
ABSTRACT 

BOHLEN, PETER ALEXANDER. Paving the Road for Real Time Fall Prevention   (Under 

the direction of Dr. He (Helen) Huang). 

 

Individuals with gait deficits often experience difficulty walking. These difficulties 

include unsuccessful foot clearance while walking or failed recovery from an unexpected 

perturbation. With the development of new measurement systems and assistive devices, it is 

possible to identify situations where an individual is at high risk of fall and intervene to mitigate 

the risk in real time. This fall prevention approach is called real-time fall prevention. Two 

studies were completed to better understand how real-time fall prevention methods can be 

better employed to reduce the risk of falling.  

Functional electrical stimulation (FES) is an example of a real-time fall prevention 

device used to treat toe drop in individuals with Stroke or Multiple Sclerosis. However 

questions remain about when FES or similar devices should be implemented in order to avoid 

fatigue. The initial study presented in this thesis explores predicting intrinsically caused trips 

(ICTs) before they occur in individuals with chronic stroke. Subjects walked at a constant 

speed on a treadmill while their lower limb gait kinematics and force plate data were collected. 

Twelve of the individuals demonstrated ICTs during the treadmill walking. The stance phase 

gait kinematics of the twelve individuals were segmented, sorted and then analyzed to explore 

the feasibility of predicting ICTs before they occured. Potential sources were then tested using 

an outlier-based algorithm. The initial findings of the study found that ICT prediction was 

feasible 50-260ms before the ICTs occurred using only two sources from the lower limb 

kinematics. While further work is needed to make our design practical for clinical purposes, 

the outcome suggests that the implementation of real-time fall prevention methods such as FES 

may be possible.  



Another question that remains for improving real-time fall prevention is how to avoid 

falls when an individual is at high risk after a perturbation. Amputees rely on their prosthetic 

device to respond appropriately to a trip, but different environmental factors yield different 

levels of disturbance and thus makes recovery difficult. The second study used a simple 

dynamic simulation to better understand the relationship between environmental factors and 

level of disturbance caused by tripping. Our results suggest that the level of disturbance 

experienced after a collision is heavily impacted by environmental factors. Additionally, the 

results suggest that trips occurring in mid to late swing phase may force the foot to make 

contact with the ground. The relationships observed in this study may help researchers to better 

understand the difficulties faced in trip recovery procedures for amputees. Additionally, these 

results will lead towards the development of prosthesis controllers to assist in fall prevention 

in real-time.   

The results from the two studies presented in this thesis will be useful for improving 

real-time fall prevention methods, thus reducing the risk of unexpected falls for people who 

show declined upright gait stability.   
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I. Introduction 
 

Walking is an activity of daily living (ADL) that healthy individuals often take for 

granted. Besides providing an individual the means to move about, walking is also associated 

with a great amount of physical and mental health benefits [1]. However, for individuals with 

gait deficits, ambulation is difficult and even un-safe. The World Health Organization (WHO) 

estimates that 37.3 million falls each year require medical attention [2]. The WHO further 

estimates that yearly 424,000 individuals who fall do not survive, making falling the second 

leading cause of unintentional injury death in the world behind auto-accidents [2].  

The consequences of falling in any population are severe with high psychological [3] 

and physical costs [4]. The psychological costs can include anxiety about walking in public, 

fear of exploring new places, mistrust of assistive devices, and fear of falling. The physical 

costs may include broken bones, soft tissue injuries, hospitalization, decreased mobility, 

greater disability or even death. Additionally, it is estimated that approximately $34 billion is 

spent annually on fall related medical bills [5]. Because the cumulative costs of falling can be 

so high it is unsurprising that a great deal of research has been done towards the development 

of programs and physical therapy routines to aid individuals in the prevention of falls.  

Many of the programs towards fall prevention are designed to reduce the risk of fall 

and increase the capacity to recovery from unexpected disturbance. One of the simplest 

approaches to reducing the risk of fall is to modify the environment an individual interacts 

with. Programs that emphasize environment modification use inspections and hazard-

reduction efforts to reduce the risk of falls [6]. A second type of program stresses modifying 
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the individual rather than the environment. Programs that highlight a combination of large 

doses of exercise and challenging balance exercises such as Thai Chi or Stay Active and 

Independent for Life have been found to effectively decrease fall rates [7], [8], [9], [10]. 

Although both of these approaches are effective, they are preventive approaches that do not 

always provide protection when the subject is facing a scenario with a high risk of falling.   

Newly developed measurement systems and assistive devices make it possible to 

identify scenarios with high risk and intervene to mitigate the risk of fall in real time. We call 

this strategy: real time fall prevention.  However, major questions still remain for real time fall 

prevention: when should these fall prevention interventions be introduced and what is the most 

effective way to prevent falls when an individual faces a high risk of fall. Two pilot studies 

were conducted to pave the road for solving the challenges faced by the real time fall 

prevention in two specific cases. The first study explores predicting real-time risk of fall in 

individuals with chronic stroke and the second study explores how environmental factors affect 

the level of disturbance experienced from a foot-object collision with the goal of advanced 

prosthesis control.  Though each of the studies only focus on an application on a specific 

population, our hope is that the results of this research may be translational, and assist in fall 

prevention in additional populations as well. 
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II. Study One: Can Intrinsically Caused Tripping 

Events in Stroke Survivors be Predicted?   
 

Note 
 The work presented in study one, Prediction of Intrinsically Caused Tripping Events 

in Individuals with Stroke has been submitted for review to the IEEE journal Transactions on 

Neural Systems and Rehabilitation Engineering. My contributions to this work include the data 

pre-processing, analysis, and manuscript preparation of methods and results sections under the 

guidance of Dr. Helen Huang, Dr. Michael Lewek, and Dr. Fan Zhang.  

 

Introduction 
  

Stroke is a condition that affects 700,000 American patients every year, and is 

characterized by a region of poor blood flow in the brain resulting in cell death [11]. After 

suffering a stroke, an individual will typically have neurological deficiencies that lead to gait 

abnormalities. Gait alterations include, but are not limited to: decreased walking speed, 

reduced foot clearance, and spatiotemporal gait asymmetry [12]. As a result of the altered gait 

patterns, falls become much more common in individuals with stroke [12]. A high risk of 

falling after stroke has been reported during a hospital stay and after discharge. The incidence 

of falls in inpatient settings has ranged from 14% to as high as 64.5% [13]. Several reports 

have documented the incidence, risk factors, and consequences of falls for community-

dwelling people with stroke as well. In the community, the incidence of one-time falls varies 

from 23% to 73%, with multiple fall rates ranging from 12% to 47% [14]. Because stroke 

affects so many individuals, it is clear that finding a solution to assist walking stability and 

prevent falls is needed.    
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In order to better understand how to prevent falls, a better understanding of what causes 

falls must be established. Two different risk factors play a role in falls; extrinsic and intrinsic. 

