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ABSTRACT OF THE THESIS 

 

Smoothness Metrics for Measuring Arm Movement Quality after Stroke with a Wrist 

Accelerometer 

by 

Shusuke Okita 

Master of Science in Mechanical and Aerospace Engineering 

University of California, Irvine, 2021 

Professor David Reinkensmeyer, Chair 

 

 

Remote patient monitoring systems show promise for assisting stroke patients in home 

exercise programs.  While these systems typically measure exercise repetitions in order to 

monitor compliance, a key goal of therapists is to also monitor movement quality. Here we 

develop a measure of movement quality – Peak Intensity – that is a measure of movement 

smoothness that is implementable with a wrist-worn inertial measurement unit (IMU) in 

the context of performing repetitions of an upper extremity exercise. To calculate Peak 

Intensity, we assume we have an accurate count of the number of exercise repetitions in an 

exercise set, then calculate Peak Intensity as the total number of movement peaks from the 

continuous stream of IMU data generated across the set, divided by the number of 

repetitions. Using wrist-worn IMU measurements from 19 participants with chronic stroke 

performing a sample exercise in which they picked up and moved blocks across a divider 

(i.e. the Box and Blocks Test) we show that Peak Intensity is moderately correlated with a 

widely used measure of movement quality, the Quality of Movement score of the Motor 

Activity Log.  Peak Intensity is also strongly correlated with a measure of hand function 

(the BBT score itself), but is more sensitive at greater levels of impairment.  Finally, we 

show Peak Intensity can be validly derived from either wrist acceleration or angular 

velocity.  These results suggest Peak Intensity could serve as an indicator of movement 

exercise quality for therapists monitoring home rehabilitation, and, potentially, as a means 

to provide augmented feedback to patients about their exercise quality. 
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INTRODUCTION 

 
One out of five individuals in the world will experience a stroke. 80 percent of stroke 

survivors will experience motor deficits in the upper extremity, with these deficits 

persisting in 50 percent. A key goal in rehabilitation engineering research is to develop new 

technologies that can reduce the long-term effects of stroke on the daily function of the 

upper extremity. 

The pandemic has amplified the growing interest in improving home exercise 

programs for individuals who have experienced a stroke.  In the US, new billing codes have 

been introduced that can be applied to reimburse for home exercise programs that are 

being remotely monitored. To improve home exercise program technology, we have been 

working to develop a system that combines an app-based activity management system with 

sensor-based measurement of limb movement.  The idea is that the therapy app can be 

used to prescribe exercises, with the therapist specifying desired number of exercise sets 

and number of repetitions per set, and then the sensor can be used to count repetitions 

actually achieved. However, in discussions with therapists, they noted that they desire to 

not only have information about the amount of movement completed at home, but also 

movement quality. 

Development of sensor-based, home exercise technology is also justified by the 

finding that incorporation of augmented feedback can foster upper extremity recovery 

after stroke [1]–[3]. Moreover, in augmented feedback research, it has been shown that 

providing information about movement quality (a form of Knowledge of Performance), can 

be more effective than providing information about movement completion (a form of 

Knowledge of Results) [4]. This finding is consistent with therapists’ desires to provide 

augmented feedback about movement quality. 

A key question, then, is: what aspects of movement quality should be quantified and 

presented to patients and remotely monitored by therapists during home exercise 

programs? Based on interviews with therapists, we suggest there are four main items of 

interest: range of motion, speed of motion, smoothness of motion, and the degree of 

compensatory or incorrect movement patterns. The focus of this work is to develop a 

measure of movement smoothness that is implementable with a wrist-worn inertial 

measurement unit (IMU) in the context of performing repetitions of an upper extremity 

exercise. 

Movement smoothness characterizes skilled human motor ability.  Movement 

experts, such as athletes, surgeons, and dancers, typically execute movements with fewer 

discontinuities and intermittencies compared to novice learners. What occurs in motor skill 

learning also occurs in motor development. Infant’s movements become smoother as they 

learn how to move their limbs [5], and they may spend over 2 years to make their 

movements as smooth as adults [6]. However, human movements typically become 

saccadic in neurological injuries and diseases, including after stroke, appearing to be 

comprised of many sub-movements [7], [8]. One of the hypotheses for such discontinuities 

is the loss of coordinated muscle co-contraction [9], [10]. The amelioration of patients’ 
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movement smoothness after neurological injuries may improve one’s quality of life. As 

such, movement smoothness is a key movement characteristic that should be targeted in 

movement rehabilitation. 

