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ABSTRACT 

USING MACHINE LEARNING TO UNDERSTAND THE KINEMATICS OF 

GESTURING DURING DUAL-TASK WALKING AND OBSTACLE CROSSING 

Mackenzie Barrowman M.S. 

George Mason University, 2025 

Thesis Director: Dr. Tiphanie E. Raffegeau 

 

Study Rationale 

One out of four older adults experience a fall annually and over three million 

older adults are seen in emergency rooms due to a fall. Falls typically happen during 

walking in older adults and one out of five older adult falls occur on uneven ground. Gait 

involves both cognitive and motor demands and walking with extemporaneous speech is 

a cognitively demanding task, even for healthy young adults. When completing a dual-

task with a complex locomotor task, such as obstacle avoidance, older adults have a 

greater risk of falling. Walking while talking (a dual-task (DT)), is an everyday task that 

can be used to understand the fall-risk in older adults due to the negative impacts in gait 

caused by increased cognitive load. Extemporaneous speech requires cognitive processes 

to retrieve lexical information, identify and select correct words, then words are uttered 

using complex motor processes. Hand gestures facilitate the lexical retrieval process 

during extemporaneous speech and frequently occur when someone is performing a DT, 

causing disruption in arm swing coordination. Arm swing is a cyclical process that occurs 

during gait where the arms swing out of phase relative to the legs, which helps maintain 
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stability during gait. It remains unknown if gesturing during DT gait and obstacle 

crossing influences older adult stability by disrupting the coordination of typical arm-

swing. The purpose of this study is: 1) to clinically examine the influence of gestures on 

fall-risk during DT walking and obstacle crossing, and 2) to examine the feasibility of 

machine learning models to recognize a hand gesture recorded with motion capture 

technology during a DT. The results from this study will reveal the relationship between 

gesturing and gait and could serve as indication of cognitive motor capacity and promote 

interventions to reduce fall-risk. 

 

Methods 

Twelve community-dwelling older adults were included in this analysis of a data 

from a previous study (women = 7, age = 70.3 years). Motion capture technology 

recorded performance as the participants walked and spoke extemporaneously about a 

randomly assigned topic (Vicon Nexus 2.x, Oxford UK), wearing 39 reflective markers 

according to the Vicon Plug-in-Gait full-body marker model. Participant performance in 

two conditions: 1) DT walking with extemporaneous speech and 2) obstructed DT 

walking with extemporaneous speech, were analyzed in this study. Plug-in Gait 

kinematics (i.e., ankle angles, wrist angles, elbow angles, etc.) were used as primary 

features for the machine learning model, and the central difference method was used to 

calculate the angular velocity and acceleration. Spatiotemporal outcomes (i.e., gait speed, 

step length, step width, and margin of stability) were calculated to determine the effect of 

gestures on dual-task walking. Approach distance, landing distance, and toe clearance 
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were calculated during dual-task obstacle crossing, in addition to the previously 

mentioned spatiotemporal measures, to understand the effect of gestures on obstacle 

crossing. Interlimb coordination metrics (i.e., cross covariance coefficients, and 

continuous relative phase) were also calculated and compared between walking and 

obstacle crossing in older adults who gesture versus those who did not gesture.  

Gestures were then manually identified, by a researcher, from the start of the 

gesture to the end of the gesture. Gesture time was used to train a supervised machine 

learning model. One sliding window (20-frame window with 10-frame overlap) was 

tested to convert the joint angle, angular velocity, and angular acceleration data into the 

proper format for the machine learning algorithms. Data were then input into the KNN 

model. The machine learning model returned labeled time frames as a gesture or non-

gesture, and this was compared to the manually identified gesture time frames. The 

resultant time frames indicated the comparison points for gesture versus non-gesture time 

and allowed us to compare gait performance across the two cognitive-motor states. We 

compared gait performance during gesture and non-gesture times between DT 

overground walking and obstacle avoidance. 

Expected Outcomes 

 Results from this study will reveal the clinical relationship between 

gestures and gait, and the feasibility of using machine learning for recognizing gestures 

during DT walking. Once gestures can accurately be identified, gait changes due to the 

disruption in arm swing will be revealed for the first time. Using machine learning 

approaches to identify a gesture from motion capture data will enable reliable 
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examination of the effect of gestures on DT gait in older adults, which may serve as an 

indicator of cognitive-motor function and fall-risk.
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USING MACHINE LEARNING TO IDENTIFY A HAND GESTURE DURING 

DUAL-TASK WALKING AND OBSTACLE CROSSING WITH 

EXTEMPORANEOUS SPEECH 

INTRODUCTION 

One out of four older adults (65 years and older) experience a fall annually and 

over three million older adults are seen in emergency rooms due to a fall.1 Walking while 

talking, commonly referred to as a dual-task (DT), is an everyday task that can indicate 

fall-risk in older adults if they exhibit gait impairments when they experience an 

additional cognitive demand during walking.2,3,4 However, the effects of breaks in arm 

swing coordination on gait due to gesturing, which frequently occurs when someone is 

talking and walking, are not well understood. Moreover, how the effects of gestures may 

change with the added motor complexity of avoiding obstacles in one's path remains 

unknown. Motor complexity is high during obstacle crossing as biomechanical 

challenges to stability arise. The purpose of this study is to determine how gesturing 

influences gait during overground walking and when older adults must increase 

locomotor complexity and avoid an obstacle during a DT. Additionally, we aim to 

examine the feasibility of machine learning models to identify periods of gesturing versus 

periods of typical arm-swing in older adults walking during a DT to investigate the role 

of gesturing on gait performance. Results from this study will reveal the relationship 

between gesturing and motor complexity during DT walking and obstacle crossing for 

older adults. The relationship between gesturing and gait could indicate cognitive-motor 

capacity and provide an effective target for interventions to reduce fall-risk. 
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Gestures During Dual-Task Walking and Obstacle Crossing 

Dual-tasks, such as walking with extemporaneous speech, are commonly 

performed everyday activities which require complex motor and cognitive processes. 

Walking involves both cognitive and motor demands such as coordinating trunk and limb 

movements to navigate our changing environment, such as walking on uneven terrain.5 

Extemporaneous speech requires complex cognitive processes to retrieve the linguistic 

information (lexical retrieval) one wishes to share, identify correct words, sentence 

structure and grammar, and then the desired sentence will be produced using intricate 

motor processes.6 Although walking with extemporaneous speech is a habitual activity 

for most, it has consequences for poor execution (i.e., loss of stability and social 

consequences) and interferes with walking performance, even for healthy young adults.2,3 

7,8 With the addition of a verbal fluency speech DT when walking, older adults 

experienced a decrease in gait speed and increased stride time variability,9 which 

indicates fall-risk in older adults.10 Although it is understood that the increase in 

cognitive demand due to speech affects gait in healthy adults, minimal evidence has been 

reported for older adults speaking extemporaneously. It also remains unknown how upper 

body movements that some individuals perform to facilitate extemporaneous speech 

(commonly referred to as a gesture) influence walking performance. 

Individuals that gesture during extemporaneous speech are typically doing so to 

facilitate the lexical retrieval process of the information they want to share verbally, as 

these gestures occur before their vocal counterpart.11–13 Morrel-Samuels and Krauss 

examined 60 lexical gestures and found the average time interval between the start of the 
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lexical gesture and the start of the affiliate word utterance (gesture-speech asynchrony) to 

be 0.99 s.13 None of the 60 gestures were initiated after the lexical affiliate utterance had 

begun, supporting the claim gestures help facilitate the lexical retrieval process during 

extemporaneous speech; however, the type of gestures performed are also important to 

consider. Arslan and Göksun examined the different types of gestures (deictic vs. 

representational) and found younger adults use more representational gestures (gestures 

related to the speech content) whereas older adults use more deictic gestures (gestures 

used to direct attention) which are considered a simpler gesture.14 More deictic gestures 

in older adults confirms a previous argument that as individuals age, the cognitive-motor 

tradeoff for gesturing during extemporaneous speech changes with aging.15  The 

cognitive-motor tradeoff for gesturing during speech indicates as individuals age they 

have to gesture more to successful speak; however, these gestures have to be simplified 

to ensure the cognitive process of speech is able to be completed. The cognitive-motor 

tradeoff seen in older adults to gesture during speech could reflect cognitive-motor 

interference with lexical retrieval during DT gait.  

