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Abstract

:

For total knee replacement (TKR) patients, rehabilitation after the surgery is key to regaining mobility. This study proposes a sensor-based system for effectively monitoring rehabilitation progress after TKR. The system comprises a hardware module consisting of the triaxial accelerometer and gyroscope, a microcontroller, and a Bluetooth module, and a software app for monitoring the motion of the knee joint. Three indices, namely the number of swings, the maximum knee flexion angle, and the duration of practice each time, were used as metrics to measure the knee rehabilitation progress. The proposed sensor device has advantages such as usability without spatiotemporal constraints and accuracy in monitoring the rehabilitation progress. The performance of the proposed system was compared with the measured range of motion of the Cybex isokinetic dynamometer (or Cybex) professional rehabilitation equipment, and the results revealed that the average absolute errors of the measured angles were between 1.65° and 3.27° for the TKR subjects, depending on the swing speed. Experimental results verified that the proposed system is effective and comparable with the professional equipment.
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1. Introduction


A survey revealed that more than 80% of elderly people aged 75 years or older were encumbered by degenerative arthritis [1]. Furthermore, another study reported that one of every 100 people had rheumatoid arthritis [2]. According to a report by the Agency for Healthcare Research and Quality, more than 600,000 Americans undergo total knee replacement (TKR) every year, while more than 15,000 people undergo TKR in Taiwan each year [3,4]. Osteoarthritis is the most common reason for knee replacement operation in the USA [3]. The success of the replacement highly depends on the presurgery assessment and continuing post-surgery rehabilitation. Physical therapy is an essential part of rehabilitation after TKR. Regular rehabilitation is crucial for patients to adapt to the replaced artificial joint and gradually regain their mobility [5].



According to a hospital’s tracking report, some patients after TKR had knees that remained swollen or even deteriorated when the patients returned to the hospital for inpatient services [4]. Whether the surgical procedure was not performed properly and whether the patients lacked proper rehabilitation after returning home for recuperation are important clinical issues that concern orthopedists [6]. Therefore, in this paper, we propose an effective method that integrates a designed sensor device, an inertial measurement unit (IMU), and an Android smartphone for monitoring the progress of rehabilitation after TKR. Furthermore, a software app was designed for long-term monitoring of the effect of rehabilitation by orthopedists and patients.



With the advancement of electronic technologies and their integration with wearable devices, the underlying systems have been extensively applied in the field of medicine, especially for tracking rehabilitation actions. To assess the evidence of wearable devices supporting their efficacy in assisting rehabilitation after total hip replacement and TKR, a review by Bahadori et al. [7] found that both accelerometer and gyroscope were used in five studies. To objectively assess the lengthy process of rehabilitation for cerebrovascular diseases (e.g., stroke), Friedman et al. [8] used a wearable sensor device (magnetometer) to precisely monitor daily use of the wrists and fingers. Mariani et al. [9] attached wireless inertial sensors on shoes to estimate the heel and toe clearance for gait analysis. They proposed independent 2-D and 3-D models for motion detection and three other models for estimating gait rehabilitation information from patients without them being confined to a specific location and experimental environment for data collection.



Inertial measurement units (IMUs) have been widely applied to detect human postures and gaits in recent years. As a result of their low cost, ease of use, and low weight, sensors can be easily integrated with wearable devices and the Internet of things for various applications. IMUs can be used in posture identification for applications in sports and healthcare.



Van Der Straaten et al. [10] gave systematic review to investigate the application of inertial sensor systems and kinematics obtained from systems in their study and to provide assessment to people with knee osteoarthritis and TKR. Kontadakis et al. [11] introduced a gamified rehabilitation platform consisting of a mobile game and an IMU placed on a lower limb in order to capture its orientation in space in real-time for patients undergone TKR. Jones et al. [6] attached IMUs on the lower limbs to objectively distinguish four rehabilitation exercises that were prescribed to osteoarthritis patients following TKR. Seel et al. [12] used an IMU for joint axis and position identification, and for flexion/extension joint angle measurement. Bakhshi et al. [13] developed two IMUs that were mounted on the upper leg and the lower leg to measure the knee joint angle.



Evaluation of gait and body motion disorder is relevant to fall risk assessment after knee-joint surgery [14]. Huang et al. [14] used three accelerometers (attached to both wrists and the chest) and applied the signal magnitude vector (SMV) and a type-2 fuzzy system for fall detection. Hsu et al. [15] presented an automatic gait analysis algorithm that can automatically obtain acceleration and angular velocity by using one accelerometer and two gyroscopes. Triaxial accelerometers were used to detect falls events [16,17]. They presented a peak-value detection algorithm that can effectively discriminate the start and end times of each gait sequence. Furthermore, they proposed an algorithm that can improve the detection accuracy and quantify walking behavior under irregular movement. Mei et al. [18] used acceleration sensor signals to determine gait event. Teufl et al. [19] reported step width measurement based on IMUs and achieved valid results for 3D gait analysis. Müller et al. [20] used a Kinect sensor to evaluate body motion and assess gait. Lorenzi et al. [21] presented a mobile healthcare device to monitor human motion disorders. Gholami et al. [22] designed a Kinect system to assess gait parameters in multiple sclerosis patients. Kun et al. [23] developed a sensor set and an algorithm to estimate knee-joint kinematics. However, the captured signals from the aforementioned experiments [23] cannot be processed online.