To assess how fluently subjects can move their limbs and evaluate the progression 

of recovery, a wide variety of smoothness metrics have been developed and used for 

assessment, with much of the work coming in the context of upper extremity recovery after 

stroke [11]. Smoothness metrics analyze mathematical characteristics of the movement 

profile, such as the number of peaks in the velocity profile of movement, the magnitude of 

jerk, or the broadness of the frequency profile [12], [13]. In stroke rehabilitation, such 

smoothness metrics have been shown to be strongly correlated with standardized clinical 

assessments of upper extremity movement impairment, such as the Fugl-Meyer Upper 

Extremity Assessment [14]. Smoothness metrics thus are a potential marker for analyzing 

how one recovers motor dexterity after neurological diseases [12], [13], [15].  Smoothness 

metrics derived from wearable sensors worn throughout the day by stroke patients have 

also been proposed to reflect movement quality, independently of functional status of the 

limb, based on principle components analysis of combined clinical and smoothness metrics 

[16]. 

Although smoothness metrics have been used to evaluate how fluently one moves 

[12] or to see how one develops motor control [10], to our knowledge, no study has 

attempted to provide feedback from a wearable sensor to people using smoothness as the 

indicator of movement quality. Here, we present first work toward developing a method 

for measuring smoothness during performance of home exercises while wearing an IMU on 

the wrist. Our ultimate goal is to provide smoothness feedback as both a reinforcer of 

recovery and a guide to therapists monitoring home rehabilitation exercises.  
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DESIGN AND VALIDATION REQUIREMENTS 

 

For metrics to be effective for reinforcement of recovery, we present design 

requirements and validation requirements so that metrics can be sensitive enough to 

physiological characteristics.  

 

A. Design Requirements 

Firstly, we cannot use a single standardized method for tuning smoothness metric 

because of variations of placements of sensors, environmental settings, targeted 

movements, and a type of measurement system. For instance, wearable sensors are 

typically attached to the wrist if one would like to analyze upper extremity (UE) functions. 

However, if we would like to evaluate movement smoothness of other parts of the body 

(e.g., lower extremities), as Pinto et al attached the inertial measurement unit (IMU) on the 

trunk [17], we may wish to attach them in a different position. 

Secondly, many researchers focused on deriving smoothness from velocity data 

utilize position data obtained from robotic devices [18] or the motion capture system [19], 

and then differentiate the measurement. Recently, a number of studies investigated use of  

raw acceleration measurements for smoothness metric because of its simplicity [15], [17]. 

However, it’s not necessarily recommended because, using measurements from IMUs, we 

cannot simply integrate acceleration to obtain the velocity because of drift, which 

introduces a source of errors. One solution to avoid the drift is to directly compute 

smoothness from linear acceleration or angular velocity from the IMU instead of inferring 

velocity through integration. 

Thirdly, there are variety of ways of how to apply sensor readings from patient's 

movement. It is the consensus that we should analyze discrete movement to evaluate 

movement smoothness correctly if we would like to assess movement composed of many 

repetitive movements [20]. However, it may not be feasible for a dataset of impaired 

subjects to apply discrete movement to smoothness metric if there is a difficulty in setting 

an appropriate segmentation point in a real time. Especially it could be harder to construct 

the movement segmentation for impaired subjects. We could design a sophisticated 

algorithm to achieve the real time movement segmentation for both unimpaired and 

impaired subjects. To avoid the algorithmic complexity of segmentation, on the other hand, 

we could consider applying the entire movement to smoothness metric. For this study, we 

seek the approach applying the entire movement to smoothness metric in the end of 

movement execution. 

In summary, for our application, we suppose the following environments: (1) Use 

the inertial measurement units (IMU) to measure movements. (2) use the acceleration from 

the accelerometer or the angular velocity from the gyroscope as an input to smoothness 

metric. (3) The IMU is attached to the wrists. (4) Subjects perform a specific movement 

repeatedly for movement practice. (5) Generate a smoothness metric from the entire 

movement history in the movement practice set. 
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B. Validation Requirements 

To prove if candidates of smoothness metric can work as wearable feedback, we 

identify following validation requirements: (1) the association with impairment level of 

patients. (2) the correlation to the subjective evaluation of movement quality. (3) the 

sensitivity to a therapeutic intervention. (4) the repeatability across activity type. From the 

following, � represents the function used to generate a smoothness metric. 

1) Impairment Level 

It should be guaranteed that healthy subjects have better outcomes on smoothness 

metric than stroke patients have. This is because most of the time healthy subjects perform 

movements more smoothly than stroke patients. Furthermore, smoothness metric should 

relate to how impaired patients are. Thus, movements by the unimpaired arm should be 

smoother than movements by the impaired arm.  This can be formulated as Equation 1: 

 
∥∥�������∥∥	 < ∥∥���unimp �∥∥	∀����, �unimp 

 (1) 

where � is the function of smoothness metric,  ���� is measured information from the 

impaired arm, and �����  is measured information from the unimpaired arm. 