1 in 5 older adult falls occur on uneven walkways, thus obstacle avoidance is key 

to understanding older adult falls.16 Challenges to biomechanical stability arise during 

obstacle crossing because more time is spent with one foot on the ground (single 

support), and increased hip flexion is required to clear the obstruction.17-19Adding a 

concurrent cognitive task (i.e., extemporaneous speech) to obstacle crossing, like 

overground walking, will typically cause older adults to walk at slower speeds.20 During 

obstacle crossing with added cognitive demand older adults adjust their margin of 
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stability (MOS) to be larger, or more stable, which is a representation of anteroposterior 

mechanical stability.21 Although there is some evidence of the negative impacts of 

extemporaneous speech on gait in older adults and how speech-related gestures change 

with aging, it remains unknown if gesturing during DT gait and obstacle crossing 

influences gait stability by disrupting the coordination of typical arm-swing. If gesturing 

challenges stability during gait and obstacle crossing, it may represent a sign of reduced 

motor flexibility for older people who gesture while walking and talking.  

Arm Swing During Dual-Task Walking 

Although there is a paucity of literature looking at gestures during a DT, there are 

studies examining arm swing kinematics during DT walking. Overground walking 

involves arm swing and trunk rotation in addition to coordinating steps during the gait 

cycle.22,23 Arm swing is a cyclical process that occurs during walking where the arms 

swings out of phase relative to the legs, which reduces the body’s angular momentum 

around the vertical axis.24-28 Specifically, when gait speed increases, arm swing 

compensates for the increase angular momentum caused by added momentum of the 

lower limbs.25 Additionally, arm swing reduces the motor cost of walking by positively 

contributing to stability in both healthy young adults and older adults.27 To control 

dynamic stability during gait, the forward and rotational momentum of the center of mass 

(COM) is controlled with arm swing amplitude,29 and gait parameters are adjusted to 

maintain the COM within the base of support.30  Decreases in arm swing amplitude to 

control upper body momentum is perhaps a strategy by older adults to match decreases in 

lower extremity torque to maintain steady state gait.31 Arm swing amplitude decreases in 
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relation to cognitive loading with healthy aging,31 which could lead to a decrease in gait 

stability with aging under cognitive load. If stability is enhanced with arm swing during 

gait, then gesturing may further decrease gait stability and represent a trade-off between 

cognitive interference and stability that could lead to impair older adult walking and lead 

to falls in older adults. 

Machine Learning 

 Machine learning (ML) refers to a broad range of algorithms that perform 

intelligent predictions based on a data set. Recent progress in ML has demonstrated the 

ability to detect abstract patterns with greater accuracy than human experts.32 Some ML 

models, such as deep learning models, are based on neural networks. Neural networks 

consist of layers of nodes (an input layer, one or more hidden layers, and an output layer), 

with each node having its own associated weight and threshold connected to other nodes; 

if the output of any node is above its specified threshold, that node is activated, sending 

data to the next layer.33 Once the neural networks are fine-tuned from training data (input 

data with labels corresponding to the pre-determined outputs), they can successfully 

classify or cluster data into meaningful segments rapidly. However, other common ML 

models, such as K-nearest neighbor, are not based on neural network architecture. 

ML models offer an opportunity to categorize human movements (i.e. gestures) 

using large complex biomechanical data sets. A wide variety of ML algorithms (models) 

are in use today and the model choice selected for a problem is determined by input data 

characteristics and the desired outcome. Supervised learning, a type of ML, involves the 

use of training data (labeled input data associated with the pre-determined outcomes); 
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whereas unsupervised learning includes no categorized data.32 The advantage of using 

ML models to analyze complex human movement, specifically when examining arm 

movement while walking, is they detect hard-to-discern patterns from large and complex 

data sets.34  

K-nearest neighbor (KNN), is a commonly used supervised ML model that is used 

for classification purposes,35 due to its easy-to-understand design36 and ability to solve 

classification challenges (i.e., data of different sizes, ranges, and contexts).37 Training 

data is used to train the model then once unlabeled data (test data) in entered, KNN 

predicts the classification of the unlabeled data by considering features and labels of the 

training data.38 The KNN algorithm classifies the test data using a training model similar 

to the test data by taking into account the k nearest training points (neighbors), to the test 

data, then performs majority voting to check which classification to finalize.35 

Upper Body Analyses Using Machine Learning  

ML is a common tool that has been used to detect upper body movements (i.e., gesture, 

or reaching) with inertial measurement units (IMUs) and motion capture technology 

which records position and acceleration data. IMUs typically have an accelerometer, 

gyroscope, and magnetometer and they measure linear acceleration, angular velocity, 

and magnetic field strength, respectively.39 Motion capture uses infrared video to record 

human movement that can then be analyzed further.Transfer learning is a ML technique 

where a pre-trained model from one ML dataset is used to improve performance and 

generalizability on a related dataset.40 Transfer learning was successful in detecting 

gestures from wrist-worn IMU sensors while participants walked on a treadmill and 
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performed gestures that they were shown prior to the trial.41 The predetermined gestures 

were shown to the participant prior to collecting the trials, and the participant was able to 

practice them. The gestures were then recorded with wrist-based IMUs when the 

participant was standing and while walking on a treadmill. The model was trained with 

hand gestures while standing to recognize hand gestures while walking, by applying 

transfer learning to modify the original model to recognize hand gestures while 

walking.41 A ML model being properly trained to recognize specific predetermined 

gestures supports the idea that ML is a technique that could properly identify gestures; 

however, their approach may not be the best application for this study because the 

gestures are facilitating lexical retrieval of extemporaneous speech and are not 

predetermined. Using data from IMUs and electromyography sensors (EMGs) that were 

worn as participants spoke Persian Sign Language, ML was able to recognize person-

specific gestures with high accuracy for 20 signs.42 Combining information collected with 

Leap Motion sensor and Kinect (depth camera), both supervised and unsupervised ML 

models was successful in identifying 10 different American Sign Language gestures 

across 14 individuals.43 Although sign language is not the upper body movement of 

interest in our study, these two studies support the idea that supervised and unsupervised 

ML models are viable methods to adopt and test hand gesture identification during 

speech.  

K-nearest neighbor (KNN) is a commonly used supervised ML model to analyze 

upper body movements. The KNN model was 96.13% accurate in extracting features and 

classifying Persian Sign Language gestures while sitting.42 The KNN model has also 
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been compared to other supervised methods, such as the support vector machine (SVM) 

when identifying gestures and has been found to perform with the best accuracy for 

gesture recognition. When analyzing gestures while standing with wrist worn IMUs, the 

KNN model was able to achieve 85.5% gesture recognition accuracy while the SVM 

model obtained 84.1% accuracy.41 However, when using wrist worn IMUs to detect 

predetermined gestures while walking, the KNN model reached 66.4% accuracy, and the 

SVM model obtained 64.1% accuracy.41 Due to KNN being used frequently for gesture 

recognition and performing better than other supervised models, it will be the supervised 

model used in this study. The decrease in accuracy in the ML algorithms from standing to 

walking with data recorded from IMUs is a reason motion capture and video could be a 

better approach to record and classify gestures. While motion capture and position data 

are continuous, acceleration data only detects the rate of change in movement and will 

detect no acceleration if motion is constant. Due to the dynamic nature of forward 

walking, accelerations due to gestures may be more difficult to detect without additional 

information from position and velocity.  

Windowing 

Windowing is used to transform time series data into generic ML input data sets.44 

The size of the sliding window used to extract features in the ML algorithms is 

imperative to achieving a high accuracy model. Deep learning, like ML, has also been 

used to analyze upper body movements; however, there is a slight difference in the two 

being ML models use neural networks with one or two computational layers and deep 

learning models use typically hundreds or thousands of layers to train the models. Jaén-
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Vargas et. al analyzed four different deep learning models (a simple deep neural network 

(DNN); a convolutional neural network (CNN); a long short-term memory network 

(LSTM); and a hybrid model (CNN-LSTM)) and compared the effects of differing 

window sizes (short: 5, 10, 15, 20, 25 and long: 50, 75, 100, 200 frames) in IMUs and 

motion caption data, recorded at 100 Hz.45 Raw acceleration data were used for one 

minute of overground walking, squatting, and sit to stands and results showed the most 

optimal window is from 20–25 frames (0.20–0.25s) for both IMUs (99.07% accurate 

using CNN-LSTM model) and motion capture (98.8% accurate using CNN-LSTM),45 

suggesting 20-25 may be an optimal windowing size for detecting gestures during 

walking. Although this study does not use the same ML approaches we will use, it serves 

as a starting point for determining window sizes that most effectively identify a gesture 

while walking.  

