
VidSole: A Multimodal Dataset for Joint Kinetics Quantification and Disease
Detection with Deep Learning

Archit Kambhamettu1,*, Samantha Snyder1,*, Maliheh Fakhar1, Samuel Audia1, Ross Miller1, Jae
Kun Shim1, Aniket Bera2

1University of Maryland, College Park
2Purdue University

{architk, snyder36, mfakhar, sjaudia, rosshm, jkshim}@umd.edu, aniketbera@purdue.edu

Abstract

Understanding internal joint loading is critical for diagnos-
ing gait-related diseases such as knee osteoarthritis; how-
ever, current methods of measuring joint risk factors are time-
consuming, expensive, and restricted to lab settings. In this
paper, we enable the large-scale, cost-effective biomechani-
cal analysis of joint loading via three key contributions: the
development and deployment of novel instrumented insoles,
the creation of a large multimodal biomechanics dataset (Vid-
Sole), and a baseline deep learning pipeline to predict in-
ternal joint loading factors. Our novel instrumented insole
measures the tri-axial forces and moments across five high-
pressure points under the foot. VidSole consists of the forces
and moments measured by these insoles along with corre-
sponding RGB video from two viewpoints, 3D body mo-
tion capture, and force plate data for over 2,600 trials of 52
diverse participants performing four fundamental activities
of daily living (sit-to-stand, stand-to-sit, walking, and run-
ning). We feed the insole data and kinematic parameters ex-
tractable from video (i.e., pose, knee angle) into a deep learn-
ing pipeline consisting of an ensemble Gated Recurrent Unit
(GRU) activity classifier followed by activity-specific Long
Short Term Memory (LSTM) regression networks to estimate
knee adduction moment (KAM), a biomechanical risk factor
for knee osteoarthritis. The successful classification of activ-
ities at an accuracy of 99.02 percent and KAM estimation
with mean absolute error (MAE) less than 0.5 percent*body
weight*height, the current threshold for accurately detecting
knee osteoarthritis with KAM, illustrates the usefulness of
our dataset for future research and clinical settings.

Introduction
Over one in three Americans older than the age of 65 experi-
ence some form of physical disability (Fuller-Thomson, Fer-
reirinha, and Ahlin 2023). These disabilities prevent them
from performing activities of daily living (ADL), such as
sitting, standing, walking, and running. Osteoarthritis, the
leading cause of disability in this age group, is character-
ized by joint structural changes and cartilage degeneration
due to gait abnormalities that cause an uneven distribution
of forces. (Martel-Pelletier et al. 2016; Felson 2013). Dur-
ing an individual’s lifetime, cyclical joint loading can result
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in osteoarthritis (Miyazaki et al. 2002; Chehab et al. 2014);
however, altering gait to reduce joint loads can reduce symp-
toms of osteoarthritis (Eddo et al. 2017; Shull et al. 2013;
Rynne et al. 2022). Therefore, the accurate measurement
of the lower body kinetics (e.g., joint loads, moments) and
kinematics (e.g., joint angles, speed) during ADL is vital in
preventing joint-related diseases (Sharma et al. 2010; Hei-
den, Lloyd, and Ackland 2009; Fitzgerald, Piva, and Irrgang
2004; Winter 2009; Labban et al. 2021).

Current methods to measure the kinetics and kinematics
of joints require high-quality 3D motion capture systems
and force plates, costing over $150,000. Furthermore, tradi-
tional gait analysis is time-consuming (Hulleck et al. 2022)
and requires the guidance of trained biomechanists. While
biomechanics experts have hinted at the potential transition
from the tedious use of body markers and force plates to
cost-effective wearables and video, they have emphasized
the need for the proper development of accurate, lightweight
models that can reduce the complexity of the problems for
users of minimal technical expertise (Stenum et al. 2024).
Although this is an active area of research (Molavian et al.
2023), practical applications and streamlined approaches ap-
plicable to clinical settings do not exist yet.

Recent methods to measure osteoarthritis-related risk fac-
tors propose AI applied to video datasets (Uhlrich et al.
2023) or wearable devices such as instrumented insoles (Ja-
cobs and Ferris 2015; Savelberg and Lange 1999; Sim et al.
2015); however, these unimodal approaches are still time-
consuming, require technical expertise, and need to be fur-
ther validated in practical environments.