Extrinsic factors that lead to falls are typically caused by unpredictable environmental factors 

that are difficult to traverse. Intrinsic factors include physiological impairments.  Intrinsic 

factors for individuals with stroke are challenging because hemi-paretic gait impairments can 

affect individuals dramatically differently. Fortunately, despite the differences amongst 

individuals, there are many common kinematic patterns observed including reductions in hip, 

knee, and ankle flexion during swing [15], [16], [17]. The resultant combination of the altered 

lower limb kinematics is a functionally longer limb during swing, which reduces foot clearance 

during swing phase [18].  

These unsuccessful foot clearances caused by intrinsic abnormalities in neuro-motor 

control during the late stance and early swing phase of gait (also called intrinsically-caused 

trips (ICT) in this study) are undesirable because they can contribute to stumbles and falls. The 

critical question we seek to answer is if these ICT’s can be predicted before they occur. If 

prediction of such events is possible, assistive devices (e.g. FES or exoskeletons) may be used 

to preemptively initiate recovery strategies to prevent falls. The outcomes of this study are 

expected to inform the future design of assistive devices that can eliminate ICT-caused 

stumbling and falls and therefore enhance the mobility and stability of individuals with stroke. 

 

 

 



 

5 

Methods 

A. Participants 

      This study was conducted with the approval of the Institutional Review Board (IRB) at the 

University of North Carolina at Chapel Hill and informed consent was obtained for all subjects. 

Data were collected from subjects with chronic hemiparesis at least six months post stroke 

from a larger study examining gait kinematics and kinetics during treadmill ambulation [19], 

[20]. Each of the subjects showed sensory motor dysfunction consistent with an ischemic or 

hemorrhagic unilateral brain lesion. Any subjects that required an ankle foot orthosis (AFO) 

for safe ambulation were excluded or subjects with comorbidities that prevented unassisted 

walking on a treadmill were excluded from this study. Additionally, subjects were excluded if 

they had any history of falls, or balance deficits unrelated to the stroke.  

Twelve out of forty recruited subjects were observed to demonstrate ICTs in treadmill 

walking during the experiments. Data was collected from these 12 subjects whose demographic 

information is summarized in Table I.  
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B. Experimental Measurements and Protocol  

      Reflective markers were placed in clusters mounted to rigid thermoplastic shells to the 

subjects’ pelvis, thighs, and shanks. Additional markers were placed over the 2nd metatarsal 

head, at the 5th metatarsal head, and on the heel counter to track the motion of the feet. 

Additionally markers were placed at the malleoli, femoral condyles, greater trochanter and 

bilateral iliac crests to determine the ends of limb segments as described in [21]. Motion data 

from the lower limb was recorded using an 8-camera motion capture system (Vicon, Denver, 

CO, USA) at 120 Hz. Ground reaction forces (GRF) were recorded from a dual belt 

TABLE I: Summary of Demographic Information for Twelve Subjects with Chronic Stroke 
  

Subject 

Number 
Age Gender 

Height 

(inches) 

Weight 

(lbs) 

Time 

since 

Stroke 

(month) 

Paretic 

Side 

Overground 

Walking 

Speed (m/s) 

Fugl-

Meyer 

Score 

01 54 M 71.5 185 20 R 1.02 25 

02 81 F 63 115 18 R 0.47 24 

03 57 M 70 175 31 R 0.56 28 

04 60 M 74 224 9 R 0.94 26 

05 60 F 66 148 222 L 1.15 31 

06 41 M 75 205 6 R 0.53 22 

07 71 M 63 209 8 L 0.78 28 

08 44 M 70 145 43 L 0.68 21 

09 53 M 71 165 37 L 1.11 27 

10 44 F 64 189 59 L 0.49 16 

11 53 F 66 144 19 R 1.23 27 

12 48 F 68 215 48 L 0.51 23 
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instrumented treadmill (Bertec Corp., Columbus, OH, USA) and sampled at 960 Hz. The 

trajectory of markers and GRF data were low-pass filtered at 6Hz and 20Hz respectively. 

Segment orientations and joint angles were computed by Visual 3D (C-Motion, Germantown, 

MD, USA).      

      During the experiments the walking sessions were monitored by Physical therapists, who 

selected a speed that the participant could maintain for the entirety of the session, targeting 

70% of maximum heart rate or a score of 14 on the Borg Rating of Perceived Exertion Scale. 

The subjects were then asked to walk for 20 minutes at a fixed speed on the treadmill. In order 

to prevent a fall during walking, each subject wore a harness that did not restrict lower limb 

movement or provide unweighting. During the experiments, assistive devices were not allowed 

and the use of treadmill hand rails was discouraged.  

C. Data Segmentation 

      All the collected data were manually segmented before analysis using customized scripts 

in Matlab. Gait cycles with unsuccessful foot clearance were first sorted by identifying vertical 

GRFs that exceeded 10N during swing phase on the paretic side. An example that demonstrates 

the sorting is illustrated in Figure 1 (top), in which the red curve indicated the presence of a 

vertical GRF when the unsuccessful foot clearance occurred in the swing phase. We then 

further sorted the unsuccessful foot clearance events into ICTs and ‘scuffs’. ICTs were defined 

as naturally occurring unsuccessful foot clearances that elicited notable recovery reaction in 

the subjects. The reaction to ICTs was reflected by the dramatic pattern change of the foot’s 

center of gravity in the vertical direction (as demonstrated by the red curve in Figure 1 

(bottom)). Note that scuffs were not studied because they did not actually perturb the subject’s 
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balance. Because our goal was to make early predictions of ICTs, we only analyzed data prior 

to ICTs. In this study, we focused on the last 10% of the stance phase of the paretic leg 

(immediately prior to the toe-off preceding each ICT). Toe-off was ideal because it is easily 

identifiable using GRF data in real-time. Additionally, the data in the gait cycles with 

successful foot clearance (indicated as non-ICT in this study) were segmented and used for 

building and evaluating the predictive model. Due to the potential confounding effect of a trip 

recovery process occurring over multiple gait cycles, we avoided using non-ICT data for the 

four gait cycles following any unsuccessful foot clearance event for analysis.  
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Figure 1: (Top)) One example of identifying an unsuccessful foot clearance based on ground reaction force during swing phase. 
(Bottom) Pattern change of height of foot’s center of gravity when ICT occurred versus successful clearance and scuffs. 
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D. Investigated Data Sources and Source Selection Analysis 

      For this study, only kinematics were considered as potential data sources for ICT 

prediction. The reason for this is because kinematic information is easily measurable in the 

community with wearable sensors. Sixty unique kinematic measurements from each leg were 

included in this study. These sources included 9 segmental orientations (Thighx, y, z, Shankx, y, 

z, Footx, y, z), 7 joint angles (Hipx, y, z, Kneex, Anklex, y, z), and the angular velocities and 

accelerations derived from these segmental and joint angles. The subscripts x, y, and z represent 

angular data from the sagittal plane, frontal plane and transverse plane, respectively. 