 

2) Correlation to the Subjective Evaluation of Movement Quality 

It is ideal if we could have a correlation with the subjective evaluation of movement 

quality. In the context of stroke rehabilitation, a common metric for subjectively scoring 

movement quality is the Motor Activity Log (MAL).  In this scale, patients subjectively self-

rate on a five points scale the quality of their movement compared to how they moved 

before their stroke.   We desire: 

 
������� ∝ ���������∀����  (2) 

where ��� represents the subjective evaluation of movements. ���� is measured 

information from the impaired arm, as in Equation 1. 

 

3) Sensitivity to Therapeutic Change 

Thirdly, we should expect we can see the improvement of smoothness as patients  

recover, either naturally or due to a therapeutic intervention. Consistent with this Rohrer 

et al. reported that subjects' movements become smoother as the recovery goes forward 

[6]. This problem can be formulated as Equation 2: 
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∥∥���∥∥ < ∥∥���∥∥ ⇔ ∥∥������∥∥ < ∥∥������∥∥∀��� , ���  (3) 

 

where, ��� is denoted as clinical score from patients on the baseline, and ��� is denoted as 

clinical score from patients on the post therapy. ��� and ��� are the measured 

information on the baseline and the post therapy, respectively. This equation states that 

movement smoothness on the baseline should have a smaller response than smoothness on 

the post therapy. 

 

4) Repeatability across Activity Type 

Smoothness metrics should have a consistent response along with type of 

movements because subjects cannot interpret anything if the smoothness value is too 

variant. In other words, the metric measurement variance should be as small as possible. 

This can be formulated as Equation (4: 

 �	 = ∑  ��� ��� − �̅�	
�# − 1�∥∥�	∥∥ < %  (4) 

 

where s represents the variance of response from smoothness metric, and � represents the 

function of smoothness. The variance �� needs to be smaller than %. 
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SMOOTHNESS METRIC TAILORED TO TARGETED EXERCISES 

 

1) Existing Smoothness Metrics 

Smoothness metrics can be classified into four main categories: (1) The velocity-

based metric (VM). The VM computes the mean velocity of the incoming stream [21]. (2) 

The peak based metric (PM). The PM counts the number of local maximums in the local 

interval of velocity profile. The PM also represents the number of zero crossings in the local 

interval of acceleration profile [10], [22]. (3) The jerk-based metric (JM). The jerk is the 

time derivative of acceleration, and has several variations: the jerk, the dimensionless jerk, 

the squared jerk, and the log dimensionless jerk (LDLJ) [13], [20]. The jerk metrics have 

been implemented given the premise that minimum jerk trajectories match with 

movements generated by healthy participants [23]. In other words, minimized jerk 

trajectories correspond to smooth movements. [10], [24]. (4) Frequency based metric 

(FM). The FM computes the frequency domains of the signals. The FM analyzes the shape of 

the frequency profiles in several approaches. Spectral Arc Length (SPARC) calculates the 

arc length for the Fourier transformed spectrum of the signals [13]. Those metrics have all 

mathematically different definitions and exploit different attributes of human movements. 

To discuss the metric applicable to repetitive movements, we first introduce the 

conventional peak metric (PM) that checks the number of local maximums: 

 

&� = −#()�*+,
)�*+ = -)�.� ∣ 0)0. = 0& 0	)0.	 < 03 (5) 

where we define )�*+  as the set of the speed profile or the acceleration profile. The peak 

metric is typically defined as the negative of the number of peaks [10]. Although a 

drawback of this metric is the variability for healthy subject's data, this metric has the 

independence from the number of sub-movements and the movement arrest periods 

(MAP), which is an appropriate property to evaluate smoothness at a time [13]. 

Note that there have been several papers comparing the desirability of these various 

measures of smoothness.    The most recommended measures are the LDLJ and SPARC 

because …  

 

 

2) Peak Intensity Metric 

Melendez et al. proposed a series of guidelines for deriving smoothness metrics 

from the sensor readings obtained from an IMU [25]. However, in the context of continuous 
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measurement of unsupervised, repetitive movement, it is difficult to directly apply existing 

metrics. This is because these metrics have been developed for well-defined, discretely 

attempted movements, such as targeted reaches, with data typically acquired in a 

controlled laboratory setting. Thus, the problem of developing smoothness metrics for 

home-based wearables can be seen as having two subproblems: identifying discretely 

attempted movements and then calculating smoothness for each movement. 

