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Abstract
Prosthetic legs play a pivotal role in clinical rehabilita-

tion, allowing individuals with lower-limb amputations the
ability to regain mobility and improve their quality of life.
Gait analysis is fundamental for optimizing prosthesis de-
sign and alignment, directly impacting the mobility and life
quality of individuals with lower-limb amputations. Vision-
based machine learning (ML) methods offer a scalable and
non-invasive solution to gait analysis, but face challenges
in correctly detecting and analyzing prosthesis, due to their
unique appearances and new movement patterns. In this
paper, we aim to bridge this gap by introducing a multi-
purpose dataset, namely ProGait, to support multiple vi-
sion tasks including Video Object Segmentation, 2D Human
Pose Estimation, and Gait Analysis (GA). ProGait provides
412 video clips from four above-knee amputees when testing
multiple newly-fitted prosthetic legs through walking trials,
and depicts the presence, contours, poses, and gait patterns
of human subjects with transfemoral prosthetic legs. Along-
side the dataset itself, we also present benchmark tasks and
fine-tuned baseline models to illustrate the practical appli-
cation and performance of the ProGait dataset. We com-
pared our baseline models against pre-trained vision mod-
els, demonstrating improved generalizability when applying
the ProGait dataset for prosthesis-specific tasks. The Pro-
Gait dataset is available at https://huggingface.
co/datasets/ericyxy98/ProGait, and the source
codes of our benchmark tasks are available at https:
//github.com/pittisl/ProGait.

1. Introduction
Prosthetic legs have been a transformative solution in clini-
cal rehabilitation, allowing individuals with lower-limb am-
putations the ability to regain mobility and improve their
quality of life. The success of a prosthetic leg relies heavily
on its alignment on individual users that is crucial to com-
fort, stability, and efficient movement [34], and gait analysis
plays a pivotal role in achieving optimality in such align-
ment, by providing insights into the user’s individualized

Grounded SAM 2 YOLO11-ProGaitYOLO11

Figure 1. Limitation of current vision-based ML models on detect-
ing the whole body of users with prosthetic legs. Left: Pre-trained
YOLO11 model [15]; Middle: Grounded SAM2 model [26] with
text prompt “a person with prosthetic leg”; Right: YOLO11 model
fine-tuned on our ProGait dataset

walking patterns [2, 27, 35] and further indicating fitness
of the prosthetic leg on each user. Moreover, gait analy-
sis helps identify misalignments, assess biomechanical effi-
ciency, and make precise adjustments to the prosthesis, ul-
timately enhancing mobility and per-user functionality.

Traditionally, gait analysis relied on specialized motion
capture systems or embedded on-body motion sensors to
measure biomechanical parameters [3, 5, 21, 25]. While
these approaches provide high-fidelity data, they are of-
ten expensive, intrusive, and limited to controlled environ-
ments, thereby constraining their accessibility and practi-
cality in real-world applications at scale.

Vision-based machine learning (ML) approaches have
recently emerged as a promising alternative [17, 28], and
can extract spatio-temporal information about human mo-
tion directly from video data, enabling non-invasive, scal-
able, and cost-effective gait analysis. However, current vi-
sion models face significant limitations in accurately detect-
ing and analyzing individuals with transfemoral prosthetic
legs [4], as shown in Figure 1. This is because current
models are mostly trained on large datasets that only con-
tain able-bodied individuals and hence fail to account for
the unique appearance and movement patterns of prosthetic
limbs. This gap in model performance not only hampers
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Coarse Gait Category:
3. Step Length and Timing Issues

Gait Deviation: 
Terminal impact

How to correct: 
Reduce swing flexion resistance/decrease 

extension assist tension

Reason: 
The knee needs to flex more during swing phase to 

improve toe clearance and to better synchronize full 
extension with heel strike. This is best optimized at 

normal gait speed (not in the parallel bars)

Figure 2. Examples of video frames and annotations from the ProGait dataset. Top-left: Frontal view with segmentation masks and pose
keypoints. Bottom: Sagittal view with segmentation masks and pose keypoints. Top-right: Textual descriptions for gait analysis. This
sample was collected in the inside parallel bar scenario. Additional samples are available in the supplementary material.

accurate gait analysis, but also impedes many downstream
tasks such as rehabilitation assessment [7] and prosthesis
optimization [22] that are important to human well-beings.