Data analysis and motion classification based on posture detection can help researchers more clearly understand users’ motion behavior. Some well-known methods such as neural networks, fuzzy modeling, and data mining have been proposed for analyzing motion patterns. Milosevic et al. [24] used self-organizing maps for visualizing trunk muscle synergies during sitting perturbations. Han et al. [25] used a single IMU to detect normal and abnormal gait phases. Hanakova et al. [26] evaluated complex movements of the arm during walking based on gyroscope data and an angle–angle diagram. They also compared the results with those of the range of motion (ROM) method.



From the literature survey, we discovered that there remained problems to be solved in previous studies on rehabilitation monitoring after TKR. Therefore, the developed sensor-based system is aimed to fulfill three objectives: (1) monitoring whether the TKR patients followed the orthopedist’s rehabilitation instructions at home, (2) recording the duration of each rehabilitation session, and (3) determining the extent to which a patient’s knee can flex in each rehabilitation course. To fulfill these objectives, the developed sensor devices had to be reliable, user friendly, and easy to use and had to enable TKR patients to achieve rehabilitation effects at home similar to those achieved using professional equipment in a hospital.



This paper is organized as follows. In Section 2, the proposed method and hardware design are described, and the procedure for calculating the equivalent range of motion (ROM) is detailed. The way to monitor rehabilitation progress is illustrated in Section 3. The experimental results and discussion are provided in Section 4. The conclusions and future work are presented in the Section 5.




2. Methodology


In the proposed method, after TKR, patients must follow the orthopedist’s or physical therapist’s instructions to strengthen the knee as well as to avoid complications or dislocation of the new joint. Patients may feel uncomfortable while walking or exercising, and their legs and feet may be swollen. Physical therapists will instruct patients to use professional equipment such as the Cybex to restore movement in the knee and leg. The patient’s leg is bound to the arm of the equipment for rehabilitation. On the basis of the wound recovery progress, the arm’s swing speed is adjusted to the optimal speed suitable for the patient’s current knee condition. The equipment automatically records the ROM, indicating the flexion angle of the knee joint, as shown in Figure 1. The performance of the developed sensor device was validated with respect to Cybex.



2.1. Hardware Design


The structure of the proposed system comprises two parts, rehabilitation devices and user information, as shown in Figure 2. The rehabilitation devices were hardware comprising the MPU6050 triaxial accelerometer and gyroscope, a microcontroller, and a Bluetooth module for measuring the knee joint motion. The user information part is an Android-based app designed for displaying rehabilitation-related information for patients.



The developed sensor device is shown in Figure 3. It comprises an ATMEGA328 microcontroller, a MPU6050 module, an Arduino Bluetooth module, a lithium battery (9 V, 650 mAh), and a smartphone. The smartphone is used to receive signals transmitted by the Bluetooth module from the accelerometer and gyroscope. The size of the developed device is 27 mm × 27 mm × 13 mm. To conveniently wear the device on the leg, the device is plugged into a 3D-printed shell 33 mm × 32.5 mm × 16 mm in size. It takes less than 5 sec for a user to wear it. The device can be used up to 17.5 h without recharging. If a patient needs to rehabilitate around an hour per day, the devices can last for at least half a month without recharging. The specifications of the developed sensor device are listed in Table 1. The developed app displays the calculated swing angles to the users on the smartphone. Two sensor devices are worn on the thigh (sensor 1) and ankle (sensor 2), respectively, as shown in Figure 4. In this study, a pair of sensor devices were used for measuring the swing angles for the static mode (patients sitting on the chair for rehabilitation).




2.2. System Flowchart


When the users are ready for rehabilitation, they simply must turn on the devices and select the app to receive signals transmitted from the devices. The system flowchart is presented in Figure 5. To obtain accurate swing angles, we apply the signals from both the accelerometer and gyroscope to a Kalman filter [27,28] for smoothing and using the quaternion to calculate the angles. To quantify the rehabilitation angles in the equivalent ROM, the effect of gravity is removed from the accelerometer so that the real acceleration signals from rehabilitation can be obtained [29]. Once the smartphone receives the transmitted signals, it calculates the angles, performs filtering, and quantifies the swings. The filtering function is used to remove small angles, such as 5°, so that they are not considered as effective swing angles. The number and duration of swings in each rehabilitation course are saved in the system.




2.3. Effect of Gravity on Angle Measurement


When the swing motion is fast, the measured acceleration from the triaxial accelerometer is influenced by the gravity effect and cannot reflect the actual flexion angle of the leg. To realize the effect of gravity on the measurement, some preliminary experiments were performed to remove the gravity effect. When a user sits on a chair flexing the leg at 90° at different velocities, as shown in Figure 4, the swing angles should be located near 90°. However, the detected angles normally ranged between 70°–110°, as shown in Figure 6. The errors were induced by the effect of gravity. Thus, the acceleration signals cannot be directly applied to calculate the swing angles without removing the effect of gravity.