Purpose 

The purpose of this study is to compare gait outcomes (i.e., gait speed, step 

length, step width, continuous relative phase, margins of stability, and cross covariance 

coefficients of range of motion (ROM) during overground DT gait with DT gait during a 

more complex locomotor task (i.e., obstacle avoidance) in older adults who gesture 

versus those who do not gesture. Further, we aim to assess the feasibility of supervised 

(KNN) model and to test windowing to identify gestures during DT walking and obstacle 

crossing in older adults.  First, we predict the KNN model will identify arm swing within 

an 85% accuracy threshold with a small sliding window using joint angles, angular 

velocity, and angular acceleration data as the input. Next, we predict gait speed, step 
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length, step width, will decrease, and margin of stability will increase in individuals who 

gesture compared to those who do not gesture. Last, we predict, during DT obstacle 

crossing, individuals will exhibit shorter approach and landing distances and lower toe 

clearance over the obstacle in trials containing gestures compared to those without 

gestures. The results from this study will provide preliminary evidence towards 

understanding speech-related gestures and their influences on gait patterns and stability in 

older adults during DT walking and obstacle crossing.  
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An Investigation of Changes to Locomotor Stability During Dual-Task Walking and 

Obstacle Crossing While Gesturing  

Abstract 

 Dual-task walking can be used to understand fall risk in older adults due to 

challenging cognitive motor pathways.2-4  In day-to-day situations older adults are 

required to adapt their gait to the changing environment which can sometimes require 

obstacle crossing which challenges older adults by increasing their motor demand. 

Current evidence shows, during dual-task walking.9 and obstacle crossing,20,21 older 

adults slow down and adjust the margin of stability to be more stable allowing them to 

continue to talk. Gesturing, which is used to facilitate lexical retrieval for speech,11-13 may 

occur during dual-task walking and obstacle crossing leading to disruptions in arm swing 

and ultimately challenging stability. Further research is needed to understand how 

gestures influence stability during dual-task walking and obstacle crossing. The purpose 

of this study is to investigate the role of gesturing on gait performance, as well as 

determining how gestures affect older adults during dual-task obstacle crossing. 12 

participants (women, N=7; mean(SD), age(years) = 71(4), height(meters) = 1.69(0.09), 

leg length(meters) = 0.92(0.04)) wore 39 reflective markers according to the Plug-in-Gait 

full-body marker system (Vicon Motion Systems, Centennial, CO, USA) and walked at 

self-selected speeds in the motion capture space along a 10-meter walkway under four 

conditions: 1) overground walking, 2) dual-task walking, 3) obstacle crossing, 4) dual-

task obstacle crossing. The dual-task trials only were used in this analysis. Gait speed, 

step length, step width, margin of stability, and interlimb coordination metrics were 
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calculated using a custom MATLAB code (Natick, MA). Results revealed that 

participants who gesture slowed down and adopted more stable gait patterns to allow 

themselves to continue to talk while walking and obstacle crossing. 

Introduction  

 One out of four older adults (65 years and older) experience a fall annually and 

over three million older adults are helped in emergency rooms due to a fall.1 Walking 

while talking, referred to as a dual-task (DT), challenges older adults by adding cognitive 

demand during walking, and can be used to understand older adult fall-risk.2-4 However, 

gesturing frequently occurs when individuals are walking and talking leading to a 

disruption in arm swing coordination. The effects on gait caused by these disruptions in 

arm swing coordination are not well understood. The purpose of this study is to 

investigate the role of gesturing on gait performance, as well as determining how gestures 

and gait change when older adults must increase locomotor complexity and avoid an 

obstacle during a DT. Results from this study will reveal the relationship between 

gesturing and motor complexity during DT walking and obstacle crossing. The 

relationship between gesturing and gait could serve as an indication of cognitive motor 

capacity and promote interventions to reduce fall-risk. 

 For most individuals dual-tasks, such as walking with extemporaneous speech, are 

everyday activities which involve coordination of the motor and cognitive systems. 

Extemporaneous speech uses lexical retrieval which requires complex cognitive 

processes to retrieve linguistic information and identify the correct words and grammar, 

and speech is processed using complex motor processes.6 While walking and talking for 
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most is a routine task, it is cognitively challenging, even for young healthy adults.2-3 DT 

obstacle crossing is also important to consider as one in five older adult falls occur on 

uneven surfaces.16 The motor demands of obstacle crossing are higher than normal 

walking, which could lead to greater cognitive-motor deficits when cognitive demands 

are introduced. When older adults were asked to complete a speech DT while walking, 

they decreased their gait speed and increased their stride time variability,9 which 

indicates fall-risk. Older adults also perform obstacle crossing at slower speeds when a 

cognitive task was concurrently completed.20 The decrease in gait speed and increased 

stride time variability in older adults during a DT show these individuals had increased 

cognitive-motor demands that required them to adapt their gait to successfully complete 

the cognitive task. 

 During speech, some individuals use upper limb movements while talking 

(commonly referred to as a gesture) reflecting the speaker’s thoughts and can serve as an 

indicator of cognitive load.46 Typically gestures are used to facilitate the lexical retrieval 

aspect of extemporaneous speech, as gestures occur before their vocal counterpart.11-13 

Gesturing changes with aging, specifically older adults use simpler gestures than young 

adults.14,15 The change to simple gestures as aging occurs represents the cognitive-motor 

tradeoff between gesturing and extemporaneous speech, which indicates gestures could 

cause cognitive-motor difficulties during DT gait. 

 Speech-related gestures in DT walking may cause a break in the arm swing 

pattern that occurs during gait. Arm swing is a cyclical pattern where the arms swing out 

of phase relative to the legs, which reduces the body’s angular momentum around the 
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vertical axis.24-28 In healthy young adults and older adults, arm swing reduces the motor 

cost of gait by positively contributing to stability;27 however, decreased arm swing 

amplitude has been found during cognitive loading in relation to healthy aging,31  which 

could lead to a decrease in stability. Older adults gesturing during DT walking may 

decrease gait stability, due to the break in arm swing, and indicate cognitive-motor 

tradeoff that could lead to falls. 

 The purpose of this study was to compare gait outcomes (i.e., gait speed, step 

length, step width, continuous relative phase, margins of stability, and cross covariance 

coefficients of range of motion (ROM) during overground DT gait with DT gait during a 

more complex locomotor task (i.e., obstacle avoidance) in older adults who gesture 

versus those who do not gesture. We predicted gait speed and step length will decrease 

and step width, and margin of stability will increase in individuals who gesture compared 

to those who do not gesture. We also predicted, during DT obstacle crossing, individuals 

will exhibit lower toe clearance and lower interlimb coordination over the obstacle in 

trials containing gestures compared to those without gestures. This study provides 

preliminary evidence towards understanding how gestures influence gait patterns and 

stability in older adults, during DT walking and obstacle crossing while speaking 

extemporaneously. 

Methods 

Participants 

The data analyzed in this study are part of a preexisting study. After providing informed 

consent, community-dwelling older adults were enrolled as part of a previously 
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conducted study, approved by the Institutional Review Board. Eligible participants were 

between 65 years and 85 years old, able to walk comfortably without assistance, and had 

vision and hearing corrected to normal. Participants were excluded if they had a 

diagnosed neurological issue (e.g. Parkinson’s disease), dementing disorder (e.g. 

Alzheimer’s disease), orthopedic injury (e.g. low-limb amputation, osteoarthritis) that 

affects walking, uncontrolled cardiovascular disease, a respiratory disease requiring 

oxygen, if they could not understand or speak English, or were deemed as cognitively 

impaired by a score <25 points on the Montreal Cognitive Assessment (MoCA) during 

their screening. If participants had been diagnosed with Depression prior to participating 

in the study, they had to be on a stable dose of anti-depressants for at least three months. 

Protocol and Procedure 

Data for this study were collected at two testing sites using motion capture 

technology (Vicon Motion Systems, Centennial, CO, USA). Eight participants were 

tested at Ohio University with 22 Vicon Nexus cameras (Vero v2.2, Vantage 5, and 

Bonita), and four participants were tested at George Mason University with eight Vicon 

Nexus cameras (MX T20). All parts of the protocol have remained consistent between the 

two testing sites. 

As part of the screening process participants completed a series of paper-based 

surveys and cognitive tests in a quiet, well-lit office. Motion capture technology then 

recorded performance as the participants walked under different conditions (described in 

the subsequent paragraph), wearing their own comfortable athletic shoe wear, with the 

starting position outside of the capture space to ensure steady-state gait was recorded. 
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Participants wore 39 reflective markers according to the Vicon Plug-in-Gait full-body 

marker system (Vicon Motion Systems, Centennial, CO, USA) and kinematic data were 

recorded using a sampling frequency of 100 Hz at both testing sites. 