To address this challenge, in this paper, we present a new
multi-purpose video dataset, namely ProGait, that depict
the presence, contours, poses, and gait patterns of human
subjects with transfemoral prosthetic legs. As shown in Fig-
ure 2, our dataset is designed to mainly support three impor-
tant tasks in vision-based analysis: 1) Video Object Seg-
mentation (VOS), 2) 2D Human Pose Estimation (HPE),
and 3) Gait Analysis (GA). By providing high-quality an-
notations and diverse scenarios, this dataset enables evalua-
tion and fine-tuning of vision models, to improve their per-
formance on prosthesis-specific tasks, as well as in-depth
studies of prosthesis dynamic alignment. More video sam-
ples are illustrated in Appendix C.

We collected 412 video clips from four above-knee am-
putees, when testing multiple newly-fitted prosthetic legs
through walking trials. The videos encompasses the fol-
lowing to primary scenarios as shown in Figure 3:

1. Walking inside the parallel bars without assistance:
Subjects navigate the parallel bars independently, focus-
ing on balance and stability.

2. Walking outside the parallel bars (in hallways) with
assistance: Subjects ambulate in indoor spaces with ex-
ternal support, simulating real walking conditions.1

1The assistants do not have direct contact or provide any physical as-

Inside the Parallel Bars

Outside the Parallel Bars

Figure 3. The two scenarios

Each walking trial includes both frontal and sagittal
views, providing comprehensive perspectives for analysis.
To ensure diversity and generalizability, the trials on each
subject involve various types and configurations of pros-
thetic legs, different background contexts and lighting con-
ditions, and heterogeneous presence of other human indi-
viduals. The dataset covers a diverse range of normal and
abnormal gait patterns, each of which is accompanied by
detailed textual descriptions from researchers in rehabilita-
tion sciences and human engineering. These descriptions
outline the correlations between abnormal gait deviations
and the necessary corrective adjustments in order to regain

sistance during the data collection. Their presence was solely for safety
assurance, and they intervene only in the event of a potential fall.
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normal gaits, as well as detailed reasons about why such
adjustments are needed. All the video data collection, an-
notations and text descriptions have been approved by the
institutional IRB at University of Pittsburgh.

We also provided benchmark tasks and fine-tuned
YOLO11 [15] and RTMPose [12] models as baselines, to
demonstrate how this dataset can be used to practically ad-
vance research in enhancing the accessibility and effective-
ness of prosthetic solutions through vision models. We eval-
uate our baseline models against SOTA vision models in
a zero-shot setup, with results showing that our baseline
models outperform the SOTA models by 9% in VOS task
and 10-30% in 2D HPE task. We also trained a top-down
classification model for identifying 9 different gait patterns,
and the overall accuracy is up to 81.2% when taking sagit-
tal views alone. These findings validate the effectiveness of
our dataset in improving the generalizability of vision mod-
els for individuals with prosthetic legs.

2. Related Work
2.1. Gait Analysis and Vision AI Models
Gait analysis has been the cornerstone of understanding hu-
man locomotion, and used to rely on motion capture sys-
tems [3, 21], force plates [1, 20], and embedded motion
sensors [5, 25] to capture biomechanical parameters such
as joint angles, ground reaction forces, and stride lengths.
These methods, however, are limited by their reliance on
specialized equipment, controlled laboratory settings and
high operational costs. Vision-based AI models, such as
YOLO [25] and the Segment Anything Model (SAM) [18],
allow more scalable, flexible and non-invasive gait assess-
ment [17, 28], by extracting the spatio-temporal features
from video data and transforming gait analysis into typical
vision tasks such as pose estimation, object tracking, and
semantic segmentation.