Additionally, we included 3 measures of limb length (LLx,y,z), which were measured in Visual 

3D using estimates of the hip joint center to the center of gravity of the foot. Lastly, the foot’s 

center of gravity vertical position (FootCOG_z), velocity (Foot’COG_z), and acceleration 

(Foot”COG_z) were included as sources. The foot’s center of gravity was directly obtained from 

Visual 3D software using measures of the subjects’ foot and marker placement. The foot’s 

elevation velocity and acceleration were derived from the first and second time derivative.  

     In order to find the most informative data sources for ICT prediction, source selection 

analysis was performed on all the considered data sources. We used two efficient and 

commonly used source selection approaches: a wrapper method and a filter method [22]. In 

order to use a wrapper method, a pre-determined prediction algorithm is required to be in place 

to measure the discriminability of sources. Sequential forward selection (SFS) is one of the 

most common wrapper methods used. Unlike wrapper methods, filter methods need no 

prediction algorithm in place. Instead, they use discriminating criteria, such as correlation 

coefficients [23] and mutual information [24] to rank sources. Minimum-redundancy-
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maximum-relevance (mRMR) is a type of discriminating criteria that simultaneously considers 

the redundancy and relevance of sources [24]. Both methods have been successfully applied 

to source or feature selection for estimation of user intent and movement state for prosthesis 

control [25], [26], [27]. Comparing both methods, we found that bother methods were efficient 

in selecting critical sources for user intent recognition [27]. In our study, we used and compared 

these two source selection methods:  SFS and mRMR. The source selection for accurate ICT 

prediction was conducted on the data collected from all the subjects and/or the data from each 

individual subject.  

      The SFS algorithm is initialized with two data source sets: the selected set, A, which was 

initially empty; and the remaining set, B, which included all the considered data sources. In the 

first iteration, each individual source was used for ICT prediction using our prediction 

algorithm. The data source that yielded the highest prediction performance was added into set 

A and removed from set B. In the following rounds, each remaining source in set B was 

combined with sources already selected in set A and evaluated for ICT prediction. The source 

that generated the highest prediction performance was selected and added into set A and 

removed from set B. Only one source was selected in each iteration and this procedure was 

repeated until all the data sources were selected. The sequence in which the sources were 

selected determined the rank of the sources in terms of their importance for ICT prediction.  

      The mRMR approach was also used to determine a rank of sources for the ICT prediction. 

To simultaneously maximize the relevance and minimize the redundancy among data sources, 

the mRMR approach selected data sources based on the mRMR score which was defined as:  

                                                   
W CBC

DDmRMR /                                                        (1) 
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Distance between case, or DBC, represented the Euclidean distance [28] of data source (d) 

between two difference cases (i.e. ICT and non-ICT); Distance within case, or DWC, denoted 

the Euclidean distance of data source (d) within the same case (either ICT or non-ICT). They 

were calculated as following: 
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where n was the number of gait cycles containing ICT; m was the number of gait cycles 

containing non-ICT; and dist represented the Euclidean distance. The sources were then ranked 

based on the descending order of mRMR scores for each individual subject. The larger the 

mRMR score was, the more useful the data source was for ICT prediction. In order to use 

mRMR across multiple subjects, sources were ranked by calculating the frequency of 

occurrence of each possible source from the top 15 sources across each subject of interest. 

E. ICT Prediction Algorithm 

Mahalanobis distance (M-distance) was used to distinguish gait cycles with or without 

ICTs in this study. The M-distance based algorithm was used because (1) it is a widely used 

algorithm for prediction/detection problem [29], (2) the computational efficiency of this 

algorithm makes it practical for real-time implementation, and (3) this prediction strategy only 

requires a normal dataset (i.e. non-ICTs) to build the predictive model in real application, 

which enhances its practical value. In order to use M-distance, features that represented the 

characteristics of each data source were extracted from each individual source. In this study, a 



 

13 

set of third-order polynomial regression coefficients were used as the features for each data 

source [30]. The feature set from each data source was then concatenated into a single feature 

vector for prediction. Data that was associated with successful foot clearances (i.e. non-ICT) 

were used to build the normal model. The M-distance from a new observation to the normal 

model was calculated and compared to a pre-defined threshold to predict an ICT. The threshold 

was determined based on the maximum value of M-distance derived from observations in the 

normal model multiplied by a scale factor. In order to generate the receiver operatic 

characteristic (ROC) curve used to evaluate prediction performance, different prediction 

thresholds were tested. The optimal threshold was chosen based on the ROC curve to guarantee 

high prediction accuracy and low false alarm rate. 

F. Evaluation of Prediction Performance 

     Two different evaluation metrics were used to quantify the prediction performance: (1) the 

area under the ROC curve (AUROC) [31], and (2) prediction time. An ROC curve is a graph 

where the y-axis represents the prediction accuracy and the x-axis denotes the false alarm rate. 

AUROC is a metric that indicates overall prediction performance. An ROC curve represented 

by a diagonal line with an area of .5 suggests that two data sets are inseparable, whereas an 

ROC curve with area of 1 suggests that data two data sets are completely separable. The 

prediction accuracy (y-axis) measures the percentage of correctly predicted ICTs in the total 

number of ICTs. The false alarm rate (x-axis) quantifies the ratio of the successful foot 

clearances that were falsely predicted as ICTs to the total number of the successful foot 

clearances. Prediction time was defined as the time elapsed from the moment that an ICT was 
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correctly predicted (toe-off) to the time that the ICT actually happened. A positive time value 

indicates that the ICT was predicted before the ICT occurred.  

      The occurrence of ICT and non-ICT gait cycles varied across subjects. One hundred and 

ten non-ICT gait cycles for each subject were randomly selected. Ten of the non-ICT gait 

cycles were left out as catch-trial data, and the remaining 100 non-ICT trials were used as the 

normal data set. The distance of ICT and catch-trial from the normal set were measured and 

recorded. Then, a new rotation was initiated using 10 new catch data and a new normal dataset. 

Figure 2 shows a sample histogram of non-ICT, ICT and catch trial M-Distances from a single 

rotation. A total of 11 rotations were performed, using all 110 non-ICT cycles as catch-trial 

data just once. ROC analysis was then performed on the cumulative catch trial and ICT 

distances to get the AUROC. This cross validation process was repeated 30 times, randomly 

selecting 110 new non-trip trials, and repeating analysis to get an average AUROC for each 

source to reduce noise in the data. 
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Figure 2: Histogram of ICT and Catch-Trial distances to Non-ICT data. M-distances of the Non-ICT data to itself are shown as well 
for reference. ICTs or Catch trials above an M-Distance threshold are predicted to be ICT’s. Data below the threshold are 
predicted to not be ICTs. For this example, a threshold M-distance of 8 shown as a dashed line would predict all ICTs correctly  
(Prediction accuracy of 1) with only a single catch trial labeled as an ICT (False alarm rate of 0.1).    
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Results 

A. Generalized Source Selection Results: Sequential Forward Selection Method 

     The sequential forward selection algorithm was initially applied on the data collected from 

the paretic limbs from all 12 subjects. In each selection iteration, the data source, which in 

combination with previously selected data sources generated the highest averaged value of 

AUROC across all the subjects, was defined as the important data source for ICT prediction. 