To remove the effect of gravity, we adopted a method used in fall detection that involves applying the SMV [14], which is expressed as follows:


  S M V  ( t )  =    a x     ( t )   2  +  a y     ( t )   2  +  a z     ( t )   2     



(1)




where ax(t), ay(t), and az(t) represent the acceleration values from the X-, Y-, and Z-axes at time t, respectively. The angles between the SMV and the three axes are denoted by ρ, φ, and θ, respectively, as illustrated in Figure 7.



When the triaxial accelerometer detects an object’s motion, it measures forces exerted by the object as well as by gravity. The total force can be expressed as follows:


  A = G + B ⇒  [       a x         a y         a z       ]  =  [       G x  +  B x         G y  +  B y         G z  +  B z       ]   



(2)




where vector A is the sum of vectors G and B, and   A =  [       a x         a y         a z       ]    is the measured acceleration,   G =  [       G x         G y         G z       ]    is the acceleration due to gravity on the three axes, and   B =  [       B x         B y         B z       ]    represents the external force that is caused by the object’s motion. From Equation (2), if we can find the component of gravity on each axis, we can calculate the desired force caused by the object, assuming that acceleration can instantly change with motion, but an object cannot instantly change its orientation. Thus, vector A is oriented in almost the same direction as vector G. Therefore, the projection of vector G on the three axes is expressed as follows:


    G x  ≈ ‖ G ‖ · cos  ( ρ )      G y  ≈ ‖ G ‖ · cos  ( φ )      G z  ≈ ‖ G ‖ · cos  ( θ )    



(3)







The angles ρ, ϕ, and θ can be calculated as follows:


   ρ =   cos   − 1    (     a x       a x    2  +  a y    2  +  a z    2       )     φ =   cos   − 1    (     a y       a x    2  +  a y    2  +  a z    2       )     θ =   cos   − 1    (     a z       a x    2  +  a y    2  +  a z    2       )  .   



(4)







From Equations (2) and (3), we can find the desired forces Bx, By, and Bz. The results from another experiment after removing the effect of gravity are shown in Figure 8. Most of the swing angles were located near 90°. The error was approximately 10°, which is a considerable improvement compared with that in Figure 6. Some deviations of more than 10° from the right angle occurred because the leg did not return exactly to 90°. This experiment validated that the removal of gravity can reduce its effect on the calculation of the acceleration of an object.




2.4. Knee Angle Calculation


This study used a six-axis IMU, which comprises a triaxial accelerometer and triaxial gyroscope [28,30]. The triaxial gyroscope has high accuracy in a short period and sensitivity to motion. However, it exhibits an accumulated error after a long period of measurement, which affects its accuracy. By contrast, the triaxial accelerometer is advantageous because its acceleration is sensitive to change with motion and it has stable measurement accuracy in the long term. We performed Kalman filtering on the rotation angle calculated from the acceleration and the angle integrated from the gyroscope angular velocity to determine the real roll and pitch angles. The rotation angles were calculated from the accelerometer measurements as follows:


  R o l l = t a  n  − 1    (     a Z     a Y     )   



(5)






  P i t c h = t a  n  − 1    (     a X     a Z     )  .  



(6)







The directions of the rotation angles are expressed as shown on the right side of Figure 5. The Z-axis was perpendicular to the ground, therefore it was used as the reference direction for acceleration, which made the rotation direction parallel to the Z-axis. When the X- and Y-axes are rotating with the Z-axis, the measured acceleration should be (0, 0, +1 g). However, this would make determining the yaw angle impossible. To determine the yaw angle, we applied the quaternion calculation.



The quaternion can be expressed as q = w + xi + yj + zk, where (w, x, y, z) are the values of the quaternion. When applied to the six-axis inertia module, the quaternion can be calculated from the acceleration and angular velocity. This study used the MPU6050 inertia sensing module, which includes the quaternion in its functional library. We express the function for retrieving the values of the quaternion to calculate the yaw angle as follows:


  Y a w = t a  n  − 1    (    2  (  w z + x y  )    1 − 2  (   y 2  +  z 2   )     )  .  



(7)







The yaw angles calculated using Equation (7) were not smooth. The raw signals needed to be processed by the Kalman filter to obtain the desired signals.





3. Monitoring Rehabilitation Progress


During a rehabilitation course, the users’ knee motion angle varies over time. The distribution of the swing angles may range, for example, from 60° to 180°. Even if we were to record all motion angles, there is no simple method to quantitatively measure the effect in each rehabilitation course. To resolve this problem, we applied Fuzzy c-means (FCM) to identify the centroid of the acceleration signals so that an equivalent ROM can be calculated to represent the effect of a rehabilitation course.



3.1. Equivalent Angles of Knee Motion from FCM


FCM is one of the commonly used machine learning methods that can softly partition data into the predetermined number of clusters [31]. A datum can be classified into any of the clusters with a membership degree between 0 and 1 under the constraint that the sum of membership degrees should be equal to 1. FCM was applied to calculate the equivalent ROM for the swing angles of rehabilitation. When a pair of the developed sensor devices were worn on the thigh and ankle, as shown in Figure 9, the angle between the thigh and the shank was 180° – θ, where θ is the angle between the shank and the ground.