Participants completed several walking tasks in a fixed order as part of a larger 

study. First, the participants completed the overground walking task where they were 

instructed to walk at a comfortable self-selected pace along a 10-meter-long walkway, 

without talking, and stop at the opposite end. The overground walking task was repeated 

until the participant completed 10 passes containing clean foot strikes, with a maximum 

of 15 possible trials. Participants were then handed a list of speech topics (22 at Ohio 

University and 18 at George Mason University) and asked to choose six topics they felt 

comfortable talking about for a minute. Examples of the speech topics provided were: 

describe your hometown, first job, family, recent books you have read, recent trips you 

took, etc. The selected speech topics were randomly assigned back to them during the 

extemporaneous speech conditions. Participants then completed a seated extemporaneous 

speech task where they were instructed to talk about one of the chosen topics for one 

minute without stopping, however this data was not used in this study as they were not 

walking. Next, the extemporaneous speech DT was performed, and the participants were 

instructed to walk back and forth along the marked-out walkway and talk as much as 

possible about another selected speech topic for one minute without stopping. During the 

speech trials, participants were instructed that the researchers were not allowed to talk to 

them and that it did not matter what they said, just that they kept talking. Next, for the 

obstructed walking task, participants were instructed to walk along the pathway without 
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talking and stop at the other end, avoiding the 91.4cm wide obstacle in the middle of the 

path, which was made of a ¾-inch unstained pine wood dowel held by lateral supports at 

17.8 cm high. The dowel was positioned in the middle of the walkway and participants 

were instructed to cross the obstacle without contacting it, and the obstacle would 

collapse if contacted lightly, ensuring participant safety. The obstructed walking task was 

completed 10 times. Lastly the participants completed the extemporaneous speech DT 

walking with the obstructed pathway. Participants were instructed to walk back and forth 

along the obstructed walkway and talk as much as possible about a different selected 

speech topic for one minute without stopping, while avoiding the obstacle in the middle 

of the path. Participants were again reminded that researchers were unable to talk to 

them, and that it did not matter what the participant said just that they kept talking. 

Figure 1, shows the physical assessments and walking tasks completed in the fixed order, 

however in this analysis we are only examining the DT trials. A Woltring filter, based on 

a fifth-order spline-interpolating function, was used to filter the raw trajectory data of 

each marker.   

 

 

 

 

 

 
Figure 1: Set Order of Physical Assessments and Walking Tasks. Notes: ** denotes tasks analyzed in the analysis. 
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Recorded DT trials were then examined to identify which subjects and trials 

contained at least one gesture. For this study, a gesture was classified if arm swing was 

‘broken’ and it was a volitional motion, unlike freezing of arm swing which was 

occasionally observed. Trials with gestures were then manually identified by a researcher 

in Vicon. Trials including gestures were used to compare gait and obstacle crossing 

outcomes to trials not including a gesture.  

Gait Analysis 

Hip and shoulder angles have historically been examined to identify the cross-

covariance coefficients between them and understand interlimb coordination during 

gait.47 Cross-covariance coefficients are calculated using the following traditional 

equation:48 CCC(X,Y)=E[(X-x)(Y-y)’] where E is the expected value, X and Y are 

two different joint angle vectors (i.e., contralateral shoulder and hip angles, and μx and μy 

are the means of the joint angle vectors, respectively. Margin of stability (MOS), defined 

as the distance between the stance foot and the instantaneous position and velocity of the 

extrapolated center of mass divided by the eigenvector of its height,49 will be analyzed 

during gait and obstacle crossing and the moment of contralateral heel strike. Continuous 

Relative Phase (CRP) is a measure of coordination among body segments and is 

calculated as the centered amplitude of shoulder and hip angles, calculating the phase for 

each angle as the following:50 

𝑋𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑 = 𝑋 − min(𝑋) −
max(𝑋) − min(𝑋)

2
 

𝜃𝑥 = arctan(𝐻
(𝑋𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑)

𝑋𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑
) 

𝐶𝑜𝑛𝑡𝑖𝑛𝑢𝑜𝑢𝑠 𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑃ℎ𝑎𝑠𝑒 (𝐶𝑅𝑃) =  𝜃ℎ𝑖𝑝 − 𝜃𝑠ℎ𝑜𝑢𝑙𝑑𝑒𝑟 
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To analyze the effects of gestures on gait during a DT, we compared whole trials 

that include gestures to trials that do not include any gestures. A custom MATLAB code 

was used to compute the mean and standard deviation of spatiotemporal parameters of 

gait to examine the subjects’ gait speed, step length, step width, CRP, cross covariance 

coefficients of relative ROM, and double-support MOS, during DT overground gait to 

compare it to how it changes during DT walking with a gesture.  

Obstacle Crossing Analysis 

To analyze the effects gestures may have on obstacle crossing, we compared the 

same spatiotemporal parameters used in the DT gait analysis between DT obstacle 

crossing with a gesture and without a gesture. Additional spatial and temporal 

measurements were analyzed for the obstacle crossing analysis which included: lead and 

trail foot approach distances (distance from heel to obstacle prior to crossing), lead and 

trail foot toe clearance (difference between maximum vertical toe distance and the 

obstacle), and lead and trail recovery distance (distance from obstacle to heel after 

crossing). To understand how gestures may challenge mechanical stability before and 

after crossing an obstacle, the MOS for the lead and trail foot were calculated during the 

contralateral heel strike of the lead and trail approach steps and landing steps. 

Statistical Analysis 

First, to check for possible violation of homogeneity of variance assumption, we 

used a Levene’s test to analyze equality of variance. We tested any spatiotemporal gait 

data that violated the homogeneity of variance assumption for within subject differences 
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using the Welch’s ANOVA, if the data did not violate the assumption a type II one-way 

ANOVA was used to compare outcomes between gesture and non-gesture groups and 

account for unequal sample sizes between groups.51 Any interlimb coordination metrics 

that violated the homogeneity of variance assumption, we tested for main effects of group 

(2 levels: walking (reference), obstacle crossing) and task (2 levels: walking (reference), 

obstacle crossing), and interaction effects between group and task using a linear mixed 

effects regression (LMER) model, if the data did not violate the assumption, a 2-by-2 

repeated measures, type II, ANOVA was used. The Bonferroni post hoc test was used to 

further understand any interaction effects between task and group that was assessed 

during the 2-by-2 ANOVA. Post hoc tests compared main effects from significant 

interaction effects. Significance was set a priori at p < .05.  

 

Results 

In total, 12 community-dwelling older adults were included in this study (n = 7 

women, mean age = 71 years). Table 1 below summarizes the demographic data for the 

participants. 20.6% of DT walking trials included a gesture and 17.6% of DT obstacle 

crossing trials included a gesture (Table 2). 
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Table 1: Demographic Data for Participants 

Outcome Mean Standard Deviation 

Age (years) 71  4 

Height (m) 1.69  0.09 

Mass (kg) 71.88  11.35 

Leg Length (m) 0.92  0.04 

Notes: Meters (m), Kilograms (kg) 

 

 

 

. 

 Table 2: Comparison of Gesture and Non-Gesture DT Walking and Obstacle Crossing Trials for Each Subject 

Subject 

Walking 

Trials + 

Gesture 

Walking 

Trials + No 

Gesture 

Total 

Walking 

Trials + 

Gesture 

Obstacle 

Crossing 

Trials + 

Gesture 

Obstacle 

Crossing 

Trials + No 

Gesture 

Total 

Obstacle 

Crossing 

Trials + 

Gesture 

1 2 3 40% 3 8 27% 

2 0 12 0% 0 11 0% 

3 3 6 33% 1 9 10% 

4 0 12 0% 0 6 0% 

5 0 11 0% 0 12 0% 

6 5 5 50% 7 5 58% 

7 0 12 0% 2 10 17% 

8 3 6 33% 1 8 11% 

9 2 6 25% 0 6 0% 

10 0 7 0% 0 7 0% 

11 0 6 0% 0 6 0% 

12 6 0 100% 4 3 57% 

 

 

 

 

Spatiotemporal Gait Outcomes: Dual-Task Walking 

Results revealed that in trials where participants gestured during DT walking, 

individuals had slower gait speeds compared to trials where participants did not gesture 

(F = 6.33, p = 0.014). Additionally in DT walking trials where participants gestured, 

individuals walked with wider steps than in trials where no gestures occurred (F = 6.81 p 

= 0.011). During DT walking trials where older adults gestured, individuals had a greater 

MOS in the anterior-posterior direction (MOSAP) than when compared to those trials 
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where older adults did not gesture (F = 5.63, p = 0.020). Trials that included a gesture 

revealed individuals spent a longer time in double support (F = 8.34, p = 0.005) and 

shorter time in single support (F = 8.34, p = 0.005) compared to their non-gesture trial 

counterparts. However, we revealed step length was not significantly different between 

gesture and non-gesture trials (F = 0.13, p =0.722). A detailed summary of all DT 

walking spatiotemporal outcomes can be found below in Table 3. 

 

 

 

 

 

 
Table 3: Differences in Dual-Task Walking Spatiotemporal Outcomes Between Gesture and Non-Gesture Trials 

Outcome 
Non-gesture 

Trials Mean (SD) 

Gesture Trials 

Mean (SD) 
F-value p-value 

Gait Speed (m/s) 1.16 (0.16) 1.06 (0.15) 6.33 0.014* 

Step Length (m) 0.60 (0.04) 0.59 (0.04) 0.13 0.722 

Step Width (m) 0.09 (0.03) 0.10 (0.03) 6.81 0.011* 

MOSAP 0.29 (0.59) 0.64(0.60) 5.63 0.020* 

Double Support 

(% of stride time) 
0.33 (0.03) 0.35 (0.03) 8.34 0.005* 

Single Support 

(% of stride time) 
0.67 (0.03) 0.65 (0.03) 8.34 0.005* 

Notes: Meters per second (m/s), Meters (m), Margin of stability in the anterior-posterior direction (MOSAP), * 

indicates significance (p < 0.05). 