It was observed that for 3 out of 12 subjects (Subject 03-05), AUROC values were significantly 

lower if the data sources selected based on all 12 subjects were used for ICT prediction. 

Therefore, in this study, these three subjects were treated as outlier subjects in the following 

analysis. The aforementioned forward selection procedure was repeated on the data collected 

from the remaining 9 subjects. Results from the first rotation of the generalized sequential 

forward selection are shown in Table II. The mean AUROC values for the first rotation of the 

SFS gives us the rank of each source if it were used alone.  
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TABLE II: Sequential Forward Selection First Rotation Source Ranking 

 

Source 
Mean 
AUROC 

Shankx 0.915 

FootCOG_z 0.912 

Foot"COG_z 0.909 

FootCOG'_z 0.906 

LLz 0.899 

Shank'x 0.888 

Footx 0.884 

Kneex 0.878 

Shank"x 0.863 

Shanky 0.856 

 

The sources selected based on the averaged results across these 9 subjects were defined 

as the generalized sources in this study. Figure 3 shows the first 6 generalized sources from 

the SFS selection algorithm. The black curve indicated the averaged AUROC value across the 

9 subjects. Higher values indicate better prediction performance. It can be seen that as the 

number of selected data sources increased, the prediction performance initially improved 

dramatically and then gradually saturated or even decreased. We used the value of 0.95 as a 

threshold for picking the number of sources, which selected two data sources as the most 

informative sources, including the paretic shank angle in the sagittal plane (i.e. Shankx) and 

the elevation velocity of the paretic foot’s center of gravity of (i.e. Foot’COG_z).  
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          The ROC curve of ICT prediction using the top 2 data sources generalized from 9 

subjects was shown in Figure 4. The top left corner of the ROC curve is the point where 

prediction accuracy reaches 100% and false alarm rate equals 0%, which represents an ideal 

prediction performance. The closer the ROC curve gets to the top left corner, the better the 

prediction performance is overall. The range of ROC curves across all 9 subjects was 

highlighted in the shaded area.  

Figure 3: Generalized sequential forward selection results for 9 subjects. The black solid line 
indicates the averaged AUROC across the 9 subjects. 
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B. Source Selection Results Using Different Methods: SFS vs mRMR 

      By using mRMR method, the shank angle in the sagittal plane (i.e. Shankx) was the most 

frequently selected data source (8 out of 9 subjects), and therefore was identified as the most 

important precursor for ICT prediction. It is noteworthy that this source was also selected as 

the top one precursor by SFS approach, which may imply that this selected data source was 

valid and robust. The height of the paretic foot’s center of gravity (i.e. FootCOG_z), the foot 

angle in the sagittal plane (i.e. Foot_x), and the vertical limb length (i.e. LLz) were tied in the 

Figure 4: ROC curves for 9 subjects using top 2 precursors selected by SFS algorithm. 
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second place of source ranking, which were selected in 7 out of 9 subjects. However, FootCOG_z 

was identified as the second important source by mRMR, because it produced a slightly higher 

AUROC value than the other two sources. The prediction performance using these top 2 

sources selected by mRMR (i.e. Shankx and FootCOG_z) was compared to the performance 

derived from SFS selected sources (i.e. Shankx and Foot’COG_z), as shown in Figure 5. The 

averaged AUROC value across 9 subjects based on SFS sources yielded a slightly better 

performance than the one based on mRMR. However, the difference was not statistically 

significant based on one-way ANOVA (p>0.05).  Since the data sources selected by SFS 

yielded a slightly better performance, only the sources selected based on SFS will be used and 

analyzed in the following sections. 
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C. Customized Source Selection Results for Outlier Subjects 

      The informative data sources for outlier subjects (Subjects 03-05) were customized and 

investigated separately using the SFS algorithm. In addition, for these three subjects, the data 

sources on the contralateral side were also included for consideration. Table III listed the top 

2 customized data sources for Subject 03-05 using the SFS algorithm, in comparison to the 

sources generalized from other 9 subjects. The selected sources from Subject 03-05 were very 

different from the generalized sources determined based on the averaged results across the 

other 9 subjects. For example, kinematics of the less affected limb (e.g. FootCOG_z and Footx” 

Figure 5: Comparison of the averaged value of AUROC for ICTs prediction 
performance: SFS vs. mRMR. 
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on the contralateral side in Subject 05) or proximal joints in the paretic lower limb (e.g. LLz in 

Subject 03 that represents hip and knee kinematics) were identified as the precursors. 

 

The ROC curve of ICT prediction performance based on the generalized and customized 

sources for Subjects 03-05 is shown in Figure 6. The ROC curves of the customized sources 

(indicated in solid lines) are closer to the left top corner than the generalized sources 

(represented in dotted lines), which indicates that the customized sources generated better 

prediction performance than the generalized sources for these three subjects. The performance 

improvement was further highlighted in Figure 7. Figure 7 compared the AUROC using the 

generalized and customized sources. By using the customized sources, the ICT prediction 

performance was improved for these three outlier subjects. For example, in Subject 05, the 

AUROC value was increased approximately from 0.45 to 0.9 by using the customized sources. 

TABLE III. Generalized and Customized Forward Source Selection Results for 9 Subjects and 3 

Outlier Subject.  

 
  

Source Rank 
Generalized Customized 

9 Subjects  Subject 3 Subject 4 Subject 5 

Primary Source Shankx  LLz Ankley” C FootCOG_z” 

Secondary 

Source 
Foot’COG_z  C Thighx” FootCOG_z” C Footx” 

  

Note: C represents contralateral side. 
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Figure 6: ROC curves for 3 outlier subjects (Subject 03-05) using top 2 generalized and customized 
ICT precursors. 
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A. ICT Prediction Time 

     The elapsed time between the moment that the ICT was predicted and the moment that the 

foot actually made contact with the ground was calculated for all 12 subjects and summarized 

in Table IV. Across the 12 subjects, the mean value of prediction time ranged from 49.7ms to 

260ms. The positive value indicated that the ICT event was predicted before the trip happened. 

Figure 7: AUROC value of ICT prediction performance using the generalized 
sources vs. the customized sources selected by SFS algorithm. 
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Discussion 

 The results of this study are very promising groundwork for the prevention of falls for 

individuals with stroke. The neurological deficiencies that lead to gait abnormalities make safe 

ambulation a difficult task for stroke survivors, even with smooth level walking conditions. 