Generalized movement segmentation remains an outstanding challenge. There have 

been many algorithms proposed for segmenting movements from continuous streams of 

data [26], but the robustness of these algorithms to a wide variety of movement types and 

levels of impairment remains questionable [27]. Here, we propose a potential solution 

applicable in the context of performing home rehabilitation exercises in prescribed “sets” 

and “reps”: measure smoothness across the entire exercise set, then divide the aggregate 

smoothness by the number of reps, producing a “smoothness per rep”. In this scenario, we 

assume an accurate rep count, whether it is from a sensor system designed to count 

specific exercises or a patient report (i.e. when an exercise prescription system asks a 

patient to do “10 reps”, we assume they do 10 reps). Further, such an approach requires 

that the smoothness metric be linear, in the sense that the sum of smoothness for 

individual exercise repetitions equals the total smoothness across the entire set of 

repetitions. 

In considering potential smoothness measures, we observed that prominent 

measures, such as SPARC and Log Dimensionless Jerk [13], do not satisfy this linearity 

property.  However, another popular measure does: the number of peaks.  This is because 

the sum of the number of peaks for individual repetitions is, indeed, equal to the number of 

peaks across an entire set of repetitions. 

To find the peaks, we used the peak detection algorithm proposed by Brakel [19]. In 

this algorithm, peaks are defined as points further than a threshold from the moving mean 

calculated over a window of the data, and this threshold is defined as a multiple of the 

standard deviation of the data for the same window. Using a combination of the moving 

mean and the raw data, we can calculate the z-score for each data point, and define that 

point as a potential peak, as described here 

 4̅� = 15 6  �78
�

4� (6) 

 9:; = <=��78�4� − 4̅��	
5 − 1  

(7) 

 4� = >�?� + �1 − >��4�A  (8) 
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 B� = ?� − 4̅�A 9:;
 (9) 

 CD� = -1  if |B�| ≥ BGH0  if |B�| < BGH (10) 

 

where 4̅ represents the average of the data window N (set to 100 for incorporating a single 

motion in a rep), 9 represents the standard deviation of the window,  > (set to 0.1 for the 

remaining of the calculations) represents the influence of the new data to the previous 4, B 

represents the z-score, and CD corresponds to potential peaks where the calculated z-score 

is larger than the threshold BGH. We then select a single peak for regions where there are 

multiple potential peaks in sequence. Finally, we enforce that all peaks are at least 0.5 

seconds apart from another peak, removing those at smaller intervals. With the peaks 

defined, we can calculate the Peak Metric &�J by counting the number of peaks in one 

exercise set. Then, we normalize this metric by the number of movement repetitions, based 

on the premise we evaluate movement smoothness at the end of movement execution. We 

call this metric the Peak Intensity: 

 &KLM >#.K#�O.C = &�J5�  (11) 

where 5� represents the number of movement repetitions in one set of an exercise. Using 

this metric, we evaluate movement smoothness for targeted exercises in which one 

performs the same movement repeatedly. As an example of a targeted exercise, we analyze 

the Box and Block Test (BBT). 
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SIMULATION OF BOX AND BLOCK TEST 

 

Before analyzing data captured from stroke subjects, we designed a simulation of a 

standard clinical assessment of upper extremity function after stroke, the Box and Blocks 

Test (BBT [28]), to understand how features of movement relate to various candidate 

smoothness metrics.  In the BBT, the patients pick up small blocks from one side of a 

container and moves them across a divider to another side. As we show next, based on 

these shortcomings, we found that several popular existing smoothness metrics have 

shortcomings in quantifying smoothness of the BBT test, and that Peak Intensity solves 

these shortcomings.   

Specifically, our design goal is to compute the smoothness metric from a continuous 

stream of repetitive movement data obtained from a wrist accelerometer, assuming that 

this data has not been segmented.  We observe that we cannot use the two most 

recommended measures of smoothness (SPARC and LDLJ) because they don’t obey a 

linearity property: 

 ���P� ≠ ���? � + ���?	� + ⋯ + ���?�� (12) 

 �S�P� ≠ �S�? � + �S�?	� + ⋯ + �S�?�� (13) 

where ��  and �S are functions of the LDLJ and the SPARC. X is a set of vectors consisting of 

n discrete movements: X =  (?1, ?2, . . ., ?#,.  For the simulated BBT, we show that 

unsegmented smoothness is dependent on changes in the number of movements 

performed as well as the movement arrest period between reaching movements,  for both 

SPARC and the LDLJ. Thus, we conclude that we cannot apply the SPARC and the LDLJ with 

directly to the entire vector wearable sensing vector X generated during a BBT assessment. 