Despite these advancements, current vision models often
struggle to accurately detect and analyze individuals with
prosthetic legs, due to the unique appearance and move-
ment patterns of prosthetic limbs [4]. This limitation calls
for specialized datasets and tailored models to improve the
generalizability of vision techniques for prosthetic users.

2.2. The Existing Datasets
Datasets have been available for vision-based gait analysis.
The Gait Abnormality in Video Dataset (GAVD) [23] and
the Health&Gait [33] dataset offer thousands of video se-
quences with detailed annotations, such as semantic seg-
mentation and human pose. However, they lack represen-
tation of individuals with prosthetic limbs. A more spe-
cialized dataset focuses on kinematics and kinetics of 18
above-knee amputees walking at various speeds [11]. Al-
though providing detailed motion capture data and offering
insights into the biomechanics of prosthetic users, it does

not provide raw videos and is instead limited by the fact
that participants only use their personal prosthetic devices.

In contrast, the ProGait dataset presented in this paper
addresses these gaps by including individuals with pros-
thetic legs, when testing multiple prosthetic designs. This
diversity allows for more comprehensive evaluations and
aligns with the need for scalable vision-based approaches
that do not rely on expensive motion capture systems.

3. The ProGait Dataset
The ProGait dataset primarily focuses on enabling the fol-
lowing three tasks: 1) Video Object Segmentation (VOS),
2) 2D Human Pose Estimation (HPE), and 3) Gait Anal-
ysis (GA). ProGait contains paired video clips that record
the frontal and sagittal views of walking trials conducted
by human subjects with prosthetic legs. Each video pair
includes the corresponding annotations, such as bounding
boxes, segmentation masks and pose keypoints of the sub-
ject, accompanied by descriptive gait assessments in text.
These comprehensive annotations aim to support multi-task
learning and fine-tuning of vision-based models. A sam-
ple of such a video pair and associated annotations and text
descriptions can be found in Figure 2.

3.1. Video Data Collection
The video data was collected from four human subjects (see
Appendix B for detailed information). Each subject was
tested with multiple newly-fitted prosthetic legs and per-
formed multiple walking trials both inside and outside the
parallel bars as depicted in Figure 3. During the trials con-
ducted outside the parallel bars in the open space, a health-
care professional accompanied the subjects to provide as-
sistance and ensure their safety, particularly to prevent falls.

Socket

Adjustable 
Adapter

Knee 
Joint

Pylon

Figure 4. Components of a transfemoral prosthetic leg (left) and
different types of prosthetic legs (right)

As shown in Figure 4, each prosthetic leg differs from
each other, such that they have different types of knees
(mechanical, hydraulic or computerized), different angles
of knee and ankle joints, and different lengths of the pylon.
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Inside Parallel Bar

Subject

Healthcare 
Staff

Outside Parallel Bar
(In the Hallway)

Frontal 
Camera

Sagittal 
Camera

Healthcare 
Staff

provide 
support

Subject

Frontal 
Camera

Sagittal 
Camera

Figure 5. Video Recording Setup

Such differences affect the subject’s gait patterns in differ-
ent ways, and also result in very distinct visual appearances
that make it hard for the vision models to recognize.

To capture the walking trials, we used two video cam-
eras positioned at fixed locations to record the frontal and
sagittal views of the subjects, as illustrated in Figure 5. The
videos were recorded at a resolution of 1920×1080 and a
frame rate of 30fps. Each walking trial consists of multiple
round trips. In some cases, the healthcare staff may partially
or fully obstruct the subject’s view, particularly in the sagit-
tal view during trials outside the parallel bars, as they walk
alongside the subject to provide support. When this occurs,
only a one-way trip is selected. The duration of selected
walking trips lasts for 8-20 seconds in trials inside the par-
allel bars, and for 2-40 seconds for trials outside the parallel
bars. During each trial, the subject walked approximately 5
meters inside the parallel bars and 10–15 meters outside the
bars. The walking speed varied depending on the subject’s
comfort with the prosthesis.