We aim to foster developments in robust, easy-to-use
approaches to estimating joint kinetics and kinematics by
first designing a comparatively economical, tri-axial instru-
mented insole that measures the forces and moments across
five pressure points on the foot. We then conduct a large-
scale, multimodal gait analysis, consisting of 52 participants
who each perform 25 walking, 10 walking with a sidestep,
10 sit-to-stand, 10 stand-to-sit, 15 running, and 6 standing
trials on average. For each trial, we collect the correspond-
ing force plate, 3D motion capture, instrumented insole, and
2-viewpoint RGB video data to create VidSole, our multi-
modal biomechanics dataset.

• The design and deployment of a novel, reliable instru-
mented insole capable of measuring tri-axial forces and
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Figure 1: We assemble VidSole, a dataset that includes RGB video, motion capture, force plate, and instrumented insole pressure
forces and moments data. This figure shows the RGB video data, motion capture visualized skeleton, and insole sensor raw
force data for a participant walking.

moments outside of a gait lab.
• Introduction of VidSole, a large multimodal dataset for

biomechanical analysis, consisting of corresponding in-
strumented insole, 2-viewpoint RGB video, 3D motion
capture, and force plate data for over 2,600 trials of 52
participants performing four fundamental activities of
daily living (sit-to-stand, stand-to-sit, walking, and run-
ning).

• Development of a deep learning pipeline to accurately
measure knee adduction moment (KAM), a biomechani-
cal risk factor for knee osteoarthritis, and benchmarking
evaluations that affirm our models’ predictions are useful
for clinical decision-making.

Related Work
Video Analysis in Biomechanics
Currently, methods that can accurately quantify joint kine-
matics from pose estimation coupled with attention-based
architectures have been developed in research settings (Cot-
ton et al. 2022). Furthermore, streamlined methods to prop-
erly quantify walking stance cycles and time per cycle cur-
rently utilize ground truth body markers but can be easily
replaced with high-quality video pose estimators (Stenum
et al. 2024). In contrast, current approaches to quantify joint
kinetics from only video feeds (Uhlrich et al. 2023) or mo-
tion capture data (Boswell et al. 2020) are time-consuming
and are of low accuracy in comparison to our multimodal
approach.

Instrumented Insoles and Machine Learning in
Biomechanics
Instrumented insoles can increase the accessibility of gait
analysis by providing information about the magnitude and

location of pressure under the foot in a small, portable de-
vice. Combining deep learning with pressure sensing in-
soles, researchers have accurately predicted center of pres-
sure trajectories (Choi et al. 2018), ground reaction forces
(Rouhani et al. 2010; Savelberg and Lange 1999), and a
combination of the two (Sim et al. 2015). However, there
are limitations to current commercial insoles. The F-scan1

and Pedar2 insoles measure pressures only in the vertical di-
rection. Although vertical forces are the predominant force
affecting joint dynamics, shear forces, the force parallel to
the cross-section of the joint, also have a significant effect
on joint kinetics (Helseth, Hortobágyi, and DeVita 2008).
Another component of joint dynamics is the free moment,
typically measured by force plates, which provides localiza-
tion of forces acting on the foot (Milner, Davis, and Hamill
2006). Shear forces and free moments are necessary for
gait lab calculation of dynamics, and including these mea-
surements could result in improved predictions of joint dy-
namics. To address these limitations, we develop our instru-
mented insoles with tri-axial sensors that capture forces and
moments in all three directions.

Multimodal Approaches in Biomechanics
Limited research exists on combining video and instru-
mented insoles to predict gait kinetics and kinematics. Re-
cent studies use strictly instrumented insole data to quantify
gait kinematics and only use video data for ground truth la-
beling (Chatzaki et al. 2021; Ngueleu et al. 2019). Further-
more, when publicly available, the final dataset only con-
tains instrumented insole data. In contrast, our dataset and
pipeline incorporate both video and insole data. To the best
of our knowledge, VidSole is the first publicly available

1https://www.tekscan.com
2https://www.novelusa.com/pedar
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dataset that incorporates four modalities useful for the de-
velopment of deep learning methods for joint kinetics and
kinematics approximations: instrumented insoles forces and
moments, RGB video, 3D motion capture, and force plate
data.

Dataset Curation
Insole Development
We develop custom insoles for 8 shoe sizes (Women Size US
7 and 8, Men Size US 8, 9, 10, 11, 12, and 13), embedded
with five 6-degree freedom piezoresistive sensors. We select
Shokac Chip 6DoF-P1003 due to their efficacy in previous
research (Snyder et al. 2023), lightweight nature (10.2 grams
per sensor), and because they are the smallest 6DoF sensors
(20x20x7.1mm) commercially available.