1) Construction of the Model 

We construct the 2D link kinematics to simulate movements in the BBT. The BBT 

requires a subject to grasp blocks in a box to carry them to another box within 60 seconds; 

the number of blocks transported counts as the score. Under the BBT, subjects perform 

translational movements and rotational movements along with picking up objects. We 

demonstrate whether there is a linear correlation between discrete movement smoothness 

and repetitive movement smoothness. We use the Peak Intensity and existing two metrics: 

the SPARC and the LDLJ. 

We define two measures of smoothness: (1) Segmented Smoothness, quantified as 

smoothness per rep and (2) Unsegmented Smoothness, quantified as smoothness per a set 

of reps. We suppose segmented smoothness and unsegmented smoothness should be 
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identical if smoothness metrics hold to the linearity property.

 

Figure 1. Two joint arm kinematic model. The shoulder frame O is fixed as the world coordinate system. 

The position of the wrist is set as the sensor frame S. The arm moves to the right and left to perform a 

single movement. The movements in wrists in the sensor frame S was computed from the positions in 

the shoulder coordinate based on the inverse kinematics. 

 

Figure 1 shows the model of the kinematics. We suppose that the shoulder frame O 

is fixed on the world coordinate. The sensor frame S is rotated based on movement 

execution. We have positional measurements relative to the shoulder frame. We suppose 

that the arm completes a movement in every 2 seconds. After the movement execution, the 

arm takes a ‘break’ by setting movement arrest periods (MAP). The positions in the sensor 

frame S can be expressed as follows: 

 W��.� = XYX Z�.�[XY\�.�W]�.� (14) 

where W��.� is the position in the sensor frame, W]�.�is the position in the shoulder frame. 

XYX \�.� represents the rotational matrix from S to S'. [XY\�.� represents the rotational 

matrix from S' to O. Based on this conversion, we reconstruct IMU measurements from the 

2D-link kinematics using the finite difference approximation, in which velocity and 

acceleration can be computed based on the following equations: 
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 )�.� = ?�. + 1� − ?�.�ℎ  
(15) 

 L�.� = ?�. + 1� − 2?�.� + ?�. − 1�ℎ	  
(16) 

 

where x is the position, v the velocity, a is the acceleration, t is the time, and h represents 

the time delta. Two joint  arm  kinematics model computes position, velocity, and 

acceleration based on the following procedures: 

1) Initialize parameters: Set the number of movement repetitions, initialize the 

position of the arm, set the parameter _, set the time for the MAP. 

2) Move the arm to the right in the shoulder frame: ?�7 = ?� + _ ∗ unif �0,1�. 

3) Move the arm back to the left in the shoulder frame: ?�7 = ?� − _ ∗ unif �0,1�. 

4) Compute the angle from the inverse kinematics. 

5) Compute the position in the sensor frame S. 

6) Compute the velocity, acceleration, and the angular velocity using Equation 17 

and 18. 

7) Evaluate the segmented smoothness 

8) Wait if there is the MAP. 

9) Return to step 4) until movements are executed by the specified number of 

repetitions. 

10) Evaluate the unsegmented smoothness and compare it to the sum of discrete 

smoothness. 

The arm moves based with a velocity drawn from the uniform distribution unif �0,1� 

multiplied by a constant _, in which the output is uniformly distributed from 0 to 1. The 

model iterates movements until the simulated arm executes the specified number of 

movements. To compute smoothness in step 7) and 9), we took the L2 squared norm in x 

and y coordinates, following the approach by Melendez [25]. 
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Figure 2. 20 Simulated movements in 40 seconds. A): The position profile over time in the sensor frame 

S. B) The reconstructed velocity profile in S reconstructed from the forward approximation over the 

time. C) The reconstructed acceleration profile in S from second-order finite difference approximation 

over the time. 

Figure 2 shows an example of simulation when the model performed 20 simulated 

movements. The arm performed each movement in 2 seconds. The initial point was set as 

(x, y) = (0.5, -0.5). To execute movements, the parameter _ was set as 0.005. The arm 

moved to the right and the left by unif �0,1�. The green lines in each plot represent a 

threshold for z-score. The local maximums in each measurement were counted as peaks.  

 

TABLE 1. PARAMETERS FOR SIMULATION 

Parameter Values 

Movement Arrest Periods (MAP) [sec] {0, 0.25, 0.5, 1.0, 1.25, 1.5} 

The number of movement repetition {2, 5, 10, 20, 30} 
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 TABLE 1 shows parameters used for simulation: movement arrest periods (MAP) 

and the number of movement repetition. The MAP stands for the time in which there is no 

movement. We insert the MAP between movement execution.  

 

Figure 3. The relationship between segmented smoothness and unsegmented smoothness. Figures in the 

left column represent the unsegmented smoothness.  Figures in the center column represent the 

summation of segmented smoothness. Figures in the right column represent the USR. Vel = use 

reconstructed velocity. Acc = use reconstructed acceleration. Rot = use reconstructed angular velocity. 