 

 

 

 

 

 

Spatiotemporal Obstacle Crossing Outcomes 

Our results revealed a significant increase in step width over the obstacle in trials 

including a gesture compared to trials that did not include a gesture (F = 7.64, p = 0.007). 

We identified that in trials including a gesture, both lead (F = 4.32, p = 0.040) and trail (F 

= 7.62, p = 0.007) landing distances were further from the obstacle than in trials where 



 

23 

 

gestures did not occur. Lead toe clearance was significantly larger in trials where 

individuals gestured when compared to trials where individuals did not gesture (F = 

11.80, p = 0.001); however, we revealed no significant differences in the trail foot 

clearance distance (F = 0.12, p = 0.734). A detailed summary of all DT obstacle crossing 

spatiotemporal outcomes can be found below in Table 4. 

 

 

 

 

 

 

 
Table 4: Differences in Dual-Task Obstacle Crossing Spatiotemporal Outcomes between Gesture and Non-

gesture trials 

Outcome 
Non-gesture Group 

Trials Mean (SD) 

Gesture Trials 

Mean (SD) 
F-value p-value 

Gait Speed (m/s) 1.09 (0.16) 1.04 (0.21) 1.36 0.247 

Step Length (m) 0.52 (0.06) 0.55 (0.08) 3.24 0.075 

Step Width (m) 0.11 (0.04) 0.14 (0.04) 7.64 0.007* 

Lead Foot Approach 

Distance (m) 
0.93 (0.12) 0.95 (0.11) 0.49 0.485 

Trail Foot Approach 

Distance (m) 
0.28 (0.07) 0.27 (0.06) 1.01 0.317 

Lead Foot Landing 

Distance (m) 
0.23 (0.09) 0.28 (0.07) 4.32 0.040* 

Trail Foot Landing 

Distance (m) 
0.89 (0.12) 0.95 (0.11) 7.62 0.007* 

Lead Foot Toe 

Clearance (m) 
0.19 (0.04) 0.22 (0.04) 11.80 0.001* 

Trail Foot Toe 

Clearance (m) 
0.18 (0.06) 0.19 (0.05) 0.12 0.734 

Lead Foot Approach 

MoSAP 
0.01 (0.05) -0.01 (0.08) 1.34 0.251 

Trail Foot Approach 

MoSAP 
0.00 (0.06) 0.03 (0.14) 3.18 0.078 

Lead Foot Landing 

MoSAP 
0.01 (0.05) 0.01 (0.07) 0.00 0.966 

Trail Foot Landing 

MoSAP 
-0.01 (0.06) -0.01 (0.10) 0.04 0.847 

Notes: Meters per second (m/s), Meters (m), Anterior/Posterior Margin of Stability (MoSAP), * indicates significance. 
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Contralateral Limb Coordination Outcomes  

We identified no significant changes between gesture or task in CRP (Figure 2 

a&b) on either side of the body. Our results revealed a main effect of task (F = 13.71, p < 

0.001, [95% Confidence Interval (CI)= -0.16, -0.10), an interaction effect between 

gesture and task (F = 9.72, p = 0.002, [CI]= 0.04, 0.20), but no main effect of gesture for 

CCCMax between the left shoulder and right hip (L-CCCMax). Specifically, in trials 

where individuals did not gesture had a lower L-CCCMax in obstacle crossing (Figure 

3a) compared to overground walking (p < 0.001); however,11 no difference in task in 

gesture trials was revealed. Results revealed a main effect of task (F = 30.60, p < 0.001, 

[CI]= -0.12, -0.04), an interaction effect between gesture and task (F = 4.17, p = 0.043, 

[CI]= -0.19, 0.00), but no main effect of gesture, for CCCMax between the right shoulder 

and left hip (R-CCCMax). Particularly, R-CCCMax was lower during obstacle crossing 

(Figure 3b) compared to overground walking in the non-gesture trials (p < 0.001), and 

the gesture trials (p = 0.008).  
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Figure 2(a&b): Comparing CRP Between Gesture and Non-Gesture Groups During Dual-Task Walking and 

Obstacle Crossing. (a) No main effect of group or task and no interaction effect of L-CRP was identified. (b) R-CRP 

did not have a main effect of group or task, or an interaction effect.  

 

 

 

 

 

Results identified a main effect of task (F = 44.86, p < 0.001, [CI] = -0.42, -0.24), 

no main effect of gesture and an interaction effect between task and gesture (F = 5.35, p 

= 0.022, [CI] = 0.04, 0.46), for CCC0 between the left shoulder and right hip (L-CCC0). 

Notably, during walking, L-CCC0 was lower in the gesture trials (Figure 3c) compared 

to the non-gesture trials (p = 0.013). However, in the non-gesture trials, L-CCC0 was 

lower during obstacle crossing (Figure 3c) compared to overground walking (p < 0.001). 

We identified a main effect of task (F = 53.94, p < 0.001, [CI] = -0.24, -0.13), no main 

effect of gesture, and no interaction effect between task and gesture for CCC0 between 

the right shoulder and left hip (R-CCC0). Specifically, R-CCC0 was lower during 

obstacle crossing (Figure 3d) compared to walking.  
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Figure 3(a-d): Comparing CCCMax and CCC0 Between Gesture and Non-Gesture Trials During Dual-Task 

Walking and Obstacle Crossing. a) During obstacle crossing, participants who did not gesture had a lower L-

CCCMax (p < 0.001) compared to walking. However, no significant differences in L-CCCMax were identified in the 

gesture group between walking and obstacle crossing. b) Individuals had a lower R-CCCMax during obstacle crossing 

compared to walking in the non-gesture group ( p < 0.001), and the gesture group (p = 0.008). c) When individuals 

gestured during the walking task L-CCC0 was lower (p = 0.013) compared to the non-gesture group. During obstacle 

crossing, individuals who did not gesture had a lower L-CCC0 (p < 0.001) compared to during walking. d) When 

individuals performed the obstacle crossing task, R-CCC0 was lower (p < 0.001) than compared to the walking task 

regardless of if a gesture occurred. 

 

 

 

 

Discussion 

The purpose of this study was to compare the effect of gesturing during DT 

walking and obstacle crossing on metrics of spatiotemporal and stability in older adults. 

We examined differences in walking performance between trials with gesturing 

compared to trials without gestures during an extemporaneous speech DT. We sought to 
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identify the mechanisms underlying the cognitive-motor tradeoff that occurs when 

gesturing while walking by measuring the differences in spatiotemporal gait outcomes 

and stability measures between gesture and non-gesture trials. The results indicate three 

key findings: 1) during trials where older adults gestured they were more stable, as 

indicated by MOS and wider step width, during DT walking trials compared to non-

gesture trials; 2) when older adults gesture, they cross obstacles with higher, wider, and 

longer steps using their lead foot, and wider, longer, but not higher steps using their trail 

foot; 3) when older adults gestured during obstacle crossing, they do not change 

contralateral interlimb coordination relative to walking bilaterally. The results of this 

study demonstrate that older adults who gesture adjust their step width to be wider, and 

ultimately more stable, when DT walking and obstacle crossing. 

A more cautious walking approach during DT walking was adopted when older 

adults gesture, supported by the slower gait speed revealed in trials where older adults 

gestured compared to trials where older adults did not gesture. Older adults who walk 

slower have increased mechanical stability;52 however, slower gait speeds disrupt steady 

state gait, perhaps leading to inefficient gait patterns as compared to optimal steady state 

speeds.53 The older adults who slowed gait speeds and gestured during DT walking trials 

may have prioritized their speech-related gestures and talking at the cost of their gait 

speed. Older adults have been previously found to experience greater costs to gait speed 

and DTs as the cognitive demand increases during walking,54 supporting our claim that 

older adults prioritized speaking at the cost of their gait. Prioritizing speech task and 

slowing gait speed when gestures are present indicates older adults who gesture with 
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extemporaneous speech are perhaps experiencing more cognitive demand to successfully 

perform the speech task. Gestures in older adults increase with complexity of cognitive 

task,14,15 and slower gait speed in older adults has previously been linked to decreased 

cognitive status.55 Therefore, gesturing to facilitate extemporaneous speech55 during DT 

walking may indicate greater cognitive-motor interference in older adults. 