Previous work has suggested that ICTs during swing phase of gait are caused by movement 

abnormalities that are initiated during the stance phase [18]. However, there are currently no 

TABLE IV- Mean Value and Standard Deviation of ICT Prediction Time for All 12 

Subjects 

 
 

Subject Number 
Mean of ICT 

Prediction Time 

(ms) 

Standard 

Deviation of 

Prediction Time 

(ms) 

Number of ICTs 

01 104.1 25.6 118 

02 118.4 35.5 19 

03 133.3 33.9 9 

04 76.3 19.2 19 

05 260.0 10.0 3 

06 220.0 0 2 

07 115.0 21.2 2 

08 49.7 10.2 29 

09 120.0 34.6 3 

10 120.0 28.3 2 

11 135.0 7.1 2 

12 

Average 

60.0 

126.0 

10.0 

- 

3 

- 
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methods that predict ICT’s before they occur. The results of this study show that the prediction 

of naturally occurring tripping events is possible. In fact, we were able to successfully predict 

trips by monitoring only the kinematics of the lower limbs during the preceding stance phase. 

Early prediction of intrinsically caused tripping events promises further proactive engineering 

mechanisms for ICT avoidance and therefore reduces the risks of fall in individuals with stroke.

    

The ICT’s observed during this study were all naturally induced, and caused by 

insufficient foot clearance during swing phase. Reduced foot clearance during the swing phase 

of walking is caused by an insufficient shortening of the leg. Shortening of the leg is achieved 

by a combination of joint kinematics, most notably knee flexion and ankle dorsiflexion. 

Though there are many parameters that lead to a successful shortening of the limb, we found 

that by using only two kinematic sources, we were able to accurately predict an ICT. For 9 of 

the 12 subjects, we found that the elevation velocity of the foot’s center of gravity and sagittal 

shank angle were able to provide sufficient information to predict a trip at the time of toe off. 

Additionally, both sagittal shank angle and the elevation velocity of the foot’s center of gravity 

can be easily obtained using accelerometers and gyroscopes [32].  

The results from the first rotation of the SFS presented in Table III further emphasize 

the importance of sources obtained from the shank and the foots’ center of gravity. These two 

sources along with their first and second time derivatives made up 6 of the top 10 standalone 

sources, suggesting that the sagittal shank angle and foot height before toe-off are strong 

precursors for ICTs. The top 10 standalone sources for the first rotation all had mean AUROC 

greater than 0.85, which is significantly better than chance. This suggests that by only using a 
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single source, the prediction of ICTs is still plausible. In fact, with the exception of LLz, each 

of the top 10 standalone sources came from the knee, shank or foot.  

Unsurprisingly, the generalized source selection did not work well for everyone. The 

neurological deficiencies caused by stroke affect everyone differently. Our results suggest that 

customized approaches may be necessary for trip prediction in some individuals. The 

advantage of a customized approach is that trip prediction would use the optimal sources for 

each individual. In this study, we limited the sources per subject to only two sources. By 

allowing more sources, trip prediction may increase for some individuals. In fact the addition 

of more sources actually decreased the detection performance for some subjects, suggesting 

additional sources may add more noise than useful information for predicting ICTs for some 

individuals. This trend can be seen in the generalized source detection for subject 11 and 12 in 

figure 4. While such trends suggest a customized optimization for everyone would be ideal, 

such an approach would be time consuming and costly.  

The implications of predicting an ICT before it occurs suggests that a new proactive 

approach to fall prevention may be possible. Currently, proactive fall prevention strategies are 

limited. The use of a functional electrical stimulation (FES) device is often employed for 

individuals with stroke or MS in order to provide ankle dorsiflexion during swing phase [33]. 

This elicited ankle dorsiflexion effectively shortens the limb, and provides the necessary swing 

clearance.  However, in order to avoid trips, such a device is used for every step and fatigues 

the targeted muscles very quickly [34]. If an ICT predictor was used in conjunction with an 

FES device, the device would only need to be active when a trip was predicted.  
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One of the most exciting results from this study is that Sagittal Shank Angle was the 

first source selected from both of our source selection methods. When used as a standalone 

source, the mean AUROC curve for sagittal shank angle for the 9 subjects was 0.915. The 

shank angle is an ideal source because current FES devices are already worn on the shank, just 

below the knee joint. In fact, many FES devices that provide ankle dorsiflexion utilize a tilt 

sensor, which determines the timing of the stimulation. While a tilt sensor would likely not be 

sensitive enough to work with our algorithm, an Inertial Measurement Unit (IMU) could easily 

be integrated into current FES devices. In addition to sagittal shank angle, timing of gait events 

is also important. Heel-strike and Toe-off information could be obtained from insole force 

measurements from devices similar to Pedar insoles (Novel, Germany) or foot switches. An 

additional IMU could be placed on the foot to give an estimate of the vertical velocity of the 

foot center of gravity. Therefore, integration of our algorithm is certainly plausible.  

The final part of the study focused on the timing of the prediction time of the trips. 

According to data reported in [35], the electromechanical delay from an elicited electrical 

stimulation was approximately 17.2ms, half the reported time for a voluntary response. The 

subject with the earliest mean ICT onset in this study was just over 49ms after toe-off. This 

suggests that an electrically elicited muscle contraction directly after toe off for predicted trips 

should in fact be sufficient to avoid an unsuccessful foot clearance. In fact the mean ICT 

prediction time across all subjects was 126ms. For this study, we only considered the final 10% 

of stance phase for predicting ICTs. This timing was ideal because it could be easily obtained 

from heel strike and toe-off events. However the observed large ICT prediction time suggests 

that exploring data after toe-off should be emphasized in future studies as well.  
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III. Study Two: Effects of Material Properties of Foot 

and Obstacles on the Level of Tripping Disturbance: 

A Simulation Study 

Note: The work presented in study two, Material Properties of Foot and Obstacles Affect 

Level of Tripping Disturbance: A Simulation Study has been submitted for review a conference 

paper to the 38th Annual International Conference of the IEEE Engineering in Medicine and 

Biology Society. My contributions to this work include the build and integration of the 

collision model, data collection, analysis of data, and assistance in writing and preparation of 

the manuscript, under the guidance of Dr. Helen Huang and Dr. Ming Liu.  

 

Introduction 

There are approximately 2 million individuals living in the US with amputation [36], 

with approximately 185,000 additional lower limb amputations occurring every year [37]. 

Individuals with lower limb amputation often rely on prostheses in order to ambulate. 

However, the resultant gait deficits from a lower limb amputation leaves amputees much more 

susceptible to trips and slips, which often lead to falls. In inpatient rehabilitation settings, one 

in five patients with lower limb amputation will experience at least one fall with approximately 

18% of the falls resulting in an injury [38]. Falls in the community are common as well, studies 

have shown that 27% of unilateral amputees and 58% of bilateral amputees report at least one 

fall in the last 12 months [39]. It was also reported that up to 22% of the falls were related to 

environmental factors alone and 48% were a result of intrinsic patient related factors [39].  

One factor that makes lower limb amputees more susceptible to trips and falls is that 

their prosthesis is limited in function and capability. Although prostheses have made great 

advancements over the past years, inadequate patient-device interactions and lack of sensory 

feedback make amputees more susceptible to trips. Additionally, when amputees are 
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introduced to unpredictable environments or terrains, the chance of a tripping event is further 

increased. Because trips cannot always be prevented, amputees must rely on the successful 

implementation of a recovery strategy to avoid falling. For able-bodied individuals, two 

common recovery strategies are often observed after a tripping event, an elevation strategy and 

a lowering strategy. 