The triaxial accelerometer is highly sensitive, therefore any vibration or other disturbance during the rehabilitation course causes an abnormal reading from the device. Therefore, before determining the equivalent angles, gravity was removed and the Kalman filter was then applied to preprocess the received signals from the sensor devices. Using the Kalman filter to preprocess the raw acceleration signals can suppress disturbances and smooth them for further analysis. The equivalent ROM was calculated from the centroids G1 and G2, as shown in Figure 10. The steps to calculate the equivalent swing angles are listed as follows:



Step 1: Record the signals from both sensors 1 and 2. The swing effects from the left and right directions were discarded, and only the acceleration signals from Xg and Yg were considered.



Step 2: Use FCM to cluster the signals from each sensor into three groups, represented by fcm1i and fcm2j for i, j = 1, 2, 3.



Step 3: Find the centroid from each sensor device and represent the pair as (G1, G2).



Step 4: Perform basic operations on inverse trigonometric functions to calculate the equivalent ROM from the centroid pair (G1, G2) as follows:


   θ  G 1   =   tan   − 1    |    −  Y 1     X 1     |  .  



(8)






   θ  G 2   =   tan   − 1    |    −  Y 2     X 2     |  .  



(9)






  E q u i R O M =  θ  G 2   −  θ  G 1   .  



(10)








3.2. Monitoring the Effect of Rehabilitation


An Android smartphone was used to receive and record signals transmitted from the developed sensor devices. The users needed to input some basic information, such as name, age, gender, and the preferred animation type (boat, cow, or car) at the first time of use. The designs for the animation types were based on the fact that most elderly people living in the vicinity of the hospital were fishermen, farmers, and retirees. After this information was input, the smartphone was paired with the sensor devices via Bluetooth, as shown in the lower part of the start page. Once paired successfully, the smartphone was ready to receive and analyze the signals transmitted from the sensor devices. An orthopedist can simultaneously track and monitor a patient’s rehabilitation status. If a patient does not follow the instructions, the orthopedist can actively contact the patient to determine what the problems are.



The maximum swing angle is displayed sequentially in the lower part of the smartphone screen each time, as shown in Figure 11. Properly recording the swing time is crucial for clustering the angles and evaluating whether regular rehabilitation is performed. The counter for each rehabilitation course is highly useful for monitoring recovery progress, as the orthopedist can refer to the counter to decide whether to adjust the rehabilitation course. The counter for each rehabilitation course is also displayed on the screen. We use a color bar to display the percentage of completion of the designated course. The selected animation type, for example a car, moves upon each swing. This approach encourages the patient to continue exercising; otherwise, the car stops moving.



To monitor the effect of rehabilitation, a line chart is used to display each swing angle on the screen, which represents a considerable improvement over the current rehabilitation system in which patients must wait before receiving an examination report. Furthermore, quantile plots are presented to display the swing angles in ascending order as well as to quantitatively compare whether there is noticeable progress after the designated course.




3.3. Quantile Plot for Swing Progress


To quantitatively monitor the long-term progress of rehabilitation, we used a quantile plot to display the swing angles on the app. After the completion of one exercise course, the swing angles were saved in the memory and displayed as a line plot in the app, as shown in Figure 12a. The lower part of the screen in Figure 12a showed that the subject performed 52 swings with an average angle of 82.11°. For validating the effect on rehabilitation, the swing angles were rearranged in ascending order. For illustration, two dotted line plots are compared in Figure 12b, where the X-axis represents the percentage of swing angles, and the Y-axis represents the corresponding angles. A line drawn perpendicular to 50% (f = 0.5) intersects with the bottom curve at an angle of 60° and with the upper curve at 75°. This implies that the first 50% of the swing angles were lower than 60° in the first rehabilitation course, whereas the leg flexion angle improved to 75° in the second rehabilitation course, indicating progress. By contrast, the swing angle remaining low, the line plots being flat, or the plots not having noticeable differences relative to the previous plots for a long time indicates either that the surgery was not completely successful or that the replaced knee joint gradually hardened. This may require immediate intervention by orthopedists to identify the problems.





4. Experimental Results and Analysis


From June 2015 to May 2016, 35 subjects (11 without using Cybex and 24 using Cybex) aged 20–85 years were enrolled for the experiments at Chang Gung Memorial Hospital, Chiayi Branch, Taiwan. Written informed consent was obtained from all subjects. This study was approved by the Institutional Review Board of the Chang Gung Foundation (IRB-104-3347B). The research was conducted according to the principles of the Declaration of Helsinki. A detailed personal history review, general health examination, and lifestyle questionnaire were administered for all subjects.



4.1. Results from Subjects Without Using Cybex


Before using the hospital equipment, 11 participants were invited to test the effectiveness of the developed sensor devices in the laboratory. The characteristics of the 11 participants are listed in Table 2. Two sensors were worn on the thigh and ankle, as shown in Figure 4. Each participant sat on a chair and flexed the leg back and forth at approximately 90° 20 times. The swing angles and number of swings from one of the participants are shown in Figure 13. The outcome showed no error in counting the swings from all 11 participants. This validated the accuracy of the developed sensor device.