During DT walking trials that included a gesture, older adults adopted gait 

patterns that promoted mechanical stability to maintain steady state gait while speaking 

extemporaneously. A larger base of support and greater mechanical stability was 

observed during DT walking trials including a gesture compared to trails not including a 

gesture, indicated by wider steps and greater MOS revealed in trials where older adults 

gestured during DT walking. Wider step widths are indicative of fall-risk,56 we interpret 

the combination of wider steps and greater MOS in trials where older adults gestured 

compared to trials where older adults did not gesture indicates a cautious gait pattern to 

improve mechanical stability. Due to gesturing causing a disruption in arm swing leading 

to a decrease in counter torques relative to the lower limbs to stay upright during 

walking,24-28 instances where older adults must gesture to help facilitate the lexical 

retrieval process11-13 may require adjusting their gait to compensate and maintain 

stability. The adoption of gait patterns that are more mechanically stable to compensate 

for gesturing in DT walking trials is also supported by a greater time in double support 

and lower time in single support compared to trials where older adults did not gesture. 

Cognitive-motor interference during gait is influenced by the phase of the gait cycle, 

specifically the double support phase57 and the transition from single to double support,58 
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suggesting although during a gesture trials individuals exhibit stable gait to mitigate 

cognitive-motor interference in single support to DT. The shift in gait phases combined 

with the presence of gestures, indicates gestures may be used to overcome the cognitive-

motor interference to successfully perform the extemporaneous speech task while 

walking. 

During DT obstacle crossing trails that included a gesture, older adults crossed 

obstacles using more cautious gait patterns than trials not including a gesture, supported 

by higher and longer landing steps with their lead foot, and longer steps with their trail 

foot, without adjusting the toe clearance. Typically, older adults step closer to the 

obstacle with the addition of a cognitive dual-task increasing the risk of contacting the 

obstacle.59,60 Perhaps with the addition of a gesture older adults, under cognitive load, 

adjust their steps around the obstacle to promote stability to prioritize the speech task and 

continue gesturing to facilitate the lexical retrieval process, compared to when gestures 

were not used by older adults. On-line cognitive-motor demands are required for foot 

placement of the lead foot crossing the obstacle while the obstacle is still in view, versus 

feed forward memory-based cognitive processes that control the trail foot crossing the 

obstacle, and it is out of view.61 Slowing gait and increasing obstacle landing distance 

while gesturing may indicate older adults can flexibly trade cognitive-motor processes to 

place their lead foot to a way that enables them to continue gesturing to retrieve speech 

while crossing.  

During DT obstacle crossing trials not including a gesture, older adults crossed 

obstacles with a higher risk of falls due to lower contralateral limb coordination than 
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walking compared to trials including a gesture. During obstacle crossing without the 

addition of a cognitive DT, older adults do not alter their inter-limb coordination between 

obstacle heights,62 however a decline in interlimb coordination is seen in older adults 

when a more challenging environment is elicited (i.e., crossing over two obstacles 50m 

apart).63 A relationship between gait stability and interlimb coordination may be 

associated with fall-risk, that is as interlimb coordination decreases, so does gait 

stability.64 Our results support when older adults gesture, it may decrease fall-risk during 

DT obstacle crossing as a result of increases in mechanical stability, and preservation of 

contralateral interlimb coordination during DT obstacle crossing compared to obstacle 

crossing trials where a gesture was not present. It is important to note the asymmetry in 

adaptations between the right and left sides of the body, as the L-CCCMax and LCCC0 

decrease only when there was no gesture present, suggesting the presence of a gesture 

may only influence the behavior of the upper limb the gesture occurs with and the 

contralateral lower limb (gestures can occur with one, or both arms), however the least 

amount of asymmetry in interlimb coordination should be the goal (i.e., highest CCC0 

and CCCMax values). Asymmetries in walking are correlated to impaired interlimb 

coordination65 indicating decreased contralateral limb coordination during DT obstacle 

crossing could lead to potential trips or falls.64 

Limitations and Future Directions 

The study does have limitations. First, this analysis was part of a larger study, 

where gesturing was not the experimental question. As a result, we did not control the 

lead leg used to cross the obstacle which could influence the interlimb coordination 
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metrics. Another limitation to this study is we did not prescribe gestures or recruit 

participants who gestured during speech because this was a preliminary analysis of data 

from an existing study. As a result, we analyzed an uneven amount of gesture trials 

compared to non-gesture trials; however, we attribute this difference to the natural 

tendency of individuals to gesture or not gesture while they are walking and talking, and 

because this was a preliminary study, we did not prescribe gesturing. Although the 

sample sizes were uneven, we used conservative statistics to account for unequal 

samples. Previous literature investigating gestures, typically prescribe gestures to the 

participants to perform which would fix the problem of uneven sample sizes, however the 

main intention behind this study was to identify and analyze gait during natural gestures 

because it is more ecologically valid and gives us insight into real world gait behavior 

during a gesture. 
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Using Machine Learning to Identify Gestures with Motion Capture Data in Older 

Adults During Dual-Task Walking and Obstacle Crossing 

Abstract 

 Dual-task walking, (walking while performing a concurrent cognitive task) can be 

used to identify fall-risk in older adults. Some individuals gesture during talking to help 

facilitate their speech, and this is also sometimes seen during walking and talking. When 

older adults gesture while dual-task walking and obstacle crossing, they adopt more 

mechanically stable walking patterns, however this was found over an entire and not 

specifically during gesture periods. Understanding how stability may change 

instantaneously when a gesture begins could be advantageous in understanding older 

adult fall-risk, however identifying these points in time manually can be very challenging 

and inaccurate. Machine learning could be a tool used to overcome the problem of 

manually identifying gestures, however, there has been a paucity in identifying natural 

gestures during dual-task walking and obstacle crossing. The purpose of this study was to 

test a supervised (KNN) ML model and determine the best windowing practices to 

identify gestures during DT walking and obstacle crossing in older adults. Participants 

wore 39 reflective markers according to the Plug-in-Gait full-body marker system (Vicon 

Motion Systems, Centennial, CO, USA) and walked at comfortable self-selected speeds 

in the motion capture space along a 10-meter walkway under four conditions: 1) 

overground walking, 2) dual-task walking, 3) obstacle crossing, 4) dual-task obstacle 

crossing. The dual-task trials only were used in this analysis, as gestures do not occur if 

speech is not present. Recorded dual-task trials were then examined, in Vicon, by a 

researcher to identify the time points where gestures started and ended in the trials. Joint 
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angles were obtained from Plug-in-Gait, and the velocities and accelerations of those 

angles were derived using the central difference method. Joint angles, angular velocities, 

and angular accelerations were used as input data for the k- nearest neighbor (KNN) 

machine learning model. Windowing was not utilized, as the tested 20-frame window 

with 50% overlap cut out some of the limited gesture data we had. Results revealed the 

KNN model was trained to identify gestures the best when the input data was joint angles 

and angular velocity, indicated by an 82.9% accuracy rate of correctly identifying gesture 

frames. Although further steps need to be taken, such as comparing the KNN model to 

other machine learning models and using a stratified sampling technique, this study 

provides foundational evidence that gestures can be identified using machine learning 

during dual-task walking and obstacle crossing. 

Introduction 

 Falls are a major issue faced by community dwelling adults over 65 years, as one 

out of four older adults fall annually,1 and one out of five older falls occur on uneven 

walkways.16 Walking with added cognitive demands, commonly referred to as a dual-task 

(DT), is a clinically accepted assessment used to measure factors indicating fall-risk in 

older adults.66 Walking with an extemporaneous speech task is an example of a realistic 

DT and challenges older adults with concurrent cognitive demands during walking.2-4 

When a speech DT is added to obstacle crossing, older adults slow gait speed indicating 

cognitive-motor interference, and an added risk of falls.20 Gestures can occur to facilitate 

the concurrent speech task, causing disruptions in typical arm swing patterns. Correctly 

identifying gestures that naturally occur during DT walking allows future research to 
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investigate the influence of gestures on walking performance and biomechanical stability, 

rather than simply averaging trials that include both gesture and non-gesture DT walking 

and obstacle crossing. 

 Machine learning (ML) refers to a broad range of algorithms that perform 

intelligent predictions based on a data set. Recent ML work has indicated ML has the 

capability to identify abstract patterns with better accuracy than human experts.32 ML 

presents an opportunity to identify human movements, such as gestures, using large 

complex biomechanical data sets. A wide variety of ML models are used today including 

supervised ML models which use training data (labeled input data associated with pre-

determined outcomes).32 The use of ML to analyze gestures while walking is 

advantageous due to its ability to detect hard-to-discern patterns from large data sets,34 

without concerns regarding human variability and inter-rater reliability. 