These sensors can measure forces and moments in three
dimensions and are calibrated within specified ranges.
Forces in the anterior-posterior (X direction in Figure 2)
and medial-lateral directions (Y direction in Figure 2) are
calibrated between -20 and 20 Newtons, while forces in
the vertical directions are calibrated between -100 and 100
Newtons. Moments across all three directions are calibrated
between -350 and 350 Netwon-milimeters. Although cali-
brated within these ranges, these sensors can additionally
measure without saturation outside those ranges.

We placed our sensors under five high-pressure areas of
the foot: big toe, medial ball, lateral ball, central ball, and
heel (Figure 2). The location of the sensors was linearly
scaled across shoe sizes to ensure they were in the same
relative position for each shoe, and each sensor was embed-
ded in the same axis-aligned orientation within the insole.
We constructed the 10 mm thick right-foot insoles out of the
cork and embed the sensors 8 mm into the cork to minimize
stress. Each sensor was covered with 1 mm of cork to pre-
vent user discomfort. We built a similar cork for the left foot
without sensors to limit potential non-physiological asym-
metries during movement.

We connected our sensors to a custom printed circuit
board (PCB), attached to a Raspberry Pi Zero W via flat flex
cables and collected data locally at 82 Hz with a script de-
veloped with an open source library pigpio4. The total com-
bined weight of the Raspberry Pi Zero W and PCB was neg-
ligible (28 grams) and was secured to the top of the shoe 2.
We connected the Raspberry Pi Zero W via a battery pack
strapped to the waist of each participant, with the cable se-
cured to each participant’s leg. We synchronized the vertical
forces post hoc with a cross-correlation method (Spencer,
Samaan, and Noehren 2023; Grouvel et al. 2023).

During most daily activities, particularly running, the sen-
sors were often exposed to values outside their working
range. We confirmed that the sensors measured these val-
ues with moderate to excellent reliability during standing
and running. Additionally, we established criterion validity,
as there was an overall moderate correlation between the
ground reaction force data and the insole sensor measure-
ments during running.

3http://www.touchence.jp/en/products/chip04.html
4https://abyz.me.uk/rpi/pigpio/

Figure 2: A) An individual sensor with a thin layer of cork
increases its total height to 8mm. B) Sensors are aligned in
the cork insole under the toe, medial ball, central ball, lateral
ball, and heel. C) Axis of sensor orientation in the insole.
The insole comprises two 4 mm pieces of cork and one 2
mm piece of cork. D) Insole in the shoe with Raspberry Pi
and custom PCB housed on the top of the shoe.

Data Collection

52 healthy, young male and female individuals provided
informed consent of protocol (Institutional Review Board
#1335286). Participants then changed into tight-fitting cloth-
ing and custom instrumented shoes fitted to the nearest
whole shoe size. We collect gait data with thirteen motion
capture cameras (200 Hz; T-Series; Vicon Inc.5, Oxford,
UK) and seven force plates along a 12-meter walkway (1000
Hz; 9260AA, Kistler Instrument Corp6.). First, participants
performed two variations of static trials: one with their arms
in a T-pose, and one with their arms crossed. The first vari-
ation was performed once as a calibration trial, while the
second was performed 3 times and recorded. In both, par-
ticipants stepped onto two force plates, one foot positioned
shoulder width apart on both plates, and stood still with arms
in the designated orientation for 30 seconds. Participants
then performed 3 trials with their arms crossed and their left
foot (foot without insole) off the ground at a 90-degree angle
for 10 seconds. Following these, participants performed sit-
to-stand and stand-to-sit trials, where they were instructed
to sit and stand from a stool, arms crossed, at a comfortable
pace 10 times, with a short rest between each trial. For the
walking trials, participants were instructed to walk across a
12-meter force plate walkway at a comfortable pace for 10
trials, walk at a fast pace for 5 trials, walk at a slow pace
for 5 trials, and walk at a pace of 1.3 m/s for 5 trials. Fol-
lowing this, participants performed 10 side-step trials where
they walked at a self-selected speed, planted their right foot,
and stepped to the left. Lastly, participants were instructed
to run at a comfortable self-selected pace for 5 trials, run at
a pace of 3 m/s for 5 trials, and run at various speeds for
5 trials. The order of speeds for walking and running was
randomized for each participant.