In total, we collected 144 walking trials, resulting in 412
video clips contained in the dataset. Table 1 presents the
basic distribution of video data, including the number of
video samples per subject and scenario.

Subject ID Scenario Trials Samples

P1 Inside Bars 20 67
Outside Bars 32 95

P2 Inside Bars 7 21
Outside Bars 34 100

P3 Inside Bars 1 2
Outside Bars 9 25

P4 Inside Bars 22 54
Outside Bars 19 48

Table 1. Basic Distribution of ProGait Dataset

3.2. Annotations
To provide high-quality annotations for the three tasks of
using the ProGait dataset, we employed SOTA vision mod-
els to provide initial annotations in an automated manner,
followed by manual refinements to ensure accuracy.

a human with 
prosthetic leg.

SAM2
Leg Not 

Detected/ 
Loss Tracking

Finish

Loss Tracking

SAM2

Figure 6. Pipeline of annotation

Video Object Segmentation(VOS): There are three major
challenges when utilizing the pre-trained vision models for
tracking the subject and generating segmentation mask:

1. Precisely detecting the prosthesis as part of the hu-
man body.

2. Correctly distinguishing the subject from the health-
care staff.

3. Ensuring consistent tracking despite occlusions.
The second and third challenges are particularly pro-

nounced in scenarios outside the parallel bars, where mul-
tiple people, including the healthcare professional, are
present alongside the subject.

As shown in Figure 6, we address these challenges by de-
veloping a Human-in-the-Loop annotation pipeline with the
help of Grounded SAM [26]. The process begins with ex-
tracting the initial frame of the video and using the Ground-
ingDINO model [19] with the prompt “a human with a pros-
thetic leg” to annotate the subject’s bounding box. Manual
refinement is then performed to add additional bounding
boxes, allowing the prosthesis to be tracked as a separate
object. These bounding boxes are used as input for Segment
Anything Model 2 (SAM2) [24], which generates segmen-
tation masks and tracks objects across frames. To ensure
accuracy, we visually inspect for any loss of tracking. If the
tracking fails, supplementary bounding boxes are added at
the problematic frames, and segmentation masks are regen-
erated to maintain consistency. This semi-automated ap-
proach reduces the need for frame-by-frame manual anno-
tation while maintaining high annotation quality.
2D Human Pose Estimation (HPE). In this dataset, we
focus on 23 pose keypoints, 17 for body and 6 for foot,
defined in the COCO-WholeBody dataset [14]. After gen-
erating the segmentation mask, we apply it to the original
videos and estimate the poses by applying the pre-trained
RTMW model [13] within the MMPose framework [6] on
the masked video. However, the first challenge mentioned
above remains unresolved. As illustrated in Figure 7, the
pre-trained model frequently fails to accurately detect key-
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Ground Truth Model Prediction

Figure 7. Zero-shot pose estimation with RTMW

points on the prosthetic knees and feet. Unlike the segmen-
tation task, where the prosthesis can be tracked as an inde-
pendent object, incorrect skeleton keypoints require labor-
intensive, frame-by-frame manual correction.

To tackle this issue, we first randomly extract a small set
of frames (∼100) from the videos and manually correct the
keypoints. We then fine-tune the RTMW model on these
annotated frames and use the fine-tuned model to infer key-
points for a larger set of frames (>1,000). Next, we visually
inspect the annotations from the fine-tuned model and se-
lect high-quality samples for a second round of fine-tuning.
Finally, we apply the fine-tuned RTMW model to automat-
ically annotate pose keypoints across all video sequences,
and manually correct any remaining errors. In fact, only
<25% of videos require manual correction, significantly re-
ducing the amount of workload for dataset preparation.