 K-nearest neighbor (KNN), is a commonly used supervised ML model that 

classifies data points.35 It is popular because of its easy-to-use design36 and ability to 

solve classification challenges (i.e., data of different sizes, ranges, and contexts),37 and 

could be a good ML model to recognize gestures.  The KNN model first uses input 

training data to train the model (i.e., joint angles, angular velocities, and angular 

accelerations), then unlabeled data is analyzed and KNN predicts the classification of the 

test data by considering the spatial relationship between the features and labels (i.e., 

gesture or non-gesture) of the training data.38 While KNN has not been previously used to 

identify gestures during DT walking, it has been used to successfully analyze upper body 

movements. 



 

35 

 

 ML has been used to identify upper limb movements, such as gestures or 

reaching, with inertial measurement units (IMUs), electromyography sensors (EMGs), 

and motion capture technology. KNN models successfully identified hand movements 

using upper extremity data collected with IMUs and EMGs. Specifically, using KNN 

successfully identified person-specific gestures with high accuracy for 20 Persian Sign 

Language signs.42 Although the Persian Sign Language identification task was completed 

while seated, KNN was 96.13% accurate in extracting features and identifying gestures 

which gives promise to using KNN to identify gestures while walking. When compared 

to other supervised ML models, such as SVM, KNN demonstrates the best accuracy for 

gesture recognition. When identifying gesture while standing with wrist worn IMUs, the 

KNN model achieved 85.5% accuracy while the SVM model obtained 84.1% accuracy.41  

However, when analyzing gesture with IMUs during walking, the KNN model only had 

66.4% accuracy, and the SVM model had 64.1% accuracy.41 The decrease in accuracy of 

models from standing to walking, with IMU data, could be due to the acceleration data 

only detecting the rate of change in movements, therefore detecting no acceleration if 

motion is constant. Motion capture data could provide better training data to detect 

gestures during walking due to refined measurements of position and velocity and the 

capacity to calculate many additional variables. Since KNN models are used frequently 

for gesture recognition and it outperforms other supervised ML models, it will be 

implemented in this study. 

 Windowing is a common method used to transform time series data into generic 

ML input data sets.44 The size of the sliding window used to extract features in the ML 
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algorithms is imperative to achieving a high accuracy model, due to averaging the data 

within the window ultimately reducing the amount of data input into the ML models. 

Although deep learning utilizes more computational levels compared to machine 

learning, the windowing practices, in principle, are similar. A previous study using deep 

learning with IMU and motion capture walking data tested the effect of differing window 

sizes and found the optimal window size if from 20-25 frames (0.20-0.25s) for both 

IMUs and motion capture.45 Due to analyzing gestures during walking, the 20-25 frame 

may be the optimal size. Although this study does not use the same ML approaches we 

will use, it serves as a starting point for determining window sizes most effective for 

identifying a gesture while DT walking and obstacle crossing. 

 The purpose of this study was to test a supervised (KNN) ML model and 

determine the best windowing practices to identify gestures during DT walking and 

obstacle crossing in older adults. We predict the KNN model will identify arm swing 

with an 85% accuracy threshold with a small sliding window using joint angles, angular 

velocity, and angular acceleration data as the input. This study will provide preliminary 

evidence toward identifying gestures to further analyze their influence on gait patterns 

and stability, in older adults, during DT walking and obstacle crossing while speaking 

extemporaneously. 

Methods 

Participants 

 The data analyzed in this study was collected as part of a larger preexisting study. 

Community dwelling older adults, between 65 and 85 years old, were enrolled as part of 
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a previously conducted study, approved by the Institutional Review Board, once they 

provided informed consent. Eligible participants were able to walk comfortably without 

assistance and had vision and hearing corrected to normal. Exclusion criteria included 

older adults who were diagnosed with a neurological issue (e.g., Parkinson’s Disease), 

dementing disorder (e.g., Alzheimer’s disease), orthopedic injury (e.g., lower-limb 

amputation, or osteoarthritis) that affects walking, uncontrolled cardiovascular disease, a 

respiratory disease requiring oxygen, if they could not speak or understand English, or 

were deemed cognitively impaired indicated by a score of <25 on the Montreal Cognitive 

Assessment (MoCA) during their screening.  

Protocol and Procedures 

 Data for this study were collected at two different testing sites using motion 

capture technology (Vicon Motion Systems, Centennial, CO, USA). Eight participants 

were collected at Ohio University using Vero v2.2, Vantage 5, and Bonita cameras. 

Whereas four participants were tested at George Mason University using MX T20 

cameras. All aspects of the study were held consistent between the two sites. 

 Participants completed a series of paper-based surveys and cognitive tests in a 

quiet, well-lit room. Anthropometric measures for the participant were collected and 39 

reflective markers were then placed on the participant in accordance to the Plug-in-Gait 

full-body marker model (Vicon Motion Systems, Centennial, CO, USA) and kinematic 

data were recorded with a sampling frequency of 100 Hz. 

 Motion capture technology was used to record participants walking in several 

conditions in a fixed order. First, the participants completed overground walking where 
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they were instructed to walk at a comfortable pace along a 10-meter walkway without 

talking. The overground walking task was completed between 10 to 15 times. Participants 

were then given a list of speech topics (22 at Ohio University and 18 at George Mason 

University) and asked to choose six topics they felt comfortable talking about for a 

minute. Examples of the speech topics provided were: describe your hometown, first job, 

family, recent books you have read, recent trips you took, etc. The selected speech topics 

were then randomly assigned back to them during the extemporaneous speech conditions. 

Participants were then asked to sit in a chair and speak about the topic that was assigned 

back to them for one minute without stopping, however this task was not recorded in the 

motion capture space, so it was not included in this analysis. Next, participants completed 

the extemporaneous speech DT where they were asked to walk for one minute back and 

forth along the 10-meter walkway while talking, without stopping, about the topic 

assigned back to them. During the speech trials, participants were informed the 

researchers were not allowed to them, and that it did not matter what the participant said, 

just that they continued to talk. The participants then completed the obstructed walking 

task which required the participants to walking, without talking, and cross a 91.4-

centimeter-wide obstacle in the middle of the walkway suspended by 17.8-centimeter-

high lateral supports, however these data are not included in the present analysis. The 

obstructed walking task was completed a total of 10 times. The last task participants 

completed was the DT obstructed walking which combined the obstructed walking task 

with the speech task. Specifically, participants were instructed to walk back and forth 

along the obstructed 10-meter walkway and talk about a randomly assigned speech topic 



 

39 

 

as much as possible for one minute without stopping, while avoiding the obstacle in their 

path. A Woltring filter, based on a fifth-order spline-interpolating function, was used to 

filter raw trajectory data of each marker. 

 Recorded DT trials were then visually examined by a researcher to identify the 

time points where gestures occurred in the trials. For this study, a gesture was identified 

as a ‘break’ in arm swing that was volitional, as we did not include freezes in arm swing 

which were occasionally observed. The time periods including a gesture were used to 

create the training data labels for gesture frames. Overall, 2.3% of raw data frames 

included a gesture. Both gesture and non-gesture frames were used in the ML analysis. 

Machine Learning Analysis 

For ML analysis, a custom MATLAB code was used to calculate joint angle 

velocities at the wrist, elbow, shoulder, ankle, knee, and hip in x, y, and z directions, 

using the central difference method. The central difference method is a commonly used 

method where velocity and acceleration are formulated as the classical first- and second-

order central difference approximations.67 Joint angle acceleration was derived from the 

velocity, using the central difference method. All joint angles, joint angular velocity, and 

joint angular acceleration were input into the ML algorithms, which can be seen in Table 

5.  
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Table 5: Joint Angles, Angular Velocities, and Angular Accelerations Data. Data were organized to be input into 

the ML algorithms based on joint angles, joint angle velocity, and joint angle acceleration. 

Joint Angles [x, y, z] Angular Velocities [x, y, z] Angular Accelerations [x, y, z] 

L & R ankle angles (deg) 
L & R ankle angular velocity 

(deg/s)  

L & R ankle angular acceleration 

(deg/s2) 

L & R elbow angles (deg) 
L & R elbow angular velocity 

(deg/s)  

L & R elbow angular acceleration 

(deg/s2) 

L & R hip angles (deg) 
L & R hip angular velocity 

(deg/s)  

L & R hip angular 

acceleration(deg/s2) 

L & R knee angles (deg) 
L & R knee angular velocity 

(deg/s)  

L & R knee angular acceleration 

(deg/s2) 

L & R shoulder angles (deg) 
L & R shoulder angular 

velocity (deg/s)  

L & R shoulder angular 

acceleration (deg/s2) 

L & R wrist angles (deg) 
L & R wrist angular velocity 

(deg/s)  

L & R wrist angular acceleration 

(deg/s2) 
Notes: Left (L), Right (R), Degrees (deg), Millimeters (mm), Seconds (s). 