5https://www.vicon.com/
6https://www.kistler.com/US/en/
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Figure 3: Our deep learning pipeline: The insole data and MediaPipe pose estimation extracted from RGB video are used to
classify activities using an ensemble Gated Recurrent Unit (GRU) model. After each activity is classified, the insole sensor
data and knee angle data are used as inputs to an activity-specific Long Short Term Memory (LSTM) model to predict KAM.
Ground truth KAM is calculated via inverse dynamics from the force plate and motion capture data.

We leverage the Vicon Nexus7 software to label our 3D
motion capture marker data and import this labeled data into
Visual3D8 for ground truth KAM calculations. We remove
high-frequency noise from our marker data by filtering our
running marker data at 10 Hz and other activity data at 6
Hz via a dual pass 4th-order Butterworth filter (Hunter et al.
2019; Krupenevich et al. 2015). We filter ground reaction
force with a cutoff frequency of 45 Hz via a dual pass 4th-
order Butterworth filter as well (Krupenevich et al. 2015).
Based on the calibration trial, a model of the participant is
created and KAM is calculated via inverse dynamics in Vi-
sual3D relative to the tibia.

Participants (N=52)
Gender 26 Male, 26 Female

Age (years) 23.4±4.0
Height (cm) 168.9±8.7
Weight (kg) 65.6±9.9

24 White
22 Asian

Race 3 African American
3 Hispanic/Latinx
3 Middle Eastern

Table 1: Participant demographics.

7https://www.vicon.com/software/nexus/
8https://www.has-motion.ca/

Data Statistics

Our VidSole dataset consists of 52 data collections, and par-
ticipant demographics are presented in Table 1, with multira-
cial participants listed under each of their races. The dataset
consists of 76 trials per participant on average and 2,632
valid trials in total. The data breakdown is described in Table
2, and specific trial information is detailed in the Data Col-
lection section. During each session, sensor and video data
were recorded for all trials except running, where video data
was not recorded. Standing still trials are 30 seconds and
standing on one leg trials are 10 seconds. Sit-to-stand and
stand-to-sit trials were recorded together and were approxi-
mately 6 seconds in length. Walking trials occur at various
speeds but are approximately 5 seconds in length on average,
and similarly, running trials are approximately 3 seconds in
length on average. There are fewer usable trials for the joint
kinetic prediction in comparison to activity classification be-
cause force plate data is unusable for the ground truth kinetic
calculations when two feet are on one force plate. Data was
collected with the insoles at 82 Hz, the synchronized motion
capture and force plate system at 200 Hz, and RGB video
data at 60 frames per second (FPS). Sensor data is provided
as binary files, motion capture and force plate data is a c3d
file type, and RGB video file is an mp4 file type. This data
and corresponding code are accessible via GitHub: (to be
included upon acceptance).
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Insole Motion RGB Video
Capture +
Force Plate

Standing (2-Leg and 1-Leg combined)
Subjects 47 52 41

Trials 6 6 6
Frames 462,480 1,248,000 147,600

Sit-to-Stand and Stand-to-Sit (each)
Subjects 47 52 41

Trials 10 10 10
Frames 231,240 624,000 615,000

Walking
Subjects 47 52 41

Trials 25 25 25
Frames 481,750 1,300,000 307,500

Walking with Side-Step
Subjects 47 52 41

Trials 10 10 10
Frames 192,700 520,000 123,000

Running
Subjects 47 52 0

Trials 15 15 0
Frames 173,430 468,000 0

Table 2: Data Breakdown

Deep Learning for Knee Joint Kinetics
We provide a baseline approach for predicting knee joint ki-
netics, specifically the knee adduction moment (KAM), for
each activity of daily living (ADL). Providing automated
preprocessing (Özateş et al. 2024), reducing model com-
plexity, and minimizing reliance on large computational re-
sources (Stenum et al. 2024) allows users of minimal tech-
nical experience to utilize these systems. Thus, we devise
a fully automated pipeline that requires minimal user-based
preprocessing to provide accurate joint kinetic metrics. We
do so by dividing the task into two sub-portions: Activity
Classification and Kinetics Prediction.