4.2. Equivalent ROM


Cybex is a motorized equipment used in the hospital and its swing speed can be manually adjusted to meet the user’s need. Experiments were then performed using professional rehabilitation equipment, Cybex, as a benchmark. To validate the effectiveness of the proposed system, only one sensor had to be worn at the shank during swings driven by Cybex, as shown in Figure 14. The patient’s leg was bound tightly to the arm of Cybex so that the precise ROM could be recorded. When sensor 1 was worn on the thigh and sensor 2 was worn on the ankle, sensor 1 did not have any effect on the calculation of the ROM because it remained still on the chair and did not have freedom of movement. Although we tested two sensors, there was no noticeable difference in the experimental results. However, two sensor devices were required for calculating the equivalent ROM in home-based rehabilitation. The smaller the difference between the detected angle and the ROM of Cybex, the higher the accuracy of the proposed system is.



There were 16 healthy control subjects, namely eight men aged 59–66 years, six women aged 20–30 years, one woman aged 53 years, and one woman aged 65 years. Table 3 shows the control subjects’ characteristics. Table 4 shows the eight TKR subjects’ characteristics, where TKR (month) in the last row represents the time after surgery.



Each subject wore one sensor device on the right shank and participated in experiments at angular speeds of 25°/s, 60°/s, and 180°/s for swings driven by Cybex. The three controlled speeds corresponded to normal walking speed, running speed, and athlete speed, respectively. The experiment was repeated five times at each angular speed. Then, the subjects repeated the process for the left leg. Only the maximum angle was saved in the database in each swing. Thus, ten data were collected from each subject on both legs at each angular velocity. The experiments were designed to verify the accuracy of the sensor devices with reference to Cybex as the benchmark.



The proposed method was used to calculate the equivalent ROM. The subjects sat on a chair, therefore only the lower limb swung with the equipment. On the basis of the distribution of sensor signals from the accelerometers, where the Y-axis signals were located in the proximity of 0, we could identify that sensor 1 was worn on the thigh and sensor 2 was worn on the ankle. For the example of one experiment course shown in Figure 10, the centroid based on three cluster centers from FCM can be determined to be G1 = (10.263,−0.152) and G2 = (1.263,−9.64) for sensor 1 and sensor 2, respectively. According to Equations (4)–(6), we can calculate the equivalent ROM as 81.687°. For calculating the rest of the angles, we followed the procedures stated here.




4.3. Results from Healthy Control Subjects


In total, 160 swing angles should have been received for each angular speed from the 16 healthy control subjects. However, in some experiments, sensor data were not received successfully due to some unexpected situations such as the sensor not being worn tightly and sliding during swings. After these abnormal data were removed, 135 swing angles were available at each angular speed. The ROM is plotted in Figure 15a–c for the three speeds, respectively. The average absolute ROM errors with respect to the Cybex reference equipment were 2.90°, 3.51°, and 4.00° at the three different angular speeds, as shown in Table 5. Although the average absolute errors were acceptable from the orthopedist’s viewpoint, the results showed that the average absolute errors (accuracy) increased (decreased) with the angular speed of Cybex. This can be attributed to two reasons: The first was missed capturing of the maximum swing angle from the Cybex equipment because the sensed signals needed to be transmitted from the device to the smartphone via Bluetooth. The current sampling rate from the sensor device was 100 Hz. There was a trade-off between the sampling rate and the overhead on the smartphone memory. At the instance when the Cybex maximum angle was not captured exactly by the device, calculation error occurred. The second reason was vibration from the subject’s leg. The leg was bound tightly to the Cybex arm, therefore subjects sometimes consciously resisted the swing, causing vibration at the turning point of the maximum swing. The vibration may also induce errors in the sensor devices because they are sensitive to any movement.



We also calculated the correlation coefficients between the two measurement systems under three angular speeds, 25°/s, 60°/s, and 180°/s shown in Figure 14, to be 0.975, 0.969, and 0.967, respectively. These coefficients indicated high consistency between the proposed system to the Cybex reference equipment used in the hospital.




4.4. Results from TKR Subjects


Eight TKR subjects aged 60–85 years participated in the experiments. They were instructed to perform the same experiments as the healthy control subjects. For each angular speed, 80 swing angles should have been received from the eight TKR subjects. After the removal of nine abnormal data, 71 swing angles remained available at each angular speed. The ROM is plotted in Figure 16a–c for the three speeds, respectively. The average absolute ROM errors with respect to the Cybex reference equipment were 1.65°, 2.74°, and 3.27° at the three angular speeds, respectively, as shown in Table 6. Compared with the healthy subjects, the accuracies for the TKR subjects were similar but the average absolute swing errors were smaller. This may be because they had used the equipment before, and thus they were more relaxed during the experiments and did not exert as much counterforce during the swing.



Correlation coefficients between the two measurement systems under three angular speeds shown in Figure 15 were calculated to be 0.993, 0.982, and 0.986, respectively. Again, they implied high correlation between the proposed system to the Cybex reference equipment.