 

 

 

 

 

Once all joint angles, angular velocity, and angular acceleration data were 

determined, one sliding window (20-frame window with 10-frame overlap) was 

implemented on: 1) joint angles, 2) joint angles and angular velocity data, and 3) joint 

angles, angular velocity, and angular acceleration data, and compared to the data with no 

window implemented to determine which provided the best identification accuracy of 

gestures. Previous literature found the 20-frame window with 50% overlap to be the best 

window size for ML models to analyze motion capture data while walking.45 However, 

due to the small amount of gesture frames compared to non-gesture frames, we tested the 

ML model using the data without implementing a sliding window to avoid loss of gesture 

data when training the model. 

The joint angles, velocity, and acceleration data were normalized and randomized 

then the data were input through the KNN algorithm and either a classification label of 

gesture or non-gesture were returned for each time point (Figure 4). A five cross fold 
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validation technique was used to randomly split data into 4 groups for the training of the 

KNN model and then the model was validated on the remaining one group. The 

classification of a trial as a gesture or non-gesture trial allowed us to compare the 

prediction outcome from the ML model to the manually labeled trials to evaluate the 

accuracy of each model. To determine which kinematic values are important features to 

obtain high accuracy values, or if joint angle data alone is enough to accurately identify a 

gesture during DT walking and obstacle crossing, we iteratively tested the ML model 

with joint angle, angular velocity, and angular acceleration features. First, we input the 

joint angle data alone in the ML model. Then we tested the model after adding in velocity 

data. Finally, acceleration was added as a feature in the ML model. To determine which 

variables were important to include in the ML model we examined the validation model 

accuracy and considered the time it took for the model to run completely and 

successfully. 
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Figure 4: Windowing and Machine Learning Process: joint angle data, joint angle and angular velocity, and joint 

angles, angular velocity, and angular acceleration had one window applied to them, however this window was not used 

due to it reducing down gesture data. The raw data was input to the KNN model. Notes: Window 1= 20 frames with 10 

frame overlap.

 

 

 

Results 

In total, 12 community-dwelling older adults were included in this study (n = 7 

women, mean age = 71 years). Table 6 below summarizes the demographic data for the 

participants. 

 

 

 

Table 6: Demographic Data for Participants 

Outcome Mean Standard Deviation 

Age (years) 71  4 

Height (m) 1.69  0.09 

Mass (kg) 71.88  11.35 

Leg Length (m) 0.92  0.04 

Notes: Meters (m), Kilograms (kg).  
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ML Model Performance Outcomes 

We compared the performance of multiple models (i.e., Fine Tree (80.3% 

accurate), Ensemble (81.5%), and SVM(12.6% accurate)) with a five-cross-fold 

validation approach to split the data, when using joint angles and angular velocity as the 

input and we found the KNN model to perform with the best accuracy in correctly 

identifying gestures when validating the model (82.9%).  

When only joint angles were used as features for the KNN model, there was a 

total of 36 features for the model to be trained on. When joint angles were the only 

variables input to the KNN model, the model correctly identified gestures 78.1% of the 

time when compared to the manually identified gesture time frames. Compared to the 

manually identified gestures, the model had an error rate of 21.9% in correctly 

identifying gestures (i.e., labeled gesture frames as non-gesture), referred to as false 

positives (Figure 5).  
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Figure 5: Validation Confusion Matrix of KNN Model Accuracy When  

Joint Angles Were Input: Gestures were correctly identified with a 78.1%  

accuracy. However, gestures were incorrectly labeled as a non-gesture frame 

 21.9% of the time. 

 

 

 

 

 

When joint angles and angular velocities were used as KNN model input features, 

there were a total or 72 features for the model to use for training. When joint angles and 

velocities were the features inputs to the KNN model, the model recognized gestures 

correctly with an accuracy of 82.9% compared to manually identified gesture frames. 
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Compared to the manually identified gestures, the model had an error rate of 17.1% in 

correctly identifying gestures (Figure 6). 

 

 

 

 

 

 
Figure 6: Validation Confusion Matrix of KNN Model Accuracy When  

Joint Angles and Angular Velocity Were Input: Gestures were correctly  

identified with an 82.9% accuracy, however gestures were incorrectly labeled 

as a non-gesture frame 17.1% of the time. 

 

 

 

 

   

Joint angles, angular velocity, and angular acceleration were represented by 108 

features that were used to train the KNN model. The KNN model identified gestures with 
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a 75.4% success rate when the joint angle, velocity, and acceleration were used for the 

input data (Figure 7). Compared to the manually identified gestures, there was 24.6% 

error rate for falsely identifying non-gesture in time frames when a gesture was manually 

identified. 

 

 

 

 

 

 
         Figure 7: Validation Confusion Matrix of KNN Model Accuracy When  

Joint Angles, Angular Velocity, and Angular Acceleration Were Input:  

Gestures were correctly identified with a 75.4% accuracy, however gestures 

were incorrectly labeled as a non-gesture frame 24.6% of the time. 
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Discussion 

The purpose of this study was to determine the feasibility of the KNN ML model 

in detecting gestures during DT walking and obstacle crossing in older adults. We 

examined differences in classification accuracy when the model was presented with three 

different sets of input data: 1) joint angles, 2) joint angles and angular velocities, 3) joint 

angles, angular velocities, and angular accelerations. We also examined the effect of 

implementing a sliding window (20 frames with 50% overlap) compared to entering 

every data point in the KNN model. Our results uncovered 2 main findings: 1) The KNN 

model most accurately classified when trained on joint angles and angular velocity; 2) A 

sliding window was ineffective due to the limited amount of gesture data points. 

When the input data was joint angles and angular velocities the KNN ML model 

was better able to accurately classify gestures and non-gesture frames compared to when 

the input data were joint angles only, and when the input data were joint angles, angular 

velocities, and angular accelerations. A higher accuracy of classification with the joint 

angles and angular velocity is indicated by the lower number of false-positives identified 

compared to when we input joint angles only. When using video-based identification of 

hand gestures, the KNN model was successful in identifying sign language hand gestures 

when four features specific to position data were input into the model for training.68 This 

suggests joint angles may not be the best approach for identifying gestures, however 

employing a strategy using specific trajectories of makers may be more useful in 

accurately identifying gestures while DT walking. The increase in classification accuracy 

from joint angles only to joint angles and angular velocities indicates the addition of the 
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joint angle velocity data improved the training of the KNN model. However, the decrease 

in classification accuracy once the joint angle acceleration was added to the input data 

suggests the addition of this data caused the model to underperform compared to the 

model trained with joint angles and angular velocity. KNN has been successful in 

identifying different gait patterns between subclinical diabetic peripheral neuropathy and 

stroke patients when nine parameters, including joint angles at the knee, hip, and ankle, 

as well as spatiotemporal gait parameters (i.e., cadence, walking speeds, stride time, and 

step time) were included as the input data, although our data did not include 

spatiotemporal gait parameters, this suggests including more data may not be the best 

approach in achieving high classification accuracy.69    

When implementing a 20-frame sliding window with 50% overlap, the number of usable 

gesture frames were reduced due to the limited amount of gesture data indicating, for this 

study, a windowing approach prior to training the ML model was not useful. If a sliding 

window is too large, data from both activities (i.e., gesture and non-gesture times) could 

be captured in the window which could decrease the accuracy of the ML model when 

performing recognition of the separate conditions,70 supporting the 20-frame sliding 

window was too large due to including both gesture and non-gesture frames in windows 

leading to a decrease in accuracy of gesture recognition. Although windowing was not 

used in this study, this is not typically ideal in ML practices as windowing is a technique 

used to transform timeseries data into a generic data sets that can be input to ML 

models.43 While not using a sliding window technique in this study made sense for our 
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data, due to the limited amount of gesture frames, this could be a reason the KNN models 

seems to misclassify gesture frames as non-gesture frames at a rate that is not ideal. 

Limitations and Future Directions 

Although the model’s performance using the KNN model when joint angles and 

joint angular velocity seems promising, this study does bear limitations. Due to the 

limited amount of gesture data and the abundance of non-gesture data, the model is 

heavily skewed to recognize the non-gesture frames and does not perform as well in 

identifying the gesture frames specifically. The use of a five cross fold validation 

technique showed promise in identifying gestures, however the accuracy at which gesture 

frames were identified was not ideal as 17.1% of gestures were identified as non-gesture 

frames. Future studies should use stratified sampling to pull out 10% of gesture data and 

10% of non-gesture data to be used as testing data, and the model should be trained on 

90% of the non-gesture data and 90% of the gesture data. Pulling out a specific 

percentage of the data after randomization could only include a few gesture instances 

which would negatively affect the classification accuracy of training of the model and 

would result in poor testing classification accuracy. Using a stratified sampling technique 

prior to training the model will account for a better distribution of the data to be tested on 

the model once it is trained. Future studies should also compare the KNN model against 

other supervised ML models to see if a different model shows more promise at accurately 

classifying gestures frames. 
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