Activity Classification
We introduce this activity classification model as a tempo-
ral grounding step to effectively extract each important class
(sit-to-stand, stand-to-sit, walking, running) from the other
labeled and unlabeled (eg swaying, strictly standing/sitting)
actions. Furthermore, activity classification allows for the
tuning of activity-specific KAM estimation models. The en-
semble model consists of two Gated Recurrent Units (GRU)
models, one for the video input stream and one for the insole
sensor input stream. We select GRU (Chung et al. 2014) as
our final model after evaluating the efficacy of the LSTM
(Sherstinsky 2020) and vanilla Recurrent Neural Network
(Lipton, Berkowitz, and Elkan 2015) models for this task.
We demonstrate high success via the GRU architecture (hid-
den layer size 16), so we do not consider heavier archi-
tectures like the Transformer (Vaswani et al. 2023), to en-
able our models to process quickly in real-world scenar-

ios with minimal compute resources. Furthermore, we take
an ensemble approach to this problem to be robust in real-
world scenarios where data may be corrupted; our ensemble
model automatically makes predictions via the available in-
put streams. We use a sequence length of 60 for the video
model and 82 for the insole model, leveraging a sliding win-
dow approach with an overlap length of 50 and 70, respec-
tively. The 52 participants were divided into a 70% / 13%
/ 17% training / validation/ testing split, to ensure that the
data of the participants were not included in more than one
set (Halilaj et al. 2018). Due to the imbalanced nature of the
dataset, we utilize a weighted random sampler during train-
ing to increase the probability of sampling instances from
the minority classes (sit-to-stand and stand-to-sit) for each
batch, thereby ensuring a better representation of the sam-
ple space during training. To further counteract the imbal-
anced nature of the dataset, we leverage the Weighted Cross
Entropy Loss (Ozdemir and Sonmez 2020). For both mod-
els, we utilize the adaptive momentum optimizer (ADAM)
(Kingma and Ba 2014) with a learning rate of 0.003 and train
with 1 RTX A4000 GPU.

Classification Ensemble Model The first classification
sub-model receives RGB video data as input, detailed in Fig-
ure 3. We take a pose-based activity classification approach,
which is more robust to changes in the background during
inference (Singh et al. 2023), to ensure our approach is gen-
eralizable beyond the scope of our dataset (Thilakarathne
et al. 2022). We use the out-of-the-box pose estimation
model Mediapipe (Lugaresi et al. 2019) due to its ease of use
for users with minimal technical experience, limited compu-
tational resource requirements, and its use in the biomechan-
ics literature (Pattanapisont et al. 2024). For each frame in
the video, we extract 14 keypoints out of 33 potential key-
points (left and right wrists, elbows, shoulders, hips, knees,
ankles, and index toes) from pose estimation and concate-
nate them across all frames. Figure 3 details the video clas-
sification model, which we train for 80 epochs, employing
early-stopping (patience = 5) to prevent overfitting.

To limit the need for user preprocessing, we feed raw sen-
sor data streams directly from our instrumented insoles to
our second classification model, detailed in Figure 3. We
train this model with a batch size of 64 for 100 epochs with
early-stopping (patience = 5).

Activity Classification Performance The video and in-
sole models are trained independently, and their resulting
probability scores are averaged during inference. The en-
semble approach results in an accuracy of 99.02% on our
test set. We perform an ablation study by comparing the two
independent single-mode models. Although both the insole-
only model (97.74% accuracy) and pose-based video model
(98.28% accuracy) perform well, neither performs as well
as the ensemble approach.

Knee Joint Kinetics
After classifying activities, dynamic measures, such as
KAM, can be predicted using regression models with sen-
sor and video data as input. The 52 participants are split
into a 70%, 13%, 17%, train, validation, test split, and the

28146



Sensor Data Input
rrr MAE

Nm %BW*ht
Walking 0.94±0.05 4.37±1.93 0.42±0.18
Running 0.92±0.16 5.63±2.91 0.55±0.28

Stand-to-Sit 0.40±0.52 4.58±3.49 0.44±0.33
Sit-to-Stand 0.54±0.42 3.69±2.03 0.35±0.19

Sensor and Knee Angle Data Input
rrr MAE

Nm %BW*ht
Walking 0.94±0.04 3.92±1.65 0.37±0.16
Running 0.94±0.13 4.72±1.68 0.46±0.16

Stand-to-Sit 0.64±0.28 3.27±2.25 0.31±0.21
Sit-to-Stand 0.64±0.40 3.20±1.78 0.30±0.17