• 4
• insufficient swing phase flexion
• reduce flexion resistance (loosen spring compression in extension assist

mechanism) of the knee
• not enough clearance during swing through causes tripping hazard and

excessive terminal impact at extension. Part of the problem could be the
unnatural slow walking speed in the parallel bars, yet it is safer to make the
adjustment here and undo it later if needed at normal gait speed

• 9
• normal gait
• knee fine tuning tbd outside parallel bars
• good outcome for initial optimization session

• 6
• not enough toe clearance
• reduce swing flexion resistance
• hard to see from given perspective, but likely this socket is too extended as well,

making for uneven step lengths and increased (relative) hip flexion in early swing.
This causes the low clearance (tripping hazard, asymmetric gait)

Example 1

Example 2

Example 3

Figure 8. Gait annotations

Gait Analysis (GA). To facilitate gait analysis, we engaged
researchers in rehabilitation sciences and human engineer-
ing to provide detailed textual descriptions for each video
sample. As shown in Figure 8, these descriptions consist
of four key components: (1) the general gait category, (2)
the specific gait deviation, (3) recommendations on how to

adjust the prosthesis to correct the gait, and (4) the reasons
of these recommendations.

While our benchmark task for GA primarily focuses on
the classification problem over the general gait category, we
provide full access to the other three components in the
dataset, enabling advanced applications such as prosthesis
optimization and clinical decision-making. In total, the an-
notations include 9 different gait categories, with each cate-
gory comprising several fine-grained gait deviations. These
deviations are classified according to their relevance to crit-
ical prosthetic alignment factors, such as knee and ankle
positioning. The distribution and details of these categories
are listed in Appendix A.

3.3. De-identification
To protect the privacy of individuals, we implement a com-
prehensive de-identification process for all video clips. Us-
ing a similar approach to segmentation mask annotation, we
employ GroundingDINO and SAM2 models to detect sensi-
tive elements, such as human faces and identifiable signage,
in the first few frames of video clips. We then manually
add supplementary bounding boxes to cover these elements
in later frames. These identified areas are then subjected
to Gaussian blurring to obscure sensitive information. This
semi-automated process ensures consistent and reliable de-
identification while preserving the dataset’s integrity. Ad-
ditionally, we conduct manual inspections to verify that all
sensitive details are properly anonymized and that no iden-
tifiable features remain.

4. Benchmarks and Baseline Models
To facilitate the effective use of the ProGait dataset, we
establish several benchmark tasks and provide fine-tuned
baseline models as reference implementations. These
benchmarks serve as an initial guide for researchers and
practitioners, helping them evaluate the model performance
across key tasks relevant to prosthetic gait analysis.

4.1. Benchmark Tasks and Metrics
Video Object Segmentation. For the segmentation task,
we use the mean Intersection over Union (mIoU) as the
evaluation metric. The mIoU measures the overlap between
the predicted mask and the ground-truth mask across video
frames through a pixel-wise calculation, such that

mIoU =
1

N

∑N

i=1

|Pi ∩Gi|
|Pi ∪Gi|

(1)

where N is the total number of frames, Pi is the predicted
mask for frame i and Gi is the ground-truth mask for frame
i. Intersection (∩) measures the number of pixels that are
correctly predicted as belonging to the class, and Union (∪)
measures the total number of pixels that are either in the
predicted mask or the ground truth. This metric, hence,
evaluates if the segmentation models can accurately delin-
eate both the natural body parts and prosthetic components,
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which is crucial for downstream applications such as pose
estimation and biomechanical analysis.
2D Human Pose Estimation. We evaluate the accuracy of
pose estimation following the COCO-WholeBody standard
[14], and use the Average Precision (AP) across different
Object Keypoint Similarity (OKS) thresholds ranging from
0.5 to 0.95, namely the AP@[.5,.95] as the primary metric.
This metric can be presented as:

AP@[0.5, 0.95] =
1

K

∑
t∈{0.5,0.55,...,0.95}

APt (2)

where K is the number of OKS thresholds (in this case,
K = 10 because the range is from 0.5 to 0.95 with a step of
0.05), and APt is the Average Precision calculated by com-
puting the area under precision-recall curves at a specific
OKS threshold t. OKS measures the normalized distance
between the predicted and ground-truth keypoints:

OKS =

∑
i exp

(
− d2

i

2s2k2
i

)
δ(vi > 0)∑

i δ(vi > 0)
(3)

where di is the Euclidean distance between the i-th corre-
sponding ground truth and the detected keypoint, vi is the
visibility flag of the ground truth, s is the object scale, ki is
a per-keypont constant that controls falloff.
Gait Classification. This task categorizes video clips into
predefined gait classes, by capturing the variations in move-
ment patterns due to different prosthetic configurations,
walking conditions, or rehabilitation progress. We provide
an end-to-end pipeline for training and evaluating different
classification models. Performance is measured using Top-
1 accuracy, which indicates the proportion of correctly clas-
sified gait patterns. Balanced accuracy, defined as the av-
erage of sensitivity (recall) for each class, is also used as a
reference to account for the unbalanced class distribution.

Given that gait patterns can be subtle and complex, mul-
tiple gait deviations can, and often do, co-occur in clinical
reality. However, in a clinical setting, physical therapists
and prosthetists typically address one primary alignment is-
sue at a time to avoid the problem of “analysis paralysis”
[10, 16]. This iterative process allows for precise adjust-
ment and clear assessment of the impact of each modifi-
cation, preventing the introduction of new problems while
attempting to fix multiple simultaneously. Therefore, in our
benchmark studies, we only consider the primary gait devi-
ation for our classification task.

Gait 1

YOLO RTM 
Pose LSTM

Original 
Image

Bounding Box and 
Segmentation Mask

Sequence of Pose 
Keypoints

Gait Category

Gait 2

Gait 3

Figure 9. The pipeline of baseline models

4.2. Baseline Models
To benchmark our dataset in the aforementioned tasks, we
fine-tuned several vision models listed below as baselines.
These models operate in a pipeline, as shown in Figure 9,
where the output of one model serves as the next’s input.
• For Video Object Segmentation task, we use YOLO11

[15], the latest iteration in the Ultralytics YOLO series,
capable of tracking multiple objects across frames.

• For 2D Human Pose Estimation task, we use RTM-
Pose [12] from the MMPose framework. RTMPose takes
the detected bounding boxes from the tracking model
(YOLO11) as input and predicts pose keypoint positions.

• For Gait Classification task, we use A custom LSTM
classifier, which processes the sequence of poses over
time and classifies the gait pattern for each video sample.
When fine-tuning the pre-trained models using the Pro-

Gait dataset, the dataset is divided into ∼70% for training,
∼20% for validation and∼10% for testing. To prevent data
leakage, subjects appearing in the test set do not appear in
the training or validation sets.

Since the majority of our pose annotations, including
those in the test set, are derived from the fine-tuned RTMW
model, we refrain from using it as the baseline for 2D Hu-
man Pose Estimation task. Instead, we use an RTMPose
variant and fine-tune it exclusively on the training and val-
idation sets. During the training of RTMPose and LSTM
classifier, we use ground truth data as input, rather than the
outputs from preceding models. Note that, RTMPose gen-
erates 133-point whole-body poses; however, we evaluate
only the 23 keypoints of the body and feet, aligning with
our annotations. Since gait patterns primarily involve the
lower body, we exclude keypoints of face and arms, and
only 12 keypoints are used for the LSTM classifier.

5. Experiments
In this section, we present benchmark results by comparing
our baseline models with other off-the-shelf models, for the
aforementioned three tasks on the ProGait dataset.

5.1. Experimental Setup
For fair comparisons, all evaluations are done only on the
test set, and all the subjects in the test set are not present
in training or validation sets. This guarantees that the test
samples are entirely unseen by the baseline models.Unlike
the process of fine-tuning the baseline models described
in Section 4.2, the experiment results are computed across
all frames of the input videos rather than sparsely sampled
frames. This approach provides a more comprehensive as-
sessment of the model’s consistency across frames.