Figure 3 shows the relationship between the segmented smoothness and the 

unsegmented smoothness. Here, we introduce the metric called the Unsegmented 
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Smoothness to the Segmented Smoothness ratio (USR). The Segmented smoothness 

represents the smoothness for .  

 ��e = ��?f:�∗��∑  8��f ��?��:��7�� (19) 

where N represents the number of movement repetitions. T represents the length of a 

single movement. The numerator of USR represents the Unsegmented Smoothness, 

applying the entire movement to smoothness metric at a time. The denominator of USR 

represents the sum of Segmented Smoothness, applying each single movement to 

smoothness metric one by one. If USR is around 1.0, we can regard the relationship 

Unsegmented Smoothness and Segmented Smoothness as linear. 

We computed the consistency of SUR by varying the number of repetitions. We 

checked SUR of the SPARC, the LDLJ, and Peak Intensity (BGH = 3.0, the cutoff frequency = 

5.0 Hz). We can see that the USR for SPARC and LDLJ decays as the number of repetitions is 

increased. &���G is consistent around 1.0, implying only Peak Intensity can be independent 

from the change of the number of movement repetitions and the MAP. 
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CLINICAL DATA ANALYSIS 

 
Based on the simulation results, we adopted Peak Intensity to examine if it could 

meet our design validation requirements. We analyzed clinical data of the BBT obtained 

from 19 stroke patients [28], in which a wristband containing an IMU was attached to the 

wrists of the impaired arm and unimpaired arm.  

Specifically, we used the BBT as an example of an upper limb exercise that mimics 

an exercise that might be included as part of a home exercise program. All subjects 

provided informed consent and the experiment was approved by the UCI Institutional 

Review Board. For this test, they attempted to pick up as many small blocks as they could in 

one minute, moving them across a divider and dropping them. They performed the BBT 

three times, with the first two measurements separated by 3 weeks, and the next two by 

three months, as part of randomized controlled trial that tested whether providing 

feedback about finger movement can improve hand recovery . At each session they 

performed the test with both arms, which we will call the “impaired” and “unimpaired” 

arms.  The IMU wristband that they wore was a device called the Manumeter. TABLE 2 

shows the patient demographic for 19 stroke patients on the randomized controlled trial 

(RCT). Further descriptions can be found in [28]. 

 

TABLE 2. PATIENT DEMOGRAPHIC AND BASELINE OUTCOMES [28] 

 All (n=22) 

Age 57 +- 14 

Gender (Male [M]/Female [F]) 18M / 4F 

Time since stroke (months) 10 +- 33 

Side of hemiparesis (Right[R] / Left[L] 12R / 10L 

Type of stroke (Ischemic[I] / Hemorrhagic [H]) 12 I/ 10 H 

BBT 20 +- 17 

FMUE 40 +- 13 

ARAT 34 +- 20 

 

 

1) Data-Logging Board 
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We collected data from the manumeter that has a 6 degrees of freedom inertial 

measurement unit (IMU, LSM6DSL) [29], [30]. The range of the accelerometer was set to +- 

4G and gyroscope. It can read acceleration with 16-bit resolution. A system on a chip (SoC) 

is ARM Cortex M4 CPU (NRF52, Nordic Semiconductor). The real time clock (PFC2123) 

calculates the time and the date. It has a 4GB flash memory so that it's able to store data 

obtained from IMU (acceleration, gyro, and the magnetic field). The time sampling rate is 

set as 52.6 Hz, which is over the acceptable frequency for recognizing human movement 

[31]. Data can be transferred to the PC using the enhanced shock burst (ESB), a proprietary 

wireless communication protocol developed by Nordic Semiconductor, Norway. The 

manumeter is powered with the 250mAh lipo battery. It has an OLED display that shows 

notification and time. 

 

2) Experimental Set-Up [28] 

They wore an inertial measurement unit (i.e. the “Manumeter”) on each wrist, which 

recorded three axes of linear acceleration and three axes of rotational velocity at 52.6 Hz. 

Due to data loss in some BBT sessions, we obtained data for 34 impaired arm tests, and 37 

unimpaired arm tests. An experienced physical therapist supervised the BBT, and also 

administered the Motor Activity Log, a subjective self-ranking of how well (HW) and how 

much (the Amount of Use Scale – AS) the participants felt they used their upper extremity 

for various activities of daily living.  An MAL HW score can vary from 0 to 5, with a score of 

1 corresponding to “The weaker arm was moved during that activity but was not helpful”; a 

score of 3 to “The weaker arm was used for the purpose indicated but movements were 

slow or were made with only some effort” and a score of 5 to “The ability to use the weaker 

arm for that activity was as good as before the stroke”. Further descriptions can be found in 

[20]. 