Table 3: Kinetic model KAM prediction correlation coeffi-
cients (r) and mean average error (MAE) for each activity.
MAE presented in Newton meters (NM) and normalized to
bodyweight and height (%BW*ht). Predictions are shown
using only sensor data as input to a kinetic model and using
sensor and pose-estimation calculated knee angles as inputs
to the kinetic model. Results presented as mean ± one stan-
dard deviation.

participants’ data is not included in more than one of the
sets (Halilaj et al. 2018). We extracted each stride and cor-
responding knee angles from motion data. Each data stream
is scaled to 101-time points to represent 0 to 100% of the
stride, a typical way to examine data in biomechanics (Win-
ter 2009).

After preliminary tests with baseline versions of four
commonly used models when predicting KAM, multilayer
perceptron, recurrent neural networks (RNN), and convolu-
tional neural networks (Boswell et al. 2020; Snyder et al.
2023), we found that recurrent models performed the best.
Therefore, we first develop LSTM models (Sherstinsky
2020) with forces from the 6 degrees of freedom insole
data as input to estimate KAM during walking, running,
sit-to-stand, and stand-to-sit activities. We then improve on
these models and demonstrate the efficacy of multimodal ap-
proaches by developing models that predict KAM from both
insole data and the time-aligned, pose-derived knee angle
data.

Model Description We first develop LSTM models for
each class (walking, running, sit-to-stand, and stand-to-sit)
with only force-insole sensor data as input. Raw sensor data
serves as the input to the LSTM, where each input consists
of 15 sensor features (forces in X, Y, and Z directions) and
101 time points. The predicted KAM is then compared to
ground truth, gait lab calculated KAM, and the basic LSTM
is fine-tuned using Ray Tuner9 to minimize mean-average-
error loss of KAM across strides. Each LSTM consists of an
LSTM layer, followed by a fully connected ReLu layer, and
a fully connected linear layer as described in Figure 3. We
use a batch size of 10 for running and sitting, and a batch size

9https://docs.ray.io/en/latest/tune/index.html

Figure 4: Visualization of mean KAM prediction (red
dashed line) and mean reference ground truth (black line)
for each activity model for multimodal inputs. One standard
deviation is plotted in the shaded area.

of 20 for walking. The LSTM layer size differs by activity,
with a size of 128 for walking and running and a size of 256
for sitting and standing. The models leverage the ADAM op-
timizer (Kingma and Ba 2014) with a learning rate of 0.08
and are trained for 150 to 300 epochs on a single NVIDIA
GeForce RTX 4070 Ti GPU. We utilize a scheduler to reduce
the learning rate on a plateau and include dropout layers in
the model to prevent overfitting.

To demonstrate the ability of video data to increase
the prediction accuracy of kinetic parameters, specifically
KAM, we create a second baseline LSTM model for
each activity class. The secondary model intakes the pose-
calculated knee angle from the time-aligned RGB video data
coupled with the insole sensor data as input. Each secondary
model has the same layers as the original model, with a fine-
tuned number of nodes and learning rate.

Kinetic Model Performance As demonstrated in Table 3,
our multi-modal model predicts KAM with mean average
errors (MAE) lower than the 0.5 %BW*ht threshold, thus
demonstrating its potential use in clinical settings as a viable
estimator of KAM to detect early signs of knee osteoarthri-
tis. In comparing correlation coefficients, the walking and
running models significantly outperform the sit-to-stand and
stand-to-sit models, both with and without the addition of
the knee angle. This could be due to the greater noise-to-
signal ratio and less variation in sensor magnitudes across
the sitting/standing tasks. Additionally, the sit-to-stand and
stand-to-sit results demonstrate the importance of a multi-
modal dataset, as including the knee angle greatly increased
the correlation coefficients of the model.
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Our walking model (r = 0.94) significantly outperforms
the best video-only (OpenCap r2 = 0.80) (Uhlrich et al.
2023), and motion-capture-only (r2 = 0.86) (Boswell et al.
2020) approaches to KAM estimation, further emphasiz-
ing the robustness of our multimodal approach. Overall, our
baseline models show promising results, and future research
incorporating additional kinematic parameters from video
data (joint speeds, hip angles, etc.) has the potential to fur-
ther increase prediction accuracies.