After completing the rehabilitation on Cybex, each TKR subject sat on the chair to flex the leg back and forth approximately 90° 20 times. This was designed to simulate the rehabilitation scenario at home. The results showed no error in counting the swings from all subjects.





5. Conclusions and Future Work


Monitoring whether TKR patients are rehabilitated after the surgery remains a major concern for orthopedists. Without continuing rehabilitation, full recovery is delayed and the weak knee joint may affect the mobility of the patients, resulting in an urgent need for new devices or methods to overcome these problems. In this paper, an effective method is proposed to resolve the problems using three approaches: (1) monitoring whether the TKR patients follow the rehabilitation instructions at home, (2) automatically recording the duration of the rehabilitation course, and (3) saving the flexion angles and monitoring the progress from each rehabilitation course.



The proposed sensor device has social benefits and advantages such as usability without spatiotemporal constraints, reduction of frequency returning to the hospital for inpatient services, saving medical expenses, and accuracy in monitoring the rehabilitation progress. The developed sensor devices can be easily worn on the thigh and ankle, and the proposed method can calculate the number of swings and the equivalent ROM from each rehabilitation course. This fulfills the second and third goals of this study. An app was designed to display the swing angles so that users can track the effect of rehabilitation. The orthopedist can also monitor the progress of rehabilitation, thereby fulfilling the first goal of this study. The experimental results show that the average absolute swing errors from the TKR subjects were between 1.65° and 3.27° and that the accuracies were between 98.09% and 96.16% at different angular speeds.



Although the developed sensor devices are small and lightweight, they must be placed into a shell, and Velcro and an elastic belt are required to wear them on the leg. The hardware is proposed to be modified into a chip in the future. Furthermore, the developed devices are under investigation for other medical applications, such as rehabilitation for frozen shoulder, measuring trembling in Parkinson’s disease, identifying gait and joint patterns during walking, evaluating medial/lateral load or possible excessive stress shielding growth, and sport applications such as pitching pattern identification and adjustment.







Author Contributions


Methodology, Y.-P.H. and Y.-Y.L.; software, Y.-Y.L.; validation, Y.-P.H., W.-H.H., L.-J.L., and M.S.L.; formal analysis, Y.-P.H. and Y.-Y.L.; investigation, Y.-P.H., Y.-Y.L., and W.-H.H.; resources, Y.-P.H., W.-H.H., L.-J.L., and M.S.L.; data curation, Y.-P.H. and Y.-Y.L.; writing—original draft preparation, Y.-P.H. and Y.-Y.L.; writing—review and editing, Y.-P.H.; visualization, Y.-Y.L.; supervision, Y.-P.H., W.-H.H., and L.-J.L.; project administration, Y.-P.H., W.-H.H., L.-J.L., and M.S.L.; funding acquisition, Y.-P.H., W.-H.H., L.-J.L., and M.S.L. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the Ministry of Science and Technology, Taiwan, under Grants MOST108-2221-E-027-111-MY3, MOST107-2221-E-027-113- and MOST108-2321-B-027-001-, and by the Chang Gung Memorial Hospital Foundation CORPG6E1551-2.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Baird, C. Self-caring of women with osteoarthritis living at different levels of independence. Health Care Women Int. 2003, 24, 617–634. [Google Scholar] [CrossRef] [PubMed]

	



Available online: http://jtfhealth.pixnet.net/blog/post/37419968 (accessed on 15 August 2019). (In Chinese).

	



Available online: https://orthoinfo.aaos.org/en/treatment/total-knee-replacement/ (accessed on 12 August 2019).

	



Available online: https://www.cgmh.org.tw/cgmn/category.asp?id_seq=1608036#.XEsUd0xuJZU (accessed on 10 August 2019). (In Chinese).

	



Zhang, Z.; Liparulo, L.; Panella, M.; Gu, X.; Fang, Q. A fuzzy kernel motion classifier for autonomous stroke rehabilitation. IEEE J. Biomed. Health Inf. 2016, 20, 893–901. [Google Scholar] [CrossRef] [PubMed]

	



Jones, P.; Woodgate, S.; Williams, D.; Biggs, P.; Nicholas, K.; Button, K.; Corcoran, P.; Holt, C. Distinguishing between knee rehabilitation exercises using inertial measurement units. Osteoarthr. Cartil. 2018, 26, S380–S381. [Google Scholar] [CrossRef]

	



Bahadori, S.; Immins, T.; Wainwright, T.W. A review of wearable motion tracking systems used in rehabilitation following hip and knee replacement. J. Rehabil. Assist. Technol. Eng. 2018, 5, 1–8. [Google Scholar] [CrossRef]

	



Friedman, N.; Rowe, J.B.; Reinkensmeyer, D.J.; Bachman, M. The manumeter: A wearable device for monitoring daily use of the wrist and fingers. IEEE J. Biomed. Health Inf. 2014, 18, 1804–1812. [Google Scholar] [CrossRef]

	



Mariani, B.; Rochat, S.; Büla, C.J.; Aminian, K. Heel and toe clearance estimation for gait analysis using wireless inertial sensors. IEEE Trans. Biomed. Eng. 2012, 59, 3162–3168. [Google Scholar] [CrossRef]