 

3) Data Pre-processing 

We preprocessed acceleration data using the Madgwick filter [32] to remove the 

gravity from sensor measurements: 

 Sh�.� = Shihj�.� − Sk (20) 

where araw is the raw acceleration in the sensor frame S, and a is acceleration used for 

analysis. g is the gravity subtracted from the raw acceleration using the filter. Then we low 

pass filtered both acceleration and angular velocity signals using a second-order 

Butterworth filter with a 5 Hz cutoff frequency. We used the L2-norm of the three-axis 

acceleration or angular velocity signals to compute the smoothness metric, following the 

approach by Melendez [25] 

4) Experimental Results 
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Figure 4. The relationship between Peak Intensity and the BBT score. (A) Peak Intensity based on the 

acceleration measurements. (B) Peak Intensity based on the angular velocity measurements. The black 

dots and white dots represent data from impaired and unimpaired arm movement, respectively when 

the threshold for z-score used in the peak detection algorithm was equal to 2.0. The three lines in (A) 

and (B) show exponential curve fits to Peak Intensity vs BBT score, combining the impaired and 

unimpaired arm movement data. The solid lines represent Peak Intensity with z=1.0 threshold. The 

dashed lines represent Peak Intensity with z=2.0 threshold. The dotted lines Peak Intensity with z=3.0 

Figure 4 shows the relationship between Peak Intensity and the BBT score, with 

Peak Intensity calculated using either linear acceleration and angular velocity readings 

obtained from the IMU. Peak Intensity obtained from either acceleration or velocity was 

strongly correlated to the BBT score but was more sensitive to BBT Score at higher levels of 

impairment.  Increasing the z-score used in the peak detection algorithm shifted the best-fit 

curves to Peak Intensity-BBT relationship but maintained their shape. The following 

exponential model was used to fit the lines. 

 C = LKl+ + m (21) 

where a, k, and b are constants for the exponential model. 
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Figure 5. The correlation between Peak Intensity and MAL. The threshold for z-score was 1.0, and the 

cutoff frequency for the Butterworth filter was 5.0 Hz. The solid lines represent a linear fit of Peak 

Intensity taken from impaired subject data using the least squared method. The dashed line represents 

the confidence interval. The black dots represent peak metrics obtained from the impaired arms of 

subjects. The white dots represent Peak Intensity obtained from the unimpaired arms of subjects, 

plotted at the value of their MAL score for their impaired arm. (A) and (B): The correlation between 

Peak Intensity and MAL-HW obtained from acceleration and angular velocity, respectively. (C) and (D): 

The correlation between Peak Intensity and MAL-AS, obtained from acceleration and angular velocity, 

respectively. 

 Figure 2 shows the correlation between Peak Intensity and a measure of movement 

quality – the Motor Activity Log How Well Score (MAL-HW). Peak Intensity was 

significantly and moderately correlated with movement quality when Peak Intensity was 

derived using acceleration readings (r = 0.631, p < 0.01) or angular velocity readings (r = 
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0.584, p < 0.01). Peak Intensity was also correlated with MAL-AS score for both 

acceleration readings (r = 0.583, p < 0.01) and angular velocity readings (r = 0.517, p < 

0.05). 

 

Figure 6. Change of smoothness metric across the therapeutic stage in the BBT. The horizontal line 

represents the mean of Peak Intensity, and the vertical lines represent the standard deviation of  Peak 

Intensity. The black line: The error bar of  Peak Intensity from acceleration measurements. The gray 

line: the mean and the standard deviation of Peak Intensity from angular velocity measurements. The L2 

norm squared of sensor measurements were used to compute Peak Intensity. Abbreviations: BL = 

Baseline, PT = Post Therapy, FU = Follow Up. 

Figure 6 shows therapeutic change of smoothness across study stages. The second 

order Butterworth filter was used with 5.0 Hz cutoff frequency to filter signals.  

Smoothness improved during the intervention stage (which was when subjects exercised 

their hand at home).  We conducted a paired t-test to see if there was a significant increase 

due to therapy. For both measurements, we couldn’t find the statistical significance in Peak 

Intensity derived from acceleration measurements between Baseline (BL) and Post 

Therapy (PT) (p = 0.331) and Baseline (BL) and Follow Up (FU) (p = 0.232).  We couldn’t 

find statistical difference from angular velocity measurements between BL and PT (p 

=0.351), BL and FU (p = 0.278).  However, in this study, it should be noted that no 

significant improvements in other clinical measurements were found either.  Therefore, the 

lack of a significant change in smoothness may be due a lack of therapeutic effect, not to a 

deficiency of the smoothness measure.  
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DISCUSSION 

 

A key, unsolved goal in remote patient monitoring for home exercise programs after 

stroke is to quantify movement quality and not just movement quality.   Here, we found 

that a marker of movement smoothness – Peak Intensity – correlated with stroke 

participant’s own assessment of their movement quality using an established clinical scale 

– the MAL-HW.  This suggests that Peak Intensity may be useful for providing movement 

quality feedback as both a reinforcer of recovery and a guide to therapists monitoring 

home rehabilitation. 