The first strategy is an elevation strategy in which the subject flexes both the hip and 

knee of the affected foot in order to avoid a second collision [40]. This recovery strategy is 

usually observed for trip recoveries occurring early on in swing phase. The second recovery 

strategy, which is observed more frequently in mid and late swing is the lowering strategy. A 

successful lowering strategy consists of the subject placing the obstructed leg on the ground, 

and stepping over the obstacle with the contralateral leg [40]. Unfortunately, commercially 

available computer controlled prosthetics only offer the lowering strategy [41], [42], by 

increasing the impedance of the prosthesis upon detection of a trip. However, research reported 

by Crenshaw et al. found that when subjects’ computer-controlled prostheses were blocked by 

an obstacle during walking, attempted lowering strategies failed leading to a fall, or assisted 

support [43].  

Powered prosthetic devices offer a great deal of potential to further mitigate the risk of 

falls for amputees. The advantage of powered devices is that they can be programed to perform 

tasks that passive prostheses are unable to [44], [45], [46]. The programmable nature of 

powered prosthetics allow for control algorithms to be designed to adjust and respond to 

perturbations experienced by the user. Several different studies have used wearable sensors in 
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order to detect when a tripping event has occurred [47], [48]. Additionally, efforts are being 

made to make more robust prosthesis controllers that more readily reject abnormal walking 

gaits such as those encountered during a trip [49]. However, these preliminary designs have 

not been used in commercial powered prostheses. 

In order to design an effective control strategy for powered prostheses that increases 

chance of recovery, we need a better understanding of how environmental factors affect the 

level of disturbance experienced from a collision event. In order to create an effective recovery 

control procedure, it should be able to cover most of the tripping scenarios. This is a difficult 

task because there are multiple factors that determine how a collision will disturb an individual 

while walking. For instance, the distance between an obstacle and the foot at toe-off determines 

the relative speed of the toe when the trip happens. Additionally, variable material properties 

of the foot and an obstacle further affect the duration of the trip and relative speed between the 

toe and the obstacle when the trip ends. The wide variability in environmental factors makes it 

challenging to study the relationship between environmental factors and the level of 

disturbance experienced experimentally. Collection of authentic experimental collision data is 

further complicated because it has been shown that subjects alter their kinematics and kinetics 

when anticipating a trip [50], [51]. To overcome these difficulties, we propose a dynamic 

biomechanics simulation to better understand the relationship between environmental factors 

and the level of disturbance caused by tripping. Successful implementation of a collision 

simulation would be useful because it would remove artifact from anticipation of a collision, 

and be able to explore unlimited environmental factors. By quantifying this information future 
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studies will be better informed which will assist in creating robust real-time fall prevention 

control methods for powered prostheses.  

 

 

 

 

Methods 
 

We constructed a simplified dynamical model to simulate a collision event to better 

understand the interaction between the foot and an obstacle in the sagittal plane. The model 

was built under the environment of SimMechanics, a toolbox of Simulink (MathWork, MA, 

US) and included two submodels: a rigid body model to simulate locomotion and a nonlinear 

spring-damper model to simulate a foot-object collision (Figure 8). 

 

 

Figure 8 (Left) Rigid body model for locomotion simulation (Right) a 
nonlinear spring-damper model for collision simulation 
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Rigid Model for Locomotion 

We constructed a simplified rigid body model in order to represent the motion of the 

leg, which experienced the tripping. In order represent locomotion of above knee amputees, 

who usually rely on fixed passive ankle joints, two segments, thigh and shank-foot, are modeled 

as rigid bodies. The motion of the leg was described by coordinates of the hip center, hip joint 

angle, and knee joint angle. The inertial properties of each segment were decided by measuring 

the height and weight of an able-bodied subject and then using the formulas reported in [52]. 

The interaction force of the simulated trip acted on the distal end of the foot of the model.  

Nonlinear Spring-Damper Model for Tripping  

In order to estimate the level of disturbance generated during a trip, a simple nonlinear 

spring-damper model [53] was integrated to simulate the collision between the foot and the 

obstacle.  An obstacle was defined as a rigid body fixed on the ground with one of its surface 

perpendicular to the ground. The normal forces (Fnormal), which was paralleled with the ground, 

are calculated using the following non-linear spring damper expression adapted from [53]: 

𝐹𝑛𝑜𝑟𝑚𝑎𝑙 = 𝑘𝑥𝑒 + 𝑆𝑡𝑒𝑝(𝑥, 0,0, 𝑑𝑚𝑎𝑥, 𝑐𝑚𝑎𝑥)𝑥̇                                       (4) 

where x is the distance penetrated by the toe, and 𝑥̇ is penetration speed of the toe, e is the spring 

coefficient, and dmax and cmax are  the max damping penetration and max damping coefficient 

respectively. The Step function allows a smooth transition of the damping term as the collision 

is initiated and terminated. This equation is further explained in [53]. Frictional forces (FFriction) 

during the collision was simulated as Coulomb friction and calculated using: 
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𝐹𝐹𝑟𝑖𝑐𝑡𝑖𝑜𝑛 = 𝜇𝐹𝑁𝑜𝑟𝑚𝑎𝑙 ∗ 𝑠𝑔𝑛(𝑦)̇                                               (5) 

where 𝑦̇ is the vertical velocity of the toe, and 𝜇 is the coefficient of friction, which is a static 

coefficient (𝜇𝑠𝑡𝑎𝑡𝑖𝑐) when vertical velocity is less than .05 m/s or dynamic (𝜇𝑑𝑦𝑛𝑎𝑚𝑖𝑐) when the 

velocity is greater than or equal to .05 m/s. The sgn term from equation 5 outputs a 1 or -1 to 

ensure that the frictional force is in the correct direction.    

Although more sophisticated collision models [54] are available, this model is chosen 

due to its simple structure and wide acceptance. The same model has been used in commercial 

rigid body simulation software Adams (MacNeal-Schwendler Coporation, Califorina) for 

collision simulations. 

Simulation Procedure 

A forward dynamic simulation was conducted to illustrate the influence of 

environmental factors on the level of gait disturbance (see Figure 9). This simulation was 

conducted based on kinematic and kinetic data collected from an able-bodied subject (80 kg 

body weight and 1.74 meter height) during treadmill walking at the self-selected walking 

speed. The data collection procedure was conducted under a protocol approved by IRB at the 

University of North Carolina – Chapel Hill. A video based motion capture system (Vicon, 

British) was used to collect the motion data and torque at different joints was calculated based 

on inverse dynamics. 
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The elasticity properties between the foot and the obstacle were defined by parameters, 

which were adjusted in the simulation. A total of six parameters were used as variables for the 

study, each with 5 potential values evenly spaced between the min and max values shown in 

Table V. The range of each parameter was chosen based on the values reported in [55] and 

further expanded to cover more elastic and inelastic scenarios. 