	



Van Der Straaten, R.; De Baets, L.; Jonkers, I.; Timmermans, A. Mobile assessment of the lower limb kinematics in healthy persons and in persons with degenerative knee disorders: A systematic review. Gait Posture 2018, 59, 229–241. [Google Scholar] [CrossRef]

	



Kontadakis, G.; Chasiouras, D.; Proimaki, D.; Halkiadakis, M.; Fyntikaki, M.; Mania, K. Gamified platform for rehabilitation after total knee replacement surgery employing low cost and portable inertial measurement sensor node. Multimed. Tools Appl. 2018, 79, 3161–3188. [Google Scholar] [CrossRef]

	



Seel, T.; Raisch, J.; Schauer, T. IMU-based joint angle measurement for gait analysis. Sensors 2014, 14, 6891–6909. [Google Scholar] [CrossRef]

	



Bakhshi, S.; Mahoor, M.H.; Davidson, B.S. Development of a body joint angle measurement system using IMU sensors. In Proceedings of the 33rd Annual International Conference of the IEEE Engineering in Medicine and Biology Society, Boston, MA, USA, 30 August–3 September 2011; pp. 6923–6926. [Google Scholar]

	



Huang, Y.-P.; Liu, W.-H.; Chen, S.-Y.; Sandnes, F.E. Using type-2 fuzzy models to detect fall incidents and abnormal gaits among elderly. In Proceedings of the IEEE International Conference on Systems, Man and Cybernetics, Manchester, UK, 13–16 October 2013; pp. 3441–3446. [Google Scholar]

	



Hsu, Y.-L.; Chung, P.-C. (Julia); Wang, W.-H.; Pai, M.-C.; Wang, C.-Y.; Lin, C.-W.; Wu, H.-L.; Wang, J.-S. Gait and balance analysis for patients with Alzheimer’s disease using an inertial-sensor-based wearable instrument. IEEE J. Biomed. Health Inf. 2014, 18, 1822–1830. [Google Scholar] [CrossRef]

	



Bei, S.; Zhen, Z.; Xing, Z.; Taocheng, L.; Qin, L. Movement disorder detection via adaptively fused gait analysis based on Kinect sensors. IEEE Sens. J. 2018, 18, 7305–7314. [Google Scholar] [CrossRef]

	



Cole, B.T.; Roy, S.H.; De Luca, C.J.; Nawab, S.H. Dynamical learning and tracking of tremor and dyskinesia from wearable sensors. IEEE Trans. Neural Syst. Rehabil. Eng. 2014, 22, 982–991. [Google Scholar] [CrossRef]

	



Kluge, F.; Gaßner, H.; Hannink, J.; Pasluosta, C.; Klucken, J.; Eskofier, B.M. A determination method for gait event based on acceleration sensors. Sensors 2019, 19, 5499. [Google Scholar]

	



Teufl, W.; Lorenz, M.; Miezal, M.; Taetz, B.; Fröhlich, M.; Bleser, G. Towards inertial sensor based mobile gait analysis: Event-detection and spatio-temporal parameters. Sensors 2018, 19, 38. [Google Scholar] [CrossRef]

	



Müller, B.; Ilg, W.; Giese, M.A.; Ludolph, N. Validation of enhanced kinect sensor based motion capturing for gait assessment. PLoS ONE. 2017, 12, e0175813. [Google Scholar] [CrossRef]

	



Lorenzi, P.; Rao, R.; Romano, G.; Kita, A.; Irrera, F. Mobile devices for the real-time detection of specific human motion disorders. IEEE Sens. J. 2016, 16, 8220–8227. [Google Scholar]

	



Gholami, F.; Trojan, D.A.; Kövecses, J.; Haddad, W.M.; Gholami, B. A Microsoft Kinect-based point-of-care gait assessment framework for multiple sclerosis patients. IEEE J. Biomed. Health Inf. 2017, 21, 1376–1385. [Google Scholar] [CrossRef]

	



Kun, L.; Inoue, Y.; Shibata, K.; Enguo, C. Ambulatory estimation of knee-joint kinematics in anatomical coordinate system using accelerometers and magnetometers. IEEE Trans. Biomed. Eng. 2011, 58, 435–442. [Google Scholar] [CrossRef]

	



Milosevic, M.; McConville, K.M.V.; Sejdic, E.; Masani, K.; Kyan, M.J.; Popovic, M.R. Visualization of trunk muscle synergies during sitting perturbations using self-organizing maps (SOM). IEEE Trans. Biomed. Eng. 2012, 59, 2516–2523. [Google Scholar] [CrossRef]

	



Han, Y.C.; Wong, K.I.; Murray, I. Gait phase detection for normal and abnormal gaits using IMU. IEEE Sens. J. 2019, 19, 3439–3448. [Google Scholar] [CrossRef]

	



Hanakova, L.; Kutilek, P.; Socha, V.; Skoda, D.; Takac, P.; Schlenker, J.; Svoboda, Z. An evaluation method of complex movement of the arm during walking based on gyroscope data and angle-angle diagram. In Proceedings of the 38th International Conference on Telecommunications and Signal Processing, Prague, Czech Republic, 9–11 July 2015; pp. 397–402. [Google Scholar]