We proposed a method for calculating Peak Intensity that separates the problem of 

segmentation from that of smoothness quantification.  Specifically, we calculated the 

number of peaks across the continuous stream of IMU data generated across the exercise, 

then divided by the number of repetitions.  In this scenario, we assume an accurate rep 

count, whether it is from a sensor system designed specifically to count certain exercises or 

a patient report.  Clearly, the metric would become less accurate if the rep count is 

inaccurate.  However, our working hypothesis is that rep counts that come from patient 

self-reports or sensor-based training systems designed to count specific exercises will be 

more accurate than generalized segmentation algorithms at present. 

Peak Intensity has several potential advantages compared to other smoothness 

metrics. It is insensitive to the amplitude and velocity of a movement trajectory. It is also 

intuitive to relate to. Having a higher Peak Intensity corresponds to making a greater 

number of submovements while attempting to do an exercise, and thus this number can be 

linked to physical events – i.e. the submovements. Finally, Peak Intensity can be derived 

from either wrist acceleration or angular velocity using a single wrist-worn sensor, as we 

showed. 

The peak detection algorithm we used has the advantage of having an explicit way 

to adjust its sensitivity by changing the z-score threshold, which may be useful in tuning 

the algorithm to sensors with different noise levels. 

 Previous work conducted in our lab examined the effect of providing wearable 

feedback to persons with stroke on the amount of finger and wrist movement they 

produced throughout the day [28]. We found that this form of feedback did not significantly 

increase the hand movements the participants made at home. There were also no 

significant differences in clinical outcomes between the experimental group and a control 

group that wore the sensor but did not receive feedback. One interpretation of these results 

is that it is not enough to simple provide feedback on movement counts to promote 

recovery. Rather, it is necessary to provide a plan for exercise (i.e. a home exercise 

program) as well as feedback on movement quality. Indeed, this is the established 

paradigm in home rehabilitation that therapists currently promote, although they have no 

way to provide feedback on movement quality between visits. In our future work, we plan 
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to test whether providing a dedicated home exercise program, with feedback about 

movement quality provided by a wearable sensor, can improve upper extremity stroke 

recovery.  
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CONCLUSION 

 

We proposed an application of movement smoothness for wearable feedback. We 

defined requirements for the smoothness metric to be a reinforcer for wearable feedback. 

We first conducted simulation analysis to investigate how the number of 

movements and the MAP influence the response from smoothness metric in the BBT. The 

simulation analysis found that existing smoothness metrics are dependent on the number 

of movements and the MAP in the BBT, whereas Peak Intensity isn’t. Secondly, we 

evaluated the BBT to check if Peak Intensity could suffice the proposed requirements for 

wearable feedback. We checked the correlation between the BBT score and smoothness 

values from Peak Intensity to see if smoothness metric can be correlated with the 

impairment level. We found Peak Intensity from angular velocity measurements had a 

higher SNR, suggesting that we can use angular velocity measurements proactively instead 

of using acceleration measurements. 

The proposed approaches will be applied to our further study of wearable feedback, 

in which we demonstrate if patients following stroke can drive recovery through targeted 

exercises with wearable feedback.  
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APPENDIX – EXISTING SMOOTHNESS METRICS 

 
 

A. Spectral Arc Length Metric (SPARC) [12] 

The SPARC ηsal is the arc length of signals in the frequency response: 

 
nopq ≜ − s  tuf <v 1wxy	 + z0{|�w�0w }	 dw

{|�w� ≜ {�w�{�0�
 

(22) 

 

where V (ω) is the Fourier magnitude of the signal, and ωc is the maximum frequency 

bands. 

 

B. Log Dimensionless Jerk (LDLJ) [12] 

The LDLJ ηldj takes the logarithm of the jerk: 

 

 nldj ≜ −ln ��.	 − . ��
)peak 

	 �  G�
G�

�0	)0.	 �	 0.� (23) 

 

 

where t1 and t2 are the time of the start of movement, and the time of the end of the 

movement, respectively. vpeak represents number of peaks obtained from the conventional 

peak metric. 

 

 

 