 

                    

 

 

 

 

 

 

 
Figure 9: An example case of the forward dynamic simulation. A: before collision and after 

collision; B: Influence of the collision at the end of the simulation. 

Start of Simulation
End of trip
End of simulation (no trip)
End of simulation (trip)
Obstacle and ground

A B
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TABLE V.  PARAMETER VALUE RANGES 

Variable 

Min 

Value 

Max 

Value 

Spring Coefficient (k) 1x104 2x105 

Spring Exponent (e) 100 1500 

Max Damping Coefficient (cmax) 1 2.2 

Max Damping Penetration (dmax) .001 .02 

Static Friction Coefficient (𝝁𝒔𝒕𝒂𝒕𝒊𝒄) .2 .8 

Dynamic Friction Coefficent 

(μDynamic) 
.1 .2 

   

To align with existing studies, which uses time information to choose recovery strategy, 

we defined the location of the obstacle based time of trip (using percentage of swing time) 

instead of the distance between the obstacle and a reference point, location of ipsilateral toe at 

previous toe off. Because the toe moved forward during the swing, the high percentage of the 

swing phase indicates that the obstacle is far from the reference point.  

The tripping events happened at 15%, 30%, 45%, 60%, and 75% of swing time were 

studied in the simulation. We used the measured joint angle and angular velocity at the hip and 

knee joints at the selected the trip time as initial conditions for the forward simulation. The 

obstacle was set 0.01 mm ahead of the toe at the selected trip time. 

Several assumptions were involved to simplify the model. 1) The joint torques were 

constant during the simulation. Because trips were never anticipated, it was reasonable to 
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assume that torque acted on each joint was not alternated during and just after the trip until 

subjects react to the trip through reflex and/or voluntary reaction. Here, the torque at each joint 

was calculated based on the inverse dynamics at the trip time using the collected motion data.  

2) The trajectory of the hip center was not affected by the trip. 

The simulation duration was set as 100ms to fully illustrate the influence of the 

environmental factors. Based on the data reported in [40], [56], and [57] EMG responses were 

observed in the swing leg biceps femoris 60-80ms after a trip and 110-130ms after trip in rectus 

femoris and vastus lateralis. Considering 20ms electromechanical delay commonly seen in the 

lower limb [50], we concluded that in the first 100ms after trip, no correction torque from 

human subjects were present.  

 

Results Presentation 

 

The level of disturbance of the trip was presented as the change of angle and angular 

velocity at the hip and knee joint at the end of the simulation compared with measured non-

collision data. Because multiple combinations of environmental parameters were used to 

define the material properties of the foot and the obstacle, it was hard to interpret the influence 

of each parameter. Therefore, we used coefficient of restitution (COR), a well-defined physical 

concept, to generalize the material properties [58], [59]. COR is a measure of the relative 

velocity between two bodies (A and B) before and after they collide and is calculated by: 

 𝐶𝑂𝑅 =
𝑣𝐴𝑓−𝑣𝐵𝑓

𝑣𝐵𝑖−𝑣𝐴𝑖
                                                                  (6) 
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where  𝑣𝐴𝑓 and 𝑣𝐵𝑓 are velocity of object A and object B after collision respectively and 𝑣𝐴𝑖 

and 𝑣𝐵𝑖 are velocity of the object A and object B before the collision respectively. COR is 

often used to describe the elasticity between two collided objects. When the COR equals one, 

it indicates the collision is elastic and no energy is lost during the collision. When the COR 

equals zero, it indicates the collision is inelastic and the two objects end up moving together. 

Because the obstacle was fixed in our simulation, the COR was calculated based on toe velocity 

before the trip and after the trip.  

Model Validation 

In order to validate our model, we used experimental data collected from a single 

collision. The data was originally gathered from the University of Rhode Island and the 

Providence VA Medical Center with the approval of the IRB and informed consent of all 

subjects. The tripping data was collected from the healthy side of a single amputee level-

ground-walking in a lab setting. As the subject walks across the room, a rope is pulled, raising 

a plastic acrylic plate perpendicular to the floor through a slit in the ground, thus inducing a 

trip (Figure 10). Subjects’ lower limb kinematic data were monitored by a marker based motion 

capture system (Oqus, Qualisys, Sweden).   
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Results 
 

The simulation results showed that the level of disturbance was heavily affected by the 

environmental factors. Figure 11 illustrated the level of disturbance related with obstacle 

locations and material properties of the foot and the obstacle. Although the simulation results 

Figure 10: Experimental setup for Inducing trip  
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generated cases for COR was smaller than 0.1 and larger than 0.8, these cases were ignored 

because such cases were not commonly seen. COR smaller than 0.1 mean that the foot was 

stuck on the obstacle, and COR larger than 0.8 were only reported for highly elastic objects, 

such as a ping-pong ball. 

 

 

Figure 11: Average level of disturbance caused by tripping. A depicted the change in the knee angle ∆𝜃𝑘; B depicted changes of hip angle, 

∆𝜃𝐻; C depicted change of knee angular velocity, ∆𝜃̇𝐾; and D depicted change of hip angular velocity, ∆𝜃̇𝐻. Flexion is positive for both knee 
and hip joints. 
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Figure 11 shows that as the elasticity of the collision increased (Increase in COR), the 

disturbance at the knee joint increased linearly. The disturbance at the hip joint was more 

dominated by swing phase timing. Additional knee flexion and hip extension were observed, 

which was caused by the trip. This observation was aligned with the fact that the interaction 

force between the foot and the obstacle was majorly pointed against the direction of locomotion, 

which would cause knee flexion and hip extension.  

Because both joints changed its rotation direction during the swing phase due to the 

collision, the angular velocity changed significantly at both joints. We did not see a clear 

relationship between the absolute value of disturbance on angle and angular velocity with the 

obstacle locations except for the hip joint angle, of which changed the least among for 

kinematics used to qualify the disturbance. The extension disturbance increased when the trip 

happened at the later of the swing phase. 

Figure 12 showed the average minimum foot clearance with the ground during the 

simulation. During the middle swing, negative foot clearance was observed, which indicates 

risks of uncontrolled contact of the foot and the ground.  
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Figure 12: Average minimum foot clearance during the simulation. 

 

The kinematic data collected experimentally from the single tripping trial is shown in figure 

13. The red curves represents the single trip data, and the black curve represents the mean 

healthy walking data. The onset of the trip, represented by the dashed vertical green line, 

occurred around 35% of swing phase. The red dashed line represents 100ms after the trip onset 

for comparison to the simulation data. Based on the experimental tripping data collected, the 

trip disrupted the trajectory of both the hip and knee angle.  