5.2. Video Object Segmentation (VOS)
For the VOS task, we compare our fine-tuned YOLO11
model with the original checkpoint and the Grounded
SAM2 with different text prompts.
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Method mIoU
mIoU

(inside)
mIoU

(outside)

YOLO11 0.784 0.831 0.774

Grounded SAM2
“a person.” 0.358 0.643 0.559
“an amputee.” 0.905 0.90 0.907
“a human with
prosthetic leg.” 0.964 0.921 0.929

YOLO11-ProGait 0.847 0.815 0.866

Table 2. Results for Video Object Segmentation

Since the YOLO11 model is originally trained for multi-
object detection and tracking, it can produce multiple mask
outputs. To evaluate its performance in tracking a single
subject, we compute the mIoU using only the predicted
mask with the largest intersection with the ground truth. Be-
sides, the fine-tuned YOLO11 may occasionally detect the
human body as separate instances, as shown in Figure 10.
This occurs because YOLO11 can only be trained on closed
shapes and cannot inherently handle discrete parts of a sin-
gle subject. To address this problem, we train the YOLO11
model to learn discrete parts separately and merge all de-
tected mask instances into a single mask for evaluation.

Figure 10. The fine-tuned YOLO model may detect the subject
body as separate instances.

The results in Table 2 show that, Grounded SAM2 with
an appropriate text prompt can achieve very good perfor-
mance, but highly depends on the specific text prompt be-
ing used. Further, even with mIoU up to 96%, it can oc-
casionally loss tracking of the prosthetic leg, as shown in
Figure 1. On the other hand, although the issue of detect-
ing body parts separately causes a slight accuracy drop in
scenario of inside parallel bars, YOLO11-ProGait generally
outperforms its original checkpoint. Given that prosthetic
legs are typically thin and occupy a small area in the frame,
the performance gap between the pre-trained and fine-tuned
models remains modest, which is reasonable.

5.3. 2D Human Pose Estimation (HPE)
In the 2D HPE task, for comparison with our fine-tuned
RTMPose model, we selected three pre-trained models for

2D whole-body pose estimation: HRNet [29], ViPNAS
[31], and ViTPose [32] pre-trained on COCO-WholeBody
dataset[14], apart from the original RTMPose checkpoint.

Method AP
AP

(inside)
AP

(outside)

HRNet [29] 0.750 0.825 0.733
ViPNAS [31] 0.761 0.735 0.767
RTMPose [12] 0.855 0.876 0.850

ViTPose [32] 0.830 0.845 0.822

RTMPose-ProGait 0.947 0.968 0.942

Table 3. Results for 2D Human Pose Estimation

We first evaluated the AP@[0.5, 0.95] metric for all the
23 keypoints (17 keypoints for ViTPose2) , and the re-
sults are shown in Table 3. Our baseline model RTMPose-
ProGait outperforms all the other pre-trained models,
demonstrating the effectiveness of using the ProGait dataset
to improve the prosthesis detection.

Additionally, we evaluated the AP for lower body key-
points. More specifically, we calculate the score for 10 out
of the 23 keypoints, covering knees, ankles, and feet. ViT-
Pose was excluded due to its lack of 6 feet points. The re-
sults in Table 4 shows that our RTMPose-ProGait signifi-
cantly performs better than other methods on this metric.
On the one hand, these results also show that the existing
models struggle in detecting prostheses as part of the human
body, and the ProGait dataset can well address this problem.

Method AP-leg
AP-leg
(inside)

AP-leg
(outside)

HRNet 0.625 0.691 0.539
ViPNAS 0.631 0.527 0.655
RTMPose 0.804 0.761 0.814.

RTMPose-ProGait 0.918 0.918 0.918

Table 4. Results for 2D Human Pose Estimation with AP calcu-
lated on knee, ankle, and foot points only

5.4. Gait Classification
To bridge the gap between pose sequences and gait analy-
sis, we trained a custom LSTM network with 128 hidden di-
mensions to process pose sequences. As an example shown
in Figure 11, the (x, y) coordinates of pose keypoints show
periodic motion over time. We utilize such time-series data
to classify the poses into 9 general gait categories. Since
no off-the-shelf model exists for this specific task, we con-
ducted a 5-fold cross-validation and evaluated the model
across five different setups, as shown in Table 5.