	



Wang, L.; Liu, Z.; Chen, C.L.P.; Zhang, Y.; Lee, S.; Chen, X.A. UKF-based predictable SVR learning controller for biped walking. IEEE Trans. Syst. Man Cybern. Syst. 2013, 43, 1440–1450. [Google Scholar] [CrossRef]

	



Zihajehzadeh, S.; Park, E.J. A novel biomechanical model-aided IMU/UWB fusion for magnetometer-free lower body motion capture. IEEE Trans. Syst. Man Cybern. Syst. 2017, 47, 927–938. [Google Scholar] [CrossRef]

	



Wang, W.; Hou, Z.-G.; Cheng, L.; Tong, L.; Peng, L.; Peng, L.; Tan, M. Toward patients’ motion intention recognition: Dynamics modeling and identification of iLeg—An LLRR under motion constraints. IEEE Trans. Syst. Man Cybern. Syst. 2016, 46, 980–992. [Google Scholar] [CrossRef]

	



Ahmed, H.; Tahir, M. Improving the accuracy of human body orientation estimation with wearable IMU sensors. IEEE Trans. Instrum. Meas. 2017, 66, 535–542. [Google Scholar] [CrossRef]

	



Huang, Y.-P.; Singh, P.; Kuo, H.-C. A hybrid fuzzy clustering approach for the recognition and visualization of MRI images of Parkinson’s disease. IEEE Access 2020, 8, 25041–25051. [Google Scholar] [CrossRef]








[image: Sensors 20 01703 g001 550] 





Figure 1. Range of motion (ROM). 
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Figure 2. Structure of the proposed system. 
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Figure 3. Developed sensor device. 
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Figure 4. Two sensors worn on the thigh and ankle. 
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Figure 5. Proposed system flowchart. 
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Figure 6. Detected angles affected by gravity at different swing velocities. Note that Acc X (unit: g) and Acc Y (unit: g) represent the measured acceleration from x- and y-direction of the accelerometer, respectively. 
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Figure 7. Angles between the signal magnitude vector (SMV) and the three axes. 
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Figure 8. Detected angles after removing the gravity at different swing speeds. Note that Acc X (unit: g) and Acc Y (unit: g) represent the measured acceleration from x- and y-direction of the accelerometer, respectively. 
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Figure 9. Equivalent angle of knee motion. 
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Figure 10. Equivalent ROM. 
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Figure 11. Rehabilitation interface. 
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Figure 12. Comparisons of swing progress in quantile plots. 
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Figure 13. Swing angles and number of swings from one of the participants. Note that the horizontal axis represents the index of sequentially collected sensor signals. 
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Figure 14. Experimental setup. 
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Figure 15. Comparisons of ROM for healthy control subjects at three speeds. 
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Figure 16. Comparisons of ROM for TKR subjects at three speeds. 
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Table 1. Specifications of the developed sensor device.
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	Size
	33 mm × 32.5 mm × 16 mm



	MCU
	ATMEGA328P



	IMU
	GY-521(MPU6050)



	Bluetooth
	Arduino HC06



	Battery
	Lithium battery 7.4 V



	Endurance
	17.5 h
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Table 2. Eleven subjects’ characteristics.
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	Gender
	M
	F



	Number
	7
	4



	Age (years)
	33.71 ± 13.50
	42.25 ± 12.97



	Height (cm)
	172.29 ± 8.10
	154.50 ± 4.33



	Weight (Kg)
	70.29 ± 7.83
	53.00 ± 1.87



	Knee
	Normal
	Normal
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Table 3. Healthy control subjects’ characteristics.
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	Gender
	M
	F



	Number
	8
	8



	Age (years)
	64 ± 9.97
	32.13 ± 16.06



	Height (cm)
	162.13 ± 2.52
	159.38 ± 3.28



	Weight (Kg)
	68.39 ± 4.33
	54.5 ± 4.15



	Knee
	Normal
	Normal
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Table 4. Total knee replacement (TKR) subjects’ characteristics.
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	Gender
	M
	F



	Number
	2
	6



	Age (years)
	63.00 ± 3.00
	70.67 ± 8.24



	Height (cm)
	161.70 ± 5.7
	150.82 ± 3.75



	Weight (Kg)
	79.10 ± 9.10
	57.43 ± 6.89



	TKR (month)
	7.50 ± 4.50
	24.17 ± 16.80
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Table 5. Average errors for healthy control subjects at three angular speeds.
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	Cybex
	25°/s
	60°/s
	180°/s



	Average absolute error (degree)
	2.90
	3.51
	4.00



	Standard Deviation (degree)
	2.57
	2.67
	2.49



	Accuracy (%)
	97.01
	96.31
	95.77
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Table 6. Average errors for TKR subjects at three angular speeds.
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	Cybex
	25°/s
	60°/s
	180°/s



	Average absolute error (degree)
	1.65
	2.74
	3.27



	Standard Deviation (degree)
	1.29
	2.05
	1.54



	Average accuracy (%)
	98.09
	96.71
	96.16
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