracted using the same pipeline described in Sec. 3.2. To
assess accuracy, we cluster consecutive fall predictions into temporal events and
match them against ground-truth clusters; a tolerance window of 15 frames ac-
counts for labeling differences across datasets. Table 6 shows that skeleton models
generalize well: PoseC3D achieves 96.8% F1 and CNN1D reaches 93.0%. Frozen
RGB-only models confirm the domain-shift vulnerability: CLIP and DINOv3
predict no fall events at all, so their precision is undefined and their recall and
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F1 are 0; VideoMAE, by contrast, suffers from very low recall (38.4%). Fusion of
VideoMAE with CNN1D recovers this gap, nearly matching PoseC3D at 96.4%
F1, whereas CLIP and DINOv3 fusion achieve high precision but limited recall.

4.4 Qualitative Analysis

Figure 5 shows CNN1D predictions on diverse data, including external real-world
falls and wheelchair user actions. On external data (rows 1–5), skeleton-based
models trained on SAFER-Activities perform well outside the training distribu-
tion, with failures primarily due to poor-quality poses under severe occlusion
or missed human detections. Notably, the frame-level temporal annotations in
SAFER-Activities enable even a lightweight model such as CNN1D to distin-
guish falls from visually similar actions like slowly lying down on a surface (row
6). This distinction, raised as a key concern for fall detection systems, relies on
the abrupt temporal dynamics rather than static pose similarity of actions.

5 Conclusion

We presented SAFER-Activities, a large-scale dataset with frame-level labels
for online action recognition, especially fall detection, in untrimmed videos. The
dataset includes a dedicated wheelchair subset and is released with precomputed
pose skeletons and visual features, providing a comprehensive resource for smart
healthcare monitoring research. Our evaluation spans 2D and 3D skeleton mod-
els, frozen RGB backbones, and multimodal fusion. Skeleton-based models prove
the most robust under domain shift, generalizing well to an out-of-distribution
home environment and an external fall dataset. Fusing frozen RGB features
with the baseline CNN1D improves in-domain recognition, most clearly on the
wheelchair subset, but degrades out of distribution; the tested fusion strategies
reduce but do not fully close this gap. The dense temporal annotations enable
even lightweight models to distinguish visually similar actions such as falls and ly-
ing down based on temporal dynamics. We believe that SAFER-Activities, with
its multi-modality benchmarks and out-of-distribution evaluation, will stimulate
research on robust action recognition for safety-critical healthcare applications.

Limitations and Future Work. For safety and ethics reasons, fall simulations were
performed by adult actors rather than elderly participants or regular wheelchair
users. This design enabled controlled, repeatable capture of diverse fall and
fall-like motions, while prospective validation with the intended populations re-
mains an important next step. SAFER-Activities is therefore best viewed as
a pre-deployment benchmark for fall dynamics, fall-like routine activities, and
wheelchair-use scenarios rather than a clinical validation study. The wheelchair
subset focuses on in-lab recordings; without a public external wheelchair activity
dataset, our current external evidence for wheelchair-use scenarios is qualitative
(Fig. 5). Future expansions with elderly participants, naturalistic falls, and larger
non-lab wheelchair-use recordings would further strengthen ecological validity.
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Fig. 5: CNN1D predictions on external and in-lab data. Rows 1–2: real falls, row 1
right and row 2 from [17]. Row 3: realistic fall datasets. Row 4: failures from missed
detections (left) and severe occlusion (right). Row 5: wheelchair actions from [40] (fall,
left) and [29] (transfer, right). Row 6 (in-lab): fall (left) versus slowly lying down (right).

Our findings suggest several directions for model development. First, our syn-
chronized recordings enable robust multi-view architectures [35]. Second, because
cross-dataset evaluations reveal that frozen RGB features struggle with appear-
ance shifts, future fusion strategies must adaptively leverage visual context when
it is reliable, while defaulting to robust pose dynamics under domain shift. Fi-
nally, sharp performance drops on visually ambiguous, safety-critical actions like
falls motivate methods that combine pose dynamics with complementary depth
or inertial cues to disambiguate difficult cases [10].
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