Notably, the LSTM network performs exceptionally well
when provided with pose sequences from the sagittal view

2Due to its adherence to the standard COCO 17-keypoints format, ViT-
Pose cannot detect the 6 feet points.
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Frame Index

Figure 11. The sequence of pose keypoint coordinates

alone. However, when both frontal and sagittal views are
fed into the model, accuracy drops significantly. This sug-
gests that treating pose sequences from both views simulta-
neously may introduce confusion. Additionally, it indicates
that the sagittal view may be a more suitable angle for ob-
serving gait patterns.

Top-1 Acc. Balanced Acc.

Frontal view 0.510 0.545
Sagittal view 0.826 0.790

Inside parallel bars 0.364 0.437
Outside parallel bars 0.486 0.320

Whole dataset 0.372 0.403

Table 5. Results of Gait Classification, with all 23 keypoints taken
as input

We further compared the gait classification performance
using all 23 keypoints vs. using only the 12 keypoints cor-
responding to the lower body. As shown in Table 6, exclud-
ing upper-body keypoints has minimal impact on classifica-
tion accuracy. While upper-body movements may introduce
variations in gait patterns, gait is fundamentally driven by
lower-body dynamics. This suggests that lower-body key-
points alone are sufficient for gait-related downstream tasks.

Top-1 Acc. Balanced Acc.

Frontal view 0.474 0.521
Sagittal view 0.773 0.812

Inside parallel bars 0.364 0.457
Outside parallel bars 0.566 0.423

Whole dataset 0.384 0.413

Table 6. Results for Gait Classification, with lower-body keypoints
taken as input only

For additional demonstration of ProGait’s generality, we
performed more experiments over multiple gait recogni-
tion methods, including GaitGraph2[30], GaitBase[8], and

GPGait[9], by applying our dataset onto the pre-trained
model and using our dataset to fine-tune the pre-trained
models. For the pre-trained model, we used the generated
gait embeddings for 1-nearest-neighbor classification. In
fine-tuning, we appended a classification head of two FC
layers to the pre-trained model, and only trained these two
layers. We also conducted experiments on ScoNet [36], a
silhouette-based clinical gait classification model for scol-
iosis detection. We trained the model from scratch using
the same original settings, and adapted its architecture by
changing the output dimension from 3 to 9 to align with our
9-class classification task.

Results in Table 7 show that these gait recogni-
tion/classification methods achieve reasonable performance
on the gait classification task, and with simple fine-
tuning/retraining, they can be well-adapted to our ProGait
dataset with significantly higher accuracy. These results
also showed that our simple LSTM classifier provides com-
petitive performances.

Pre-trained
Fine-tuned/
Re-trained

GaitGraph2 [30] 0.200 0.440
GPGait [9] 0.388 0.457
GaitBase [8] 0.313 0.340

ScoNet N/A 0.333

LSTM-ProGait N/A 0.372

Table 7. Results for Gait Classification on the whole dataset, mea-
sured in Top-1 accuracies.

6. Discussion and Conclusion
In this paper, we introduce ProGait, a versatile dataset de-
signed to advance vision-based models for detecting lower-
limb prostheses, facilitate comprehensive gait analysis to
aid in prosthesis design and alignment, and support the de-
velopment of assistive technologies that enhance mobility
and overall quality of life for prosthesis users. By providing
high-quality data tailored for multiple applications, ProGait
aims to bridge the gap between computer vision research
and real-world clinical needs, fostering innovations in pros-
thetic engineering and rehabilitation.

Beyond the tasks introduced in this paper, the textual de-
scriptions of gait patterns and their corresponding reasoning
unlock vast possibilities for the ProGait dataset. In future
work, we plan to leverage this textual information along-
side large language models (LLMs), to provide prosthesis
users with quick and convenient assessments of stability,
comfort, and mobility, while also reducing the workload
of healthcare professionals. Ultimately, our goal is to en-
able the development of adaptive, interactive prosthetic legs
powered by microcomputers, paving the way for intelligent,
user-responsive prosthetic solutions.
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