Conclusion
In this paper, we propose VidSole, a novel dataset that in-
cludes 52 diverse individuals completing over 2,600 walk-
ing, running, sitting, and standing trials consisting of RGB
video, instrumented insole force and moment, motion cap-
ture, and force plate data. This dataset, coupled with deep
learning architectures, can facilitate advanced gait analy-
sis in clinical settings. We illustrate this by introducing a
pipeline to compute KAM, a biomechanical risk factor for
knee osteoarthritis. In our pipeline, we first classify activi-
ties with high accuracy using a pose estimation and insole
data-based GRU ensemble model. Our pipeline then pre-
dicts KAM via activity-specific LSTM regression models
with only insole data and knee angles as inputs. Our LSTM
regression models estimate KAM with moderate to high cor-
relation coefficients, 0.64 < r < 0.94, for all models, out-
performing current methods and emphasizing the efficacy
of our approach. Furthermore, our MAE is lower than the
threshold for clinically applicable estimations, 0.5%BW*ht
(Mündermann et al. 2004; Amin et al. 2004; Sharma et al.
1998; Miyazaki et al. 2002), further validating our approach.

Dataset Directions Given our success in developing mod-
els to estimate KAM, we strongly believe VidSole can be
leveraged by the AI community to accurately estimate ki-
netic measures related to knee osteoarthritis and significant
gait parameters related to other pathologies. Thus, we in-
troduce two prevalent biomechanical measures that can be
explored with our multimodal dataset.

Shear forces (anterior-posterior forces parallel to the
ground) acting on the knee are associated with the magni-
tude of ACL loading (Maniar et al. 2022), ACL injury (Yu
and Garrett 2007), and cartilage deterioration (Lynn, Reid,
and Costigan 2007). The current means of calculating these
forces are limited to utilizing inverse dynamics methods on
motion capture and force plate data (Winter 2009). As our
novel instrumented insole measures forces and moments in
non-vertical directions, we believe that coupled with proper
spacial localization from RGB video, deep learning method-
ologies can produce accurate estimations for shear forces
and aid in the early detection of knee-related diseases.

The sit-to-stand test is one of the most popular methods
for evaluating lower muscular power. The time required to
complete 10 sit-to-stand repetitions is associated with lower
extremity muscle strength; the number of sit-to-stand rep-
etitions completed within 30 seconds relates to lower ex-
tremity muscle endurance; and the time to complete 5 sit-to-
stand repetitions is associated with knee extension strength
in adults of all age groups (Lein et al. 2022; Yoshiko et al.

2021; Bohannon et al. 2010; Atrsaei et al. 2022). The in-
strumented sit-to-stand test, in which each cycle of the sit-
to-stand process is segmented and time per period is calcu-
lated, has a far higher association with a health status and
functional ability (van Lummel et al. 2016). Current meth-
ods to measure this are via inertial measurement unit sen-
sors placed near the center of mass; however, we believe our
VidSole dataset can facilitate a more accurate, non-intrusive
approach. Furthermore, our multimodal dataset provides the
necessary input for models to predict relevant biomechanical
factors such as range of motion, angular velocity, coordina-
tion, and balance across different subphases of the test to
further analyze the already proven sit-to-stand test.

Limitations and Future Work Although we attempt to
mimic clinical settings as best as we can in our gait lab,
further evaluating our methods in clinical settings is nec-
essary for proper validation. While we detail the reasoning
behind the technical decisions we made (video/insole align-
ment, deep learning pipeline, etc), we believe the develop-
ment of more robust models that still adhere to the prin-
ciples outlined in the paper (minimal preprocessing, auto-
mated pipeline, minimal computational requirement, etc.) is
necessary for stronger results. Hence, we strongly believe
the AI community will benefit from our dataset and baseline
pipeline to optimize our approaches further.

In our work, we explore how our dataset can be utilized to
create large-scale gait analysis in clinical settings; however,
the ability to track these important kinetic and kinematic
metrics over the course of a day in real-world scenarios is
still largely unexplored. Thus, we aim to test our instru-
mented insoles in all types of terrain and in non-supervised
environments. We also plan to further diversify our dataset
by collecting data on older individuals and individuals with
knee osteoarthritis. This could lead to an advancement in
medical decision-making and provide care for people of all
ages, and assist in in fall detection, joint deterioration pro-
jections, and overall health quality.

Thus, we emphasize the need for biomechanics, clini-
cians, and computer science researchers to work together to
devise practical approaches to quantifying joint kinetics and
preventing biomechanical-related diseases.
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