 



 

43 

 For fair comparison of the results from the experimental data, we ran the model again 

at 35% swing phase. The simulated hip and knee angles are compared to the experimental hip 

 

Figure 13: Knee (Top) and Hip (Bottom) Angles collected from an induced trip in lab. The solid black curve represents an 
average of the subjects hip and knee angles across multiple gait cycles. The red curve represents a single trip, and shows 
the disturbance in both hip and knee angle after collision with an object.  
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and knee angles in figure 14. The red lines in figure 14 represents the tripping data collected 

experimentally. Due to low sampling rate of the collected kinematic data and lack of force data 

at the toe, we were unable to calculate a value for COR. Based on where the data falls however, 

we estimate that the COR for the experimental data probably falls between 0.6 and 0.7.  

 

 

 

 

 

 

  

Figure 14: Model kinematics vs observed kinematics from single tripping trial. Black lines represent ranges 
predicted from model. Red line represents value observed from single tripping trial. 
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Discussion 

 The results from this study present a novel solution to a challenging problem in 

research. Previous studies have shown that if a subject anticipates a trip, they will alter their 

gait in order to improve chances of recovery [50], [51]. These anticipatory changes in gait alter 

both kinetics and kinematics of lower limb joints, which contaminates experimental results. 

By introducing this simulation model, we can use normal walking data collected from a subject 

and eliminate noise created from the anticipation of a trip or fall.  

 Another difficulty with collecting real tripping data is that there are many different 

environmental variables that are difficult to manage and quantify. The use of a simulation 

allows us to test against all potential tripping scenarios. This is important because the results 

from our simulation study clearly show that the level of disturbance depends on the 

environmental factors and timing of the trip. This estimation of disturbance level will help 

researchers better understand the challenges in creating successful control strategies for 

amputees.  

While the collision model was a good predictor of knee angle and angular velocity, the 

hip angle and angular velocity values were significantly different than those collected 

experimentally. Despite the difference in values, the inconsistencies are not too surprising. As 

mentioned previously, anticipation of trips has been shown to alter gait kinematics. Additionally 

the tripping data was collected from a single amputee subject whereas the model data was 

collected from an able-bodied subject. Research has shown that amputees demonstrated a lesser 

degree of lower limb symmetry than the non-amputees [60], [61]. Furthermore, differences in 

hip data may be caused by over simplification of a two-dimensional model, or the assumption 
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in our simulation that the hip moves at a fixed trajectory. However, the observed differences 

suggest further investigation and validation is certainly needed, ideally using data from a single 

subject.    

 Based on our results, the hip angle is not affected very much by collisions that occur 

early in swing phase. Unlike the hip, collisions in early swing cause the knee to become more 

flexed from the resultant forces of the collision. This additional flexion may be useful in the 

facilitation of the elevation recovery strategy observed in early swing. However, when the 

collision occurs in mid or late swing phase, the hip becomes more extended. This greater 

extension may make foot clearance more difficult, and as a result the elevation strategy may 

become a less viable option. Although we did not simulate foot-ground contact forces during 

this simulation, our results suggest that in mid to late swing, the foot would be forced to make 

uncontrolled contact with the ground. The uncontrolled contact observed in the simulation 

might further reduce the chance of using the elevation strategy and make lowering strategy 

mandatory.  

The of this study help give us a better understanding of how environmental factors affect 

the level of disturbances an individual may experience during a collision event. Understanding 

the level of disturbance experienced may give us a better understanding of how to employ 

appropriate prosthesis control strategies to prevent falls in real-time. For example, by knowing 

the knee and hip motion right after the trips, we can estimate the level of perturbations based on 

the results in this study and predict the recovery strategy used by prosthesis users. The predicted 

result can be fused with the recognition of the patient’s intended stumble recover strategy (either 

elevation or lowing strategy), obtained by EMG-based neural-machine interface that has been 
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developed in our lab [62], [63], [64]. This will enable the prosthesis to cooperate with the 

amputee user to generate appropriate reaction in human-prosthesis system and recover from 

trips.  Of course, implementing this idea requires significant additional engineering efforts in 

the future.   

Finally, there are many recognized limitations of this study. The motion data collected in 

this study was only collected from a single able-bodied subject. In order to test the consistency 

of our results, we will include more subjects in future studies. With the inclusion of more data 

for validation, we hope that this model can be used as a novel approach to simulate human 

reaction to trips. This model will be very useful for the development of trip recovery strategies 

without heavy involvement of human subjects.  
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Conclusions 
 

 Real-time fall prevention is crucial for protecting individuals when they are at risk of 

falling. By preventing disturbances completely, or assisting in the recovery from a 

perturbation, we can prevent injuries and deaths that result from falls. While further research 

is needed, the results of these two studies help pave the way towards two unique real-time fall 

prevention methods.   

The first study aimed to identify kinematic predictors of ICTs. This research is 

important for the future exploration of engineering solutions to prevent ICTs in individuals 

with stroke. To do this, gait kinematics collected from twelve individuals with chronic stroke, 

who demonstrated ICTs in treadmill walking, were captured and analyzed. An ICT prediction 

algorithm based on outlier principle was employed. The results of this study demonstrated that 

it was feasible to predict ICTs before they occurred in the swing phase. For nine out of twelve 

subjects, the shank orientation in the sagittal plane and the elevation velocity of foot’s center 

of gravity from the paretic lower limb provided sufficient information for accurate ICT 

prediction. The ICTs in the other three stroke patients were attributed to the movement patterns 

in the non-paretic limb or proximal joints in the paretic limb. The outcomes of this study may 

inform future design of proactive mechanism in assistive devices for ICT and therefore fall 

prevention in individuals with stroke. This work is meaningful because it provides an answer 

to the question of when real-time fall prevention should be implemented.  

The second study explored how the level of disturbance from a collision event during 

swing phase was heavily dependent on environmental factors. We used a simple simulation to 
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model collisions between a foot and an object during swing phase. This model was partially 

validated using real trip data collected from a single subject. Because a large amount of 

environmental factors were considered, we pooled results by a measure of the elasticity of the 

simulated collisions. Simulated collisions caused additional knee flexion, and hip extension. 

The additional observed knee flexion was dependent on both the timing of the trip and the 

elasticity of the collision, while the additional hip extension appeared to be dependent on the 

timing of collision. The results of the collision simulation also suggest that an elevation 

strategy in early swing may be facilitated with additional knee flexion caused by the collision, 

while lowering strategy in late swing may become necessary as a result of uncontrolled contact 

with the floor. The results of the second study may influence future designs of prosthesis 

controllers which will be used to assist in real-time fall prevention for amputees.  

It is our hope that the results from these studies may also aid other populations that 

experience higher risk of falls. Though we only looked at predicting ICTs in individuals with 

strokes, many other populations such as individuals with Multiple Sclerosis or the elderly have 

gait deficits that make them more susceptible to ICTs as well. Our ICT prediction method may 

be translational to these other populations which could have a great impact scientifically. 

Additionally, a better understanding of how environmental factors affect the level of 

disturbance is useful for other populations as well. While our study only focused on modeling 

collisions for amputees, simple modifications of the model could provide information that 

would be useful for designing controllers for individuals who rely on FES devices or 

exoskeletons for ambulation